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Abstract

Knee osteoarthritis (OA) is a proli ¢ and devastating disease. The processes leading to the development
of OA are poorly understood, but periarticular bone adaptations are theorized to play an important role.
High-resolution peripheral quantitative computed tomography (HR-pQCT) can resolve human bone microar-
chitecture in vivo, and is uniquely suited to investigate these hypotheses. This thesis develops automated
methods for quantifying bone microarchitecture at the knee with HR-pQCT. First, a deep learning work ow
is developed for segmenting bone compartments in HR-pQCT images of the distal radius and tibia using data
from a large normative cohort, achieving excellent accuracy and equal or better precision than the established
semi-automated work ow. Building on this, a deep learning algorithm for segmenting subchondral and trabec-
ular bone in HR-pQCT images of the knee is developed using similar methods and an atlas-based segmentation
work ow is developed for automatic contact surface identi cation, again achieving excellent accuracy and
improved precision compared to the established work ow. Separately, a large dataset is leveraged to analyze
the statistical and geometric interdependence of four parameters that quantify trabecular microarchitecture,
and evidence is found that these four parameters represent only two true degrees of freedom, with important
implications for inferential testing and study design. Next, an alternative, model-based method for measuring
cortical thickness and subchondral bone plate thickness on HR-pQCT is developed by reformulating Cortical
Bone Mapping as a global optimization with spatial regularization of tted parameters. Finally, methods
developed herein are applied to study the one-year changes in periarticular bone microarchitecture in the knee
following both ACL injury and surgery. The main e ects for the injured side are consistent with theory, but
the contrasts for OA risk factors are not signi cant while contrasts for baseline microarchitectural factors are.
This evidence suggests that the e ects of OA risk factors on OA pathogenesis may be mediated through the
state of the microarchitecture at the onset of OA development, rather than directly impacting tissue changes

that lead to OA from a common baseline state.
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This thesis is manuscript-based, and contains multi-authored works that have been published or are at various

stages of the publication submission process.
Chapter 1. An introduction that motivates and describes the objectives and contributions of the thesis.

Chapter 2: A review of some of the relevant recent literature that motivated and informed the work in

this thesis.

Chapter 3: A manuscript-based research chapter concerning automating segmentation of distal radius
and tibia HR-pQCT images. Published as Neeteson et al. (2023), it has been slightly modi ed to tthe format
of the thesis. Dr. Besler assisted the author with the conception of the project. Drs. Besler and Whittier
assisted the author with creating the experimental plan. Dr. Whittier assembled and inspected the datasets.
The author developed the algorithms, wrote the code, conducted the experiments, analyzed the data, and
wrote the manuscript. Dr. Boyd supervised and provided project administration. All authors reviewed and

edited the manuscript.

Chapter 4: A manuscript-based research chapter concerning an investigation of the interdependence of
four of the standard microarchitectural parameters. Published as Neeteson et al. (2024a), it has been slightly
modi ed to tthe format of the thesis. The author conceptualized the project, developed the methodology,
performed the investigation and formal analysis, generated the visualizations, and wrote and reviewed the
manuscript. Annabel Bugbird assisted with the conceptualization, methodology, and analysis, and reviewed
the manuscript. Dr. Burt curated data, assisted with conceptualization and methodology, and reviewed the

manuscript. Dr. Boyd provided supervision, assisted with methodology, and reviewed the manuscript.
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Chapter 5: A manuscript-based research chapter concerning the automation of the peri-articular analysis
work ow for knee HR-pQCT images. Currently in review at Computer Methods and Programs in Biomedicine
as of the writing of this thesis and published as a preprint as Neeteson et al. (2024b). The author conceptualized
and implemented the methods, conducted the experiments, performed the statistical analysis, and wrote
the manuscript. Sasha Hasick recruited participants and organized collection of the new in vivo data, and
processed the new data. Dr. Souza provided input into method conceptualization and investigation. Dr.
Boyd provided input into method conceptualization and investigation, and provided supervision and project

administration. All authors reviewed the manuscript.

Chapter 6: A manuscript-based research chapter concerning a novel evolution of the model- tting
approach for measuring cortical thickness. Currently in review at Computers in Biology and Medicine
as of the writing of this thesis. The author conceptualized and implemented the methods, conducted the
experiments, performed the statistical analysis, and wrote the manuscript. Dr. Boyd provided input into
method conceptualization and investigation, and provided supervision and project administration. Both

authors reviewed the manuscript.

Chapter 7: A manuscript-based research chapter investigating the one-year changes in knee bone
microarchitecture that follow ACL injury and reconstructive surgery. Currently in review at Bone. The
author conceptualized the sub-study, processed the data, created the data reduction and modelling work ow,
analyzed the data, generated the visualizations, and wrote the original manuscript. Drs. Boyd, Manske, and
Walker conceptualized the original longitudinal study from which data was sampled, and Annie Bugbird and
Callie Stirling assisted with data processing. Nina Pavlovic coordinated the study, pulled data from surgical
records, and created a recruitment owchart. All co-authors provided feedback and input into the statistical

modelling design and gave feedback on the nal manuscript.

Chapter 8: A summary of the signi cance and limitations of the work presented in the thesis and

speculations on directions for future work.
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Chapter 1

Introduction

"Begin at the beginning," the King
said, very gravely, "and go on till you

come to the end: then stop.”

Lewis Carroll

1.1 Motivation

Osteoarthritis (OA) is a degenerative joint disease characterized by the degradation of articular cartilage.
This progressive degradation causes a variety of life-altering symptoms that include pain, joint swelling, and
reduced range of motion in the a ected joint (Arden et al., 2014). In the knee speci cally, OA symptoms lead
to reduced mobility and an inability to participate in many physical activities, diminishing quality of life
(QOL).

Risk factors in uencing the development of knee OA are not fully understood. However, a signi cant
association has been observed with anterior cruciate ligament (ACL) injury: between 10% to 90% of those
who su er an ACL injury experience the onset of post-traumatic knee OA (knee PTOA) within 10 to 20 years
(Dare and Rodeo, 2014; Lohmander et al., 2007). It has been hypothesized that a connection between ACL
injury and knee PTOA lies in the bone adaptation response to injury. In the distal femur and proximal tibia,
structural changes could propagate to the subchondral bone plate and lead to the degradation of articular
cartilage. Using high resolution in vivo imaging, we can investigate how peri-articular bone responds at the

microscale in the months and years after trauma, and how this may lead to PTOA.
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Knee OA is currently diagnosed clinically and supported radiographically using a combination of standard
radiography and magnetic resonance imaging (MRI) (Altman et al., 1986; Hefti et al., 1993; Guermazi
et al., 2013). However, these radiographic criteria are insensitive to early OA-related joint changes. A
more thorough understanding of the pathophysiology and aetiology of knee PTOA is necessary to facilitate
the development of biomarkers and diagnostic protocols to catch the development of knee PTOA before
the cartilage has degraded irreparably and QOL-impacting symptoms have begun. ACL injury provides a
unique window of opportunity to prospectively study biomechanical processes that may be related to the
incipience of OA, whether post-traumatic or idiopathic. If bone remodeling does play a signi cant role in
the pathophysiology of OA, and the speci c character of the changes can be described, not only will this
deepen our understanding of the aetiology of OA, but it may also be possible to develop pharmacotherapeutic
interventions to reduce the incidence of early-onset PTOA in those who tear their ACL at a relatively young
age.

Quanti cation of in vivo bone density and microarchitecture in the human knee using high-resolution
peripheral quantitative computed tomography (HR-pQCT) is relatively new (Kroker et al., 2017b, 2019;
Shiraishi et al., 2020), and building and retaining large cohorts is di cult to due to the logistics of recruiting
participants soon after an ACL tear, the demands of HR-pQCT knee imaging on participants, and the relatively
small number of sites where HR-pQCT equipment is available. It is thus necessary to develop new tools for
robust, e cient processing of study data and to maximize the precision, accuracy, physiological relevance,
and statistical power of the subsequent analyses, to streamline and standardize analysis work ows and to

make the absolute most of the data that we can collect.

1.2 Research Objectives

1. Automate segmentation of cortical and trabecular bone in distal radius and tibia HR-pQCT
images: The distal radius and tibia are the primary sites for in vivo HR-pQCT imaging. The standard
semi-automated segmentation protocol is tedious and laborious and introduces signi cant inter-operator
biases into study data, hindering both multi-center research and the clinical viability of the technology.
Automating this protocol using deep learning will have immediate positive impacts on research
work ow, and will serve as a pilot project to prove feasibility of eventually automating segmentation

and analysis of knee HR-pQCT images.
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2. Investigate the interdependence of the trabecular bone segmentation-based microarchitectural
parameters: Currently, the peri-articular analysis of knee HR-pQCT generates a large volume of data
for each participant, as does standard microarchitectural analysis at typical distal sites (although to a far
lesser degree). Further, it is a typical practice for health researchers using HR-pQCT to use all the
standard microarchitectural parameters output by the manufacturer-provided software for inferential
testing. A rigorous examination of the interdependencies between some of these parameters may raise
awareness of the pitfalls of this statistical practice and motivate researchers to be more careful and

selective of the parameters they choose to use for inferential testing.

3. Automate the peri-articular analysis work ow for knee HR-pQCT images: The typical femur
or tibia HR-pQCT image is an order of magnitude larger (volumetrically) than the typical distal
radius or tibia image and the subchondral bone plate is much thinner than typical distal cortical bone.
The peri-articular analysis further requires the manual de nition of contact surfaces using a GUI
point-picking tool, which technically must then be validated by a specialist physician. These manual
steps introduce signi cant inter- and intra-operator biases in resulting data, even when repeatedly
evaluated on the exact same images. Full automation of the peri-articular analysis work ow for knee
HR-pQCT images should surmount all of these obstacles, allowing for knee HR-pQCT studies to
scale up to include larger cohorts and more time-points, and standardizing the analysis across research

centers.

4. Investigate alternative sub-voxel resolution cortical thickness measurement techniques: The
thickness of the subchondral bone plate at the articular contact surfaces of the femoral condyles
and tibial plateaus varies greatly spatially and between participants, often approaching the limits of
resolution of in vivo HR-pQCT. A model- tting approach for cortical thickness measurement could
simultaneously improve the accuracy and precision of subchondral bone plate thickness measurements,
and further could serve as an additional method for re ning the segmentation of the subchondral bone

plate and trabecular bone from the background.

5. Investigate the one-year changes in bone microarchitecture in the knee that follow ACL injury
and ACL reconstruction surgery and the possible in uence of risk factors on these changes:
It is well known that ACL injury leads to increased prevalence of knee osteoarthritis earlier in life,

but the mechanism of pathogenesis is not well-understood. As the capstone of the thesis, insights
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and developed tools from prior aims are leveraged towards a sub-sample of data from an on-going
longitudinal study to investigate how the peri-articular bone microarchitecture of the femur and tibia of
the injured and contralateral knees change between injury and one year later and ACL reconstructive
surgery and one year later, and whether these changes co-vary with some known osteoarthritis risk

factors.

1.3 Thesis Outline

This manuscript-based thesis contains eight chapters in total. Chapter 1 introduces and motivates the thesis
research, gives the objectives of the thesis, and provides an overview of the content of the thesis and the
contributions to science and open-source software during the course of the research. Chapter 2 reviews
some of the relevant recent literature that motivated and informed the research in this thesis. Chapter 3
addresses Research Objective 1 by using a combination of deep learning and traditional morphological image
processing techniques to automate segmentation of cortical and trabecular compartments in distal radius and
tibia HR-pQCT images. The model is trained and validated using a large dataset of expert-segmented images,
and the results are validated on the basis of segmentation accuracy and the accuracy and precision of the
resulting morphological analyses. The precision with the new method is statistically signi cantly superior to
the prior gold-standard semi-automated work ow. Chapter 4 addresses Research Objective 2 by using
Principal Component Analysis and multiple linear regression with geometrically informed hypotheses to
demonstrate the statistical interdependence of four standard bone microarchitectural parameters. The results
indicate that only two of the four parameters should be used together for inferential testing in any given
study. Chapter 5 addresses Research Objective 3 by using deep learning (transfer learning), atlas-based
segmentation, longitudinal registration, and traditional morphological image processing techniques to develop
an automated work ow for either cross-sectional or longitudinal peri-articular analysis of knee HR-pQCT
images. The automated work ow is validated for segmentation accuracy and the accuracy and precision of
the morphological analysis outputs. Chapter 6 addresses Research Objective 4 by advancing Cortical Bone
Mapping by reformulating the optimization from a sequential and local operation applied to individual surface
nodes to a parallel global operation applied to all surface nodes simultaneously. Two methods are introduced
for spatially smoothing out the tted model coe cients, either by interpolating model coe cients from a

sparse grid to the surface nodes or by adding a regularization loss that penalizes model parameters for di ering
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from a distance-weighted average of the parameter values at N nearest neighbours. Chapter 7 addresses
Research Objective 5 by investigating the one-year changes in bone microarchitecture following ACL injury
and ACL reconstructive surgery, using the automated work ow from Chapter 5 for data processing, factor
analysis for data reduction, and mixed e ect modelling and counterfactual marginal e ect predictions and
contrasts for statistical modelling and inferential testing. Predictions are generated for the post-injury and
post-surgery cases for the injured and contralateral legs, and contrasts are examined for sex, age at time of
surgery, surgery delay, meniscal status, and the state of the microarchitecture at baseline. Finally, Chapter 8
contains a summary of the signi cance of the work presented in the thesis and speculations on directions for

future work.

1.4 Contributions

This section lists the contributions to science and relevant contributions to open-source software that were

produced by the author during the course of this PhD program.

1.4.1 Peer-Reviewed Publications
1.4.1.1 Asthe Lead Author

1. Nathan J. Neeteson, Bryce A. Besler, Danielle E. Whittier, and Steven K. Boyd. Automatic
segmentation of trabecular and cortical compartments in HR-pQCT images using an embedding-
predicting U-Net and morphological post-processing. Scienti ¢ Reports, 13(1):252, January 2023.
ISSN 2045-2322. doi: 10.1038/s41598-022-27350-0.

2. Nathan J. Neeteson, Annabel R. Bugbird, Lauren A. Burt, and Steven K. Boyd. Statistical investigation
of interdependence of trabecular microarchitectural parameters from micro-computed tomography.

Bone, 187:117144, October 2024a. ISSN 87563282. doi: 10.1016/j.bone.2024.117144.

3. (Pre-print, in review at Computer Methods and Programs in Biomedicine) Nathan J. Neeteson, Sasha
M. Hasick, Roberto Souza, and Steven K. Boyd. Automated quantitative analysis of peri-articular bone

microarchitecture in HR-pQCT knee images, May 2024.
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4.

(Inreview at Computers in Biology and Medicine) Nathan J. Neeteson and Steven K. Boyd. Automated
guantitative analysis of peri-articular bone microarchitecture in HR-pQCT knee images. medrxiv, 2024.

doi: 10.1101/2024.05.20.243076435.

(Submitted to Bone) Nathan J. Neeteson, Annabel R. Bugbird, Callie Stirling, Nina Pavlovic, Sarah
L. Manske, Richard E. A. Walker, and Steven K. Boyd. HR-pQCT measurements of changes in
periarticular bone density and microarchitecture one year after acute knee injury and after reconstructive

surgery, 2024.

1.4.1.2 Asa Contributing Author

1.

Chantal M. J. de Bakker, Tushar Peedikayil, Richard E. A. Walker, Nathan J. Neeteson, Sarah L.
Manske, and Steven K. Boyd. Diagnostic accuracy of a dual-energy computed tomography-based
post-processing method for imaging bone marrow edema following an acute ligamentous knee injury.

Skeletal Radiology, March 2022a. ISSN 0364-2348, 1432-2161. doi: 10.1007/s00256-022-04023-7.

. Nikolas K. Knowles, Nathan Neeteson, Andres Kroker, Richard E.A. Walker, and Steven K. Boyd. A

pilot study of four-year longitudinal bone changes following anterior cruciate ligament reconstructive
surgery using DXA and HR-pQCT. Osteoarthritis Imaging, 2(2):100068, June 2022b. ISSN 27726541.
doi: 10.1016/j.0stima.2022.100068.

. Nikolas K. Knowles, Nathan Neeteson, and Steven K. Boyd. High performance multi-platform com-

puting for large-scale image-based nite element modeling of bone. Computer Methods and Programs

in Biomedicine, 225:107051, July 2022a. ISSN 1872-7565. doi: 10.1016/j.cmpb.2022.107051.

Michael T. Kuczynski, Nathan J. Neeteson, Kathryn S. Stok, Andrew J. Burghardt, Michelle A.
Espinosa Hernandez, Jared Vicory, Justin J. Tse, Pholpat Durongbhan, Serena Bonaretti, Andy Kin On
Wong, Steven K. Boyd, and Sarah L. Manske. ORMIR_xct: A Python package for high resolution
peripheral quantitative computed tomography image processing. Journal of Open Source Software,

9(97):6084, May 2024. 1SSN 2475-9066. doi: 10.21105/joss.06084.

Bryn E. Matheson, Nathan J. Neeteson, and Steven K. Boyd. Establishing error bounds for internal
calibration of quantitative computed tomography. Medical Engineering & Physics, 124:104109,
February 2024. ISSN 13504533. doi: 10.1016/j.medengphy.2024.104109.
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6. Callie E. Stirling, Nathan J. Neeteson, Richard E.A. Walker, and Steven K. Boyd. Deep learning-based
automated detection and segmentation of bone and traumatic bone marrow lesions from MRI following
an acute ACL tear. Computers in Biology and Medicine, 178:108791, August 2024. ISSN 00104825.
doi: 10.1016/j.compbiomed.2024.108791.

1.4.2 Conferences

1. (Poster) Nathan J. Neeteson, Bryce A. Besler, Danielle E. Whittier, and Steven K. Boyd. Automatic
Segmentation of Cortical and Trabecular Bone Compartments in HR-pQCT Scans Using a Fully
Convolutional Neural Network and Morphological Post-Processing. American Society of Bone Mineral

Research Annual Meeting, Virtual. October 1, 2021.

2. (Oral) Nathan J. Neeteson, Bryce A. Besler, Danielle E. Whittier, and Steven K. Boyd. HR-pQCT
Images Can be Accurately, Precisely, and Automatically Segmented Using a Fully Convolutional
Neural Network and Morphological Post-processing. 23rd International Workshop on Quantitative

Musculoskeletal Imaging, Nordw...k, Netherlands. June 16, 2022.

3. (Oral) Nathan J. Neeteson and Steven K. Boyd. Automation of segmentation of trabecular and cortical
compartments in HR-pQCT knee images using deep learning models pretrained on standard distal
HR-pQCT images Canadian Arthritis Research Conference: Research Presentation Days, Virtual.

February 6, 2023.

4. (Poster) Nathan J. Neeteson and Steven K. Boyd. Automating Quantitative Analysis of Peri-articular
Bone Microarchitecture in HR-pQCT Knee Images using Deep Learning and Atlas-Based Segmentation.
American Society of Bone Mineral Research Annual Meeting, Vancouver, BC, Canada. October 15,

2023.

5. (Oral) Nathan J. Neeteson, lan Smith, and Steven K. Boyd. Seamless Integration of External Deep
Learning-Based Image Analysis Pipelines into the Standard HR-pQCT User Work ow. Scanco User
Meeting, Vancouver, BC, Canada. October 17, 2023.

6. (Oral) Nathan J. Neeteson, Sasha Hasick, and Steven K. Boyd. Deep learning and atlas-based
segmentation automates quantitative analysis of bone quality in knee HR-pQCT. Canadian Arthritis

Research Conference: Research Presentation Days, Virtual. April 2, 2024.
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7. (Oral) Nathan J. Neeteson, Annabel R. Bugbird, Callie Stirling, Nina Pavlovic, Sarah L. Manske,
Richard E. A. Walker, and Steven K. Boyd. Changes in periarticular bone density and microarchitecture
in the human knee one year after acute ACL injury and one year after ACL reconstruction surgery.

Canadian Society of Biomechanics Conference, Edmonton, AB, Canada. Aguust 20, 2024.

8. (Abstract, upcoming) Nathan J. Neeteson, Annabel R. Bugbird, Callie Stirling, Nina Pavlovic, Sarah
L. Manske, Richard E. A. Walker, and Steven K. Boyd. One-year bone changes following acute ACL
injury and reconstructive surgery: automated human knee analysis using HR-pQCT. 24th International

Workshop on Quantitative Musculoskeletal Imaging, The Barossa Valley, Australia. November 3, 2024.

1.4.3 Open-Source Software
1.4.3.1 Packages Created

HR-pQCT-Segmentation: Python code for automatically segmenting distal radius and tibia HR-pQCT

images using deep learning and morphological post-processing, described in Chapter 3.

bonelab-pytorch-lightning: An installable package containing Dataset components, Transforms,
LightningModules, etc. for pre-processing images and training deep learning models for segmentation

of HR-pQCT images with PyTorch, PyTorch Lightning, and MONAI. Used in Chapter 5.

HRpQCT-Knee-Seg: An installable package to automate periarticular analysis of knee HR-pQCT
images with trained models for segmentation and atlas-based registration for contact surface de nition.

Developed in Chapter 5 and used in Chapter 7.

1.4.3.2 Packages Contributed to

bonelab: This is the lab repository, to which I contributed a number of command-line utilities:
blAutocontour: Python reimplementation of the standard IPL autocontour algorithm developed
by Buie et al. (2007) and re ned by Burghardt et al. (2010).

bIRegistrationDemons: Utility for doing multi-scale deformable registrations with the Demons

(and variant) algorithms using SITK. Used in Chapters 5 and 7.


https://github.com/Bonelab/HR-pQCT-Segmentation
https://github.com/Bonelab/bonelab-pytorch-lightning
https://github.com/Bonelab/HRpQCT-Knee-Seg
https://github.com/Bonelab/Bonelab
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bIRegistrationLongitudinal: Utility for doing multi-timepoint rigid longitudinal registration
with SITK, including computation of the overlap volume and transformation of masks from

baseline to follow-up. Used in Chapters 5 and 7.

blAdaptiveLocal Thresholding: Python reimplementation of the trabecular bone segmentation

algorithm created by Mys et al. (2022).

bIFFTLaplaceHamming: A speculative attempt at recreating the (closed-source) IPL Laplace-

Hamming segmentation function in Python.

blTreeceThickness: A utility for computing cortical thickness maps, described in Chapter 6.

ORMIR-XCT: Contributed an open-source python implementation of the sphere- tting thickness
estimation algorithm created by Hildebrand and R egsegger (1997), validated against IPL data by
Kuczynski et al. (2023). The implementation uses numba to leverage just-in-time compilation to

machine code for the main part of the algorithm.


https://github.com/SpectraCollab/ORMIR_XCT

Chapter 2

Literature Review

What you can imagine depends on

what you know.

Daniel Dennett

2.1 Overview

The work in this thesis primarily concerns the development and/or investigation of methods for quantitative
analysis of bone in high-resolution CT images, with a nal results chapter that leverages some of the prior
work to investigate quantitative changes in periarticular bone at the knee that follow ACL injury. The rst
half of this chapter is a broad review of the structure and function of bone, the structure of the knee, knee OA,
some pathogenic theories for knee OA, and some recent in vivo work using high-resolution CT to investigate
bone in the context of knee OA. The second half of this chapter is a broad review of some relevant concepts in
image processing and deep learning that are of speci ¢ relevance to automating segmentation and analysis of

medical images and speci cally to the novel methods that are developed and validated in subsequent chapters.

2.2 Bone

Bone is the primary constituent of the skeletal system, and plays many important roles in the human body. The
rigid, mineralized component of bones provides structural support, supplies leverage for muscles to facilitate
movement, and stores reserves of minerals (e.g. calcium) that are critical for homeostasis. The marrow in

the interior compartment of long bones is also the site of hematopoiesis: the production of red and white
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Figure 2.1: Diagram of a femur. Created using Servier Medical ART under a Creative Commons BY 4.0
license.

blood cells and platelets. At the tissue level, 65% of bone is mineral and 35% is a combination of organic
matrix, water, and cells. The mineral component is primarily (impure) hydroxyapatite: Caio(PO4)(OH),,
with various alternate constituents also present in the lattice. The organic components of bone are 90%
collagen (primarily type 1), and other various non-collagenous proteins that include osteocalcin, osteonectin,
osteopontin, and bone sialoprotein, some of which can be monitored in blood serum or urine as markers of
bone turnover (Cowin, 2001).

The four main mature bone cell types are osteoclasts, osteoblasts, osteocytes, and bone lining cells.
Osteoclasts are large multinucleated cells whose lineage derives from haemopoietic stem cells and that are
responsible for resorbing existing bone. Osteoclasts attach to the bone surface and create a local acidic
environment to dissolve the mineralized component of bone and release proteolytic enzymes to break down
the organic components. Osteoblasts are cuboidal cells with a single large nucleus whose lineage derives
from mesenchymal stem cells and that are responsible for forming new bone. Osteoblasts synthesize and
secrete the organic extracellular matrix, but the exact mechanism for promotion of bone mineralization
is not well-understood. However, it does involve the active transport of minerals by osteoblasts from the
surrounding uid to the organic matrix site, and it may also involve further osteoblast-driven facilitative
mechanisms to promote the precipitation of hydroxyapatite from solution and the subsequent binding to the
organic matrix. Osteocytes are the resident cells of bone, and are mature osteoblasts that have been entombed
in bone following bone formation. There is evidence that osteocytes are capable of sensing local conditions in

bone, including local strains and microdamage, transmitting information through their cellular network, and
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Figure 2.2: The composition of cortical and trabecular bone. Created using Servier Medical ART under a
Creative Commons BY 4.0 license.

Cortical Bone

controlling local bone remodelling by promoting or inhibiting the di erentiation rates, and activity levels, of
osteoclasts and osteoblasts, perhaps by secretion of sclerostin (Sapir-Koren and Livshits, 2014). Bone lining
cells are inactive, attened mature osteoblasts that lie on the outer surface of bone. Bone lining cells control
the ux of uids and ions between the lacunae and caniculi and the exterior uid, and have the potential to be
reactivated for bone formation if required (Mohamed, 2008).

At the macroscopic level in long bones, there are two types of bone that each have distinct form and
function: cortical bone, and trabecular bone. Cortical bone, comprising 80% of the skeleton by mass, is the
solid outer shell of a bone, present at all surfaces with varying thickness, but thickest in the diaphysis. Cortical
bone is thick and dense, with several types of microscopic channels: lacunae that contain osteocytes (the
main bone resident cells), caniculi that connect lacunae and contain the cellular processes of the osteocytes
(forming the cellular network), and Haversian canals that contain blood vessels and nerves. The fundamental
structural unit of cortical bone is the osteon (left side of Figure 2.2), a cylindrical structure with a central
Haversian canal surrounded by concentric ‘lamellae’ (layers) of dense bone, interspersed with lacunae and
caniculi, and bounded by a cement line that attaches it to other osteons. Trabecular bone is occasionally
referred to in literature as cancellous bone, or spongy bone, but in this thesis, this type of bone will be

consistently and exclusively referred to as trabecular bone. Trabecular bone is a complex network of rods and

12


https://creativecommons.org/licenses/by/4.0/

2. Literature Review

plates that is present inside of the cortical bone at the ends of long bones (the metaphysis and epiphysis),
where bones tend to are out to provide a wide surface for cartilage and to more easily support articular
loads. The fundamental structural unit of trabecular bone is the hemiosteon (right side of Figure 2.2), a
crescent-shaped packet of lamellae of dense bone that is held to other hemiosteons by a cement line (Cowin,
2001; Burr and Akkus, 2014).

Bone remodeling is the cyclic process of the removal of old bone and deposition of new bone. Bone
remodeling occurs both “‘appositionally’ (at bone surfaces) and at the sites of osteocytes (osteocytic osteolysis;
Tsourdi et al. (2018)) and it occurs constantly throughout the life of an organism, though the level of bone
remodeling activity varies both over time and by skeletal site (Hill, 1998; Katsimbri, 2017). Bone remodeling
is performed by a group of cells, referred to as the Basic Multicellular Unit (BMU), that are theorized to act as
a coordinated group to create one osteon or hemiosteon. There are six ( ve active) stages of bone remodeling,
which occur in a speci ¢ order: resting, activation, resorption, reversal, formation, and mineralization. After
mineralization, there is a return to the resting state. At rest, the surface of the bone is said to be ‘quiescent’
- the surface is lined with bone lining cells, and no resorption or formation is on-going. Activation is the
process of recruiting the BMU to the bone surface following some biomechanical stimulus, though the speci ¢
mechanisms of sensing and recruitment are not well-understood. Many hypotheses exist for these mechanisms
(Hughes and Petit, 2010; Li et al., 2021b; Sapir-Koren and Livshits, 2014; Bellido, 2014), but are not the
focus of the research in this thesis. Resorption is performed by the osteoclasts, and takes approximately one
week in trabecular bone and one to three weeks in cortical bone. Reversal is the temporal stage separating the
completion of resorption and initiation of bone formation at a speci ¢ location, which takes approximately
one to two weeks. Formation and mineralization are the stages where osteoblasts synthesize and secrete the
organic extra-cellular matrix for bone, which is then mineralized. Complete mineralization takes up to six
months, though the newly formed bone is 70% mineralized within weeks (Kenkre and Bassett, 2018).

The bone remodeling mechanisms in cortical and trabecular bone are also distinct. The mechanism
in cortical bone is depicted in Figure 2.3. Osteoclasts burrow axially (aligned with the long axis of the
bone) through the dense bone, forming a ‘cutting cone’ that creates a resorption cavity that translates over
time (approximately 20 to 40 “m per day). At the apex of the resorption cavity is the reversal zone, where
osteoblasts take the place of osteoclasts on the bone surface. As the osteoclasts continue cutting, osteoblasts
trail behind and re 1l the cavity with new bone, forming the lamellar layers of the osteon, but leaving a

cavity in the center (the Haversian canal) that is layered with bone lining cells in the nal resting state. A
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Figure 2.3: Diagram of the the cutting cone, the BMU of cortical bone. Created using Servier Medical ART
under a Creative Commons BY 4.0 license.

capillary through the Haversian canal supplies the resorption cavity with nutrients and progenitor cells to
sustain the BMU. The mechanism in trabecular bone is depicted in Figure 2.4. During the resorption phase
the osteoclasts scoop out a crescent-shaped cavity on the surface of the trabecula (a Howship’s lacuna), to a
depth of approximately 60 “m, covered by a canopy of pre-osteoblast lineage cells. During formation and
mineralization, the Howship’s lacuna is lled in with bone lamellae by osteoblasts. The trabecular BMU is
supplied with nutrients and progenitors from the uid in the marrow and nearby capillaries, perhaps aided by
active transport from the canopy or even originating from the canopy itself.

Bone remodeling happens passively and in the absence of additional stimulus it results in a small net
loss in bone mass over time in adults, since the ‘normal” BMU removes slightly more bone than it forms
(Frost, 2003). However, applied loads play an important role in the rate of bone turnover and in the balance
between bone resorption and bone formation. In the 1800s, Julius Wol established that in bones, form
literally follows function: both the structure of the trabecular network and the density distribution of the
cortical bone adapt to the magnitude, directionality, and distribution of external loads Wol (1986). Harold
Frost later developed the mechanostat theory Frost (2003), which holds that a unit of bone can be in three

states, depending on the strain imposed by an external load on the larger structure. At low strains bone is in
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Figure 2.4: Diagram of the Howship’s lacuna, the BMU of trabecular bone. Created using Servier Medical
ART under a Creative Commons BY 4.0 license.

disuse and resorption overtakes formation, at physiologically ‘normal’ strains the bone is in an adapted state
and bone turnover is balanced, and at large strains bone is overloaded and formation overtakes resorption.
For a consistent applied load, tissue-level local strains will decrease with added bone, and vice versa, so the
mechanostat theory describes a negative feedback loop that, when operating optimally and in the absence of
severe biochemical or biomechanical disturbances, should theoretically maintain all bone in the adapted state

experiencing physiologically normal strains.

2.3 ACL Injury and Surgery, Bone, and Osteoarthritis

2.3.1 Knee Anatomy and ACL Injury

The knee, shown in Figure 2.5, consists of two joints: tibiofemoral and patellofemoral, each of which can be
sub-divided into a medial and lateral compartment. The bony components of the knee are the femur, tibia,
and patella, shown in Figure 2.5. The distal femur ends in two condyles: lateral and medial, each matched
to the shape of their corresponding tibial plateau. Each tibial plateau has a bro-cartilaginous meniscus
around the outer edge that restricts relative lateral movement between the femoral condyle and tibial plateau
during exion (Blackburn and Craig, 1980). Extension of the knee involves the quadriceps muscle group,
the quadriceps femoris tendon, and the patellar tendon. The patella both redirects the forces applied by the
muscle groups for greater strength in extension and improves the dynamic stability of the joint. There are two

bursae, prepatellar and infrapatellar, which serve to cushion the patella and associated ligaments from bony
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Figure 2.5: The bones and ligaments of the knee. Created using Servier Medical ART under a Creative
Commons BY 4.0 license.

surfaces. Additional bursae are positioned anteriorly, medially, and laterally about the knee (Blackburn and
Craig, 1980).

The posterior cruciate ligament (PCL) is in the medial compartment and connects the medial femoral
condyle to the posterior tibial plateau. The PCL plays a critical role in knee stabilization by resisting
posterior translation of the tibia. The anterior cruciate ligament (ACL) is in the lateral compartment and is
composed of three bundles which variously connect portions of the lateral femoral condyle to the intercondylar
eminence, which is the raised ridge of bone between the tibial plateaus. The ACL contributes to knee
stabilization in multiple degrees of freedom, preventing tibial translation (medial and anterior) and resisting
both internal-external and varus-valgus tibial rotation, particularly during knee extension (Takeda et al.,
1994). In exion, the anteromedial bundle tightens while the posterolateral bundle relaxes. Conversely, the
anteromedial bundle relaxes and the posteromedial bundle tightens in extension (Petersen and Zantop, 2007).
Hyperextension and/or anterior tibial translation can result in the bundles of the ACL being torn (Blackburn

and Craig, 1980).
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2.3.2 Osteoarthritis

Osteoarthritis (OA) is the most common form of arthritis (Lawrence et al., 1998). OA causes physical pain,
reduces the range of motion of the a ected joint, and leads to emotional distress. These symptoms may have a
signi cant impact on earning potential, basic day-to-day function, and lifestyle (Simon, 1999). OA is a disease
a ecting diarthrodial joints, such as the knee, hip, and shoulder, the principal components of which are bone,
cartilage, and connective tissue. The subchondral bone of a diarthrodial joint is covered in hyaline (articular)
cartilage (see Figures 2.1 and 2.5), composed of type Il collagen, chondrocytes, and proteoglycans. Type Il
collagen is a native protein that forms brils to give the cartilage structure, proteoglycans are glycosylated
proteins that retain water to provide distensibility, and chondrocytes are the resident cell of the articular
cartilage, albeit with limited reparative capabilities (Simon, 1999). The articular cartilage distributes loads
across the joint surfaces, while a thin synovial cell lining on the articular surface produces lubricating uid.

The knee is a complex and interdependent organ consisting of articular cartilage, subchondral bone,
ligaments, tendons, a synovial membrane, bursae, and the joint capsule. These tissues interact and in uence
each other dynamically and are all a ected by OA in various ways (Loeser et al., 2012). Cartilage damage
leads to in ammation and general tissue response, and mechanical changes to the tissues cause the joint to
stop operating correctly. These in ammatory and mechanical cascades can a ect the entire joint regardless
of where the damage starts (Haslauer et al., 2013), but there are generally few systemic e ects outside of
the a ected joint (Simon, 1999). The two broad theoretical pathways for the pathogenesis of OA are: (1)
abnormal load-bearing tissues, and (2) abnormal loads in icted on normal load-bearing tissues. Abnormal
load-bearing tissues could include subchondral bone a ected by osteopetrosis or articular cartilage degraded
by a metabolic disorder. Abnormal loads in icted on normal load-bearing tissues would typically occur in
the context of repetitive strains from manual labour or acute trauma (Simon, 1999).

OA can be broadly classi ed as either secondary or idiopathic depending on whether there is a known
antecedent event or condition, generalized ore.g. patellofemoral depending on whether a single joint is
a ected, and erosive or in ammatory depending on whether erosion of cartilage or in ammation! was
the incipient factor leading to OA development. Epidemiological research indicates that there is a strong
genetic component to the pathogenesis of idiopathic OA (Simon, 1999). Genetic factors are not typically

mentioned as risk factors for secondary OA in review articles outside of the context in which a primary

1e.g., from an auto-immune disorder
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genetic condition is the antecedent condition for secondary OA.

The main symptom-causing e ect of OA is cartilage degradation the combination of brillation of
the collagen and failure of proteoglycans to retain water leads to sti ening of the cartilage. When the
chondrocytes attempt to repair the structure, they can become overwhelmed and release metalloproteins,
which further contribute to the destruction of collagen bres and the extra-cellular matrix (ECM). Articular
cartilage degradation eventually leaves the subchondral bone plate exposed, which can incite (or perhaps
is caused by) subchondral bone plate sclerosis and the development of lesions in the periarticular bone.
Unbalanced forces promote the formation of sub-chondral cysts and osteophytes (Simon, 1999).

Cartilage degradation manifests radiographically as decreased joint space width, and there are a variety of
radiographic scoring systems that are used to diagnose OA, including Kellgren-Lawrence Kohn et al. (2016),
International Knee Documentation Committee (IKDC), Fairbank, Brandt et al., Ahlb ck, and J ger-Wirth.
Recently, Wright and The MARS Group (2014) performed a comparative study using a large dataset with
both repeated assessments with independent radiologists and gold standard arthroscopic validation data and
found that the IKDC radiographic scoring system had the optimal combination of accuracy and inter-rater
reliability. There have also been semi-quantitative scoring systems developed to quantify OA-related MRI
biomarkers, including the Boston Leeds Osteoarthritis Knee Score (BLOKS) Hunter et al. (2008), the Whole
Organ MRI Score (WORMS) (Peterfy et al., 2004), the MRI OA Knee Score (MOAKS) (Hunter et al., 2014a;
Runhaar et al., 2014), the Knee Osteoarthritis Scoring System (KOSS) (Kornaat et al., 2005), and the Rapid
OsteoArthritis MRI Eligibility Score (ROAMES) (Roemer et al., 2020).

2.3.3 ACL Injury and PTOA Pathogenesis

When the antecedent factor leading to secondary OA is an acute trauma, the disease is referred to as
post-traumatic osteoarthritis (PTOA). PTOA accounts for approximately 12% of all OA cases (Brown et al.,
2006). A signi cant correlation between acute ACL injury and PTOA has been observed in the literature,
albeit with a wide range of reported rates of association that include 14% (Gelber, 2000), 87% (Friel and
Chu, 2013), 50% - 90% (Luc et al., 2014), 0% to 100% (Lie et al., 2019), and 23% - 50% (Khella et al.,
2021). Meanwhile, the prevalence of OA among all adults over the age of 45 is only 20% - 30% (Anderson
et al., 2011). The primary bene t of studying PTOA, rather than idiopathic OA, is that the antecedent trauma

provides a known starting point for OA pathogenesis, relative to which tissue progression can be measured.
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Insights into the respective roles of tissue and pre-PTOA mechanical and biological cascades can potentially
be translated to inform the study of idiopathic OA.

Many additional risk factors for PTOA development have been identi ed in meta-studies including: age
(Bodkin et al., 2020), sex (Jacobs and Hunt, 2022), meniscal tear or resection, patellar dislocation, ankle
instability (Carbone and Rodeo, 2017), delay between injury and reconstructive surgery (Cinque et al., 2018),
reconstructive surgical technique (Rothrau et al., 2020), body mass index (BMI), physical activity level,
lower-body muscle weakness, abnormal joint morphology (Whittaker and Roos, 2019), varus knee alignment,
education, and smoking (Wang et al., 2020). Concomitant meniscus damage seems to be a particularly
important risk factor, with reported risk multiplication factors of 3.5 (Cinque et al., 2018) and 10 (Roos and
Lohmander, 2003).

In the USA, between 2005 and 2010 approximately 75% of all of those who su ered a new-onset ACL
tear opted for ACL reconstructive (ACLR) surgery this incidence increases to 73% to 98% when considering
patients between the ages of 14 and 35 (Sanders et al., 2016a). It is a commonly held hypothesis that
ACLR reduces likelihood of PTOA by improving joint kinematics, particularly by restraining unnatural
tibial translation and rotation (Wang et al., 2020). However, several meta-studies have shown that there is
insu cient evidence that ACLR reduces the long-term prevalence of PTOA (Friel and Chu, 2013; Luc et al.,
2014; Smith et al., 2014). Concerns arise that confounding and often-unreported risk factors, such as the
menisci status (Cinque et al., 2018) or the properties of the surgical technique (Rothrau et al., 2020), have
prevented a fair assessment of the bene ts of an optimal ACLR surgery for PTOA prevention. For example,
in one meta-analysis it was found that ACLR surgeries which could be classi ed as anatomic, based on a
total score threshold on the anatomic ACL reconstruction scoring checklist (AARSC), resulted in a 10-year
follow-up PTOA prevalence of only 23%, compared to a 44% PTOA prevalence following non-anatomic
surgeries (Rothrau et al., 2020).

Conversely, it is possible that even an optimal ACLR cannot prevent deleterious structural adaptions
after the degree of tissue and molecular damage that occurs in an acute knee trauma. In this case, the
bene t or restored kinematics is cancelled out, or outweighed, by the additional in ammatory insult and
structural trauma to the knee caused by invasive surgery, as indicated by the elevated presence of in ammatory
biomarkers IL-1V, IL-6, and TNF-U following ACLR (Han et al., 2018). It has been observed that the delay
between injury and surgery is strongly positively correlated with increased risk of PTOA at 5- to 10-year

follow-up (Cinque et al., 2018), though it has also been shown that surgical delay is not a risk factor for PTOA
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if patients adhere to a structured rehabilitation program after surgery (Frobell et al., 2010).

As with idiopathic OA, readily available diagnostic imaging modalities are not su cient to detect early
PTOA. However, MRI can be used to detect traumatic bone marrow lesions (BMLs) and changes in the
composition of the cartilage ECM (Riordan et al., 2014), and MRI T2-weighted mapping can be used to check
the water content of cartilage importantly, as cartilage degradation is often preceded by loss of water content
(Eagle etal., 2017). Summary statistics of segmented cartilage compartments on MRI T1d-weighted mapping
at baseline have been shown to be predictive for poor Knee Injury and OA Outcome Score (KOOS) results
at three-year follow-up after ACL injury (Mamoto et al., 2018). It has also recently been demonstrated in
principle that patients can be accurately classi ed as healthy or pre-PTOA using random forest classi ers on
quantitative characteristics extracted from confocal laser endomicroscopy of articular cartilage (Tschaikowsky
etal., 2021), implying that there may be early OA ngerprints that can be detected using a combination of
high-resolution imaging and sophisticated image processing techniques (Khella et al., 2021).

A major impediment to development of early PTOA diagnostic and interventional protocols is that the
complete pathophysiological mechanism linking PTOA to ACL injuries is complex and multi-factored, and
as such is currently not well-understood (Dilley et al., 2023). However, there are four broad categories of
potentially important mechanisms: structural, biological, mechanical, and neuromuscular.

The immediate structural impact of an ACL tear is that the tibia is less constrained and can translate
and rotate unnaturally during extension. However, concomitant damage to other knee structures, such as
the menisci, has also been shown to increase risk of PTOA (Friel and Chu, 2013). High-impact forces
may induce apoptosis in chondrocytes (Riordan et al., 2014), further limiting the ability of the cartilage to
repair itself. Damage to the menisci further reduces tibiofemoral stability and the ability for the joint to
attenuate energy and disturbs the proper distribution of loads. Damaged menisci may also release enzymes
and in ammatory mediators that promote cartilage degeneration (Bradley et al., 2023). ACL tears are also
accompanied by traumatic BMLs within the bone, indicative of a high-force collision of the femur and tibia
during the injury. BMLs are primarily found on the lateral femoral condyle and posterior lateral tibial plateau
(Patel et al., 2014), are likely sites of microfracture, vascular proliferation, and elevated in ammation, have
been shown to be sites of concentrated short-term bone density loss (Kroker et al., 2019). A combination of
traumatic BMLs and imbalanced load distribution may lead to bone remodelling and deleterious alterations to
subchondral bone morphology (Wang et al., 2020). For example, subchondral bone plate porosity is known

to be associated with OA (l..ima et al., 2016; Botter et al., 2011), and it has been observed in post-ACL injury
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animals models (White et al., 2022).

Structural trauma leads to parallel biological consequences, including: chondrocytes releasing cytokines
(Smith et al., 2014; Lieberthal et al., 2015), in ammation, as evinced by elevated levels of 1L-1,6,8,17, TNF-U,
SDF-1, and cartilage ECM fragments (Riordan et al., 2014), and decreases in lubricin production (Elsaid
etal., 2008). Heightened in ammation in turn upsets the bone remodelling balance and promotes excess bone
resorption (Sw rd et al., 2012; Park et al., 2013; Dolan et al., 1997), and while subchondral and trabecular
bone density can recover, excess resorption can lead to changes in trabecular microarchitecture that are both
weakening and permanent (Guo and Kim, 2002). The in ammatory response to ACL injury is particularly
insidious: a randomized study on anti-in ammatory intervention following ACL injury observed that in
the rst 5 weeks following the injury, in ammatory biomarkers worsened while patient-reported outcomes
improved (Lattermann et al., 2017), resulting in the authors suggesting early PTOA progression isa silent
killer.

There are several neuromuscular de cits caused by ACL injury. Persistent ACL laxity can lead to
modi cation of the neuromuscular feedback loop, impairing function (Dare and Rodeo, 2014; Racine and
Aaron, 2014). The ACL contains mechanoreceptors, the loss of which impairs muscle control (Palmieri-Smith
and Thomas, 2009). Finally, de cits in control and/or strength of the hamstring can increase biomechanical
loading and exacerbate the load imbalances already caused by structural abnormalities (Friel and Chu, 2013;

iestad et al., 2015). Biomechanical load imbalances and adverse structural changes can disrupt joint
homeostasis (Andriacchi and Favre, 2014), and these combined post-ACL injury kinematic changes may be
linked with OA (Pro en et al., 2015).

Changes in the structural shape of the bone are a risk factor for PTOA development and patient-reported
QOL outcomes at follow-up (Jacobs and Hunt, 2022) and could precede cartilage changes (Baker-LePain and
Lane, 2012; Shepstone, 2001). It has been shown that ACL injury is associated with changes of the shape of
the tibia (Pedoia et al., 2016a), femur (Jacobs and Hunt, 2022; Pedoia et al., 2016a), and patella (Yang et al.,
2019). Investigation of serum concentrations in individuals with chronic knee pain suggest that bone and
cartilage turnover are parallel processes in early OA (Petersson et al., 1998), and nuclear imaging has shown
that subchondral bone turnover precedes radiographic evidence of knee OA (Hutton et al., 1986). Animal
models demonstrate that surgically induced subchondral bone trauma incites deterioration of the overlying
articular cartilage (Mrosek et al., 2006) and that early onset OA is associated with genetic mutations that cause

osteogenesis imperfecta (Blair-Levy et al., 2008). Meta-analysis shows that in early OA, the subchondral
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bone plate is porous and demonstrates low density, while in late-stage OA it shows signs of sclerosis along
with osteophytes at the medial and lateral margins of the articular surface (Baker-LePain and Lane, 2012).
This progression could be caused by bone remodelling in response to modi ed stress distributions (Wol
1986), and corresponding changes to bone metabolism could produce excess release of biomediators that
incite or accelerate local cartilage breakdown (Baker-LePain and Lane, 2012).

The most e ective public policy strategy for preventing PTOA is currently to work to prevent ACL
injuries in the rst place through education and training (Wang et al., 2020). However, neuromuscular,
educational (Huang et al., 2020), and physical training programs (Silvers-Granelli et al., 2017) have shown
some success in reducing PTOA incidence following acute ACL injury. In response to the hypothesized
mechanistic pathways listed above, there have been corresponding suggestions for potential preventative
treatments and therapies for PTOA including anticytokines (Friel and Chu, 2013), antiresorptives (Teichtahl
et al., 2015), antioxidants (Henrotin and Mobasheri, 2018), and joint aspiration (Svoboda, 2014). However,

none have demonstrated su cient e cacy and safety to become part of standard clinical practice.

2.3.4 Bone as a Potential Mechanism Linking ACL Trauma and Osteoarthritis

The importance of subchondral bone remodelling in OA pathogenesis was  rst suggested in the 1960s by LC
Johnson (1962), and this hypothesis has been extensively investigated in the intervening years. Mechanical
investigations revealed that bone was the dominant source of strength and force attenuation in the knee,
implying that a loss of bone strength would be deleterious for the articular cartilage (Radin and Paul, 1970).
In animal models, repetitively applied impulses at the knee lead to elevated bone remodelling activity,
culminating in subchondral bone plate sclerosis and cartilage brillation and ssuring, implying that bone
plate sti ness caused increased stress on cartilage and subsequent damage (Radin et al., 1984), and ACL
transection that showed articular cartilage degradation was accompanied by increases in subchondral bone
volume and histological evidence of active bone formation (Brandt et al., 1991). However, Burr and Radin
(2003) later argued that bone sti ness no longer appeared to be mechanistically linked with later cartilage
changes, based on observations that arti cially increasing bone sti ness using bone plugs fails to induce
cartilage degradation, regardless of bone plug positioning. They postulated that subchondral microcracks
were more mechanistically relevant, perhaps by inducing bone remodelling or by opening the osteochondral

junction and allowing excess transportation or promoting vascular in Itration. These subchondral microcracks
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Figure 2.6: Histology (left) and electron microscopy (right) imaging of the osteochondral junction. Compo-
nents reproduced from Li et al. (2013) with permission, see license in Appendix M.

could be caused by the trauma of the original injury, or could be caused by normal physiological loads
during the transient period of reduced bone density (and therefore bone strength) that we know follows ACL
injury, as observed by Kannus et al. (1992), Lepp | et al. (1999), Boyd et al. (2000), Bayar et al. (2008),
Van Meer et al. (2014), Kroker et al. (2019), among others. Stress testing in canine carpal joints showed
that intra-articular stress-induced failures start in the calci ed cartilage and propagate into the subchondral
bone plate, suggesting the extreme loads applied to a joint may directly damage the osteochondral junction
(Vener et al., 1992). Conversely, Zhen et al. (2013) used a mouse model to show that inhibition of TGF-V
in subchondral bone attenuates the degradation of articular cartilage that occurs in an ACLT mouse model:
TGF-V stimulates chondrocyte proliferation, but it also is involved in the signalling pathway that initiates
osteoclastic bone resorption, implying that subchondral bone adaptation is a critical element of the mechanism
linking ACL injury and PTOA pathogenesis.

Li et al. (2013) and Teichtahl et al. (2015) describe potential models for the role of subchondral bone
adaptation in OA pathogenesis that explain these observations. In these models, peri-articular bone responds
to atypical strains, whether caused by acute trauma, sustained in ammation, or structural alterations, and
a biomechanical event cascade initiates. First, the subchondral bone plate thins and becomes porous,
accompanied by trabecular microarchitectural deterioration and microcracks in the bone plate and articular
cartilage. Next, cartilage and subchondral bone both thicken, the former due to hypertrophic repair mechanisms

and ossi cation of cartilage (the reduplication and advancement of the tidemark), and the latter due to the
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Figure 2.7: The progression of tissues of the osteochondral junction from a healthy state to an osteoarthritic
state. Components reproduced from Li et al. (2013) with permission, see license in Appendix M.

bone remodelling response to stress. The speci ¢ mechanisms that incite chondrocyte apoptosis and cartilage
degeneration are not well-understood, but alterations to biochemical cross-talk at the osteochondral junction
likely play a role. There may be excess transport, or excess vascular proliferation or in ltration across the
junction when the bone plate is thin and porous (early OA), or the cartilage may be deprived of nutrients
when the bone plate has thickened and the calci ed cartilage has expanded (late OA).

Whether or not bone remodeling is the primary mechanism of OA pathogenesis, pre-OA and post-ACL-
injury peri-articular bone remodelling is worth continued study, and there is a strong need to develop imaging
biomarkers that can be measured earlier and provide indication of pre-symptomatic OA progression (Mason
etal., 2021). However, the trabecular microstructure is three-dimensional and requires a high spatial resolution
to accurately quantify, so traditional imaging technologies such as planar radiography, clinical CT, and MRI

are insu cient in isolation.
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2.4 Medical Imaging

Wilhelm R ntgen’s 1895 discovery of X-rays, highly energetic photons on the approximate order of 102
to 10° eV, enabled the development of radiographic imaging technologies (Brailsford, 1946). The tissue-
(or material-) dependent attenuation of X-rays as they pass through an object allows for information about
the composition of the object along the path of an X-ray beam to be derived from measurements of the
photon uence (number of photons passing through an area per unit of time) going into and coming out of an
object. Two-dimensional (2D) radiographic modalities, such as planar radiography and dual-energy X-ray
absorptiometry, use a static X-ray source and detector array to generate a projection of three-dimensional
(3D) tissue attenuations onto a 2D plane. X-rays can also be used to generate 3D images: in computed
tomography (CT), the X-ray source and detector are rotated around the object, and the 3D distribution of
tissue attenuations can be approximated from the measured projections using either ( ltered) backprojection
or iterative reconstruction (Bushberg et al., 2020). Within certain ranges of tissue densities and X-ray energies,
the attenuation coe cient of the tissue is also approximately linearly correlated with the tissue density. This
allows for the calibration of CT images (Engelke, 2017), which can be done using calibration phantoms either
synchronously (phantom present in the image) or asynchronously (phantom imaged separately) or ‘internally’
by segmenting speci c tissue types within the image, making assumptions about tissue densities, and tting a
model that relates density and attenuation coe cients (Michalski et al., 2020; Smith et al., 2022; Matheson
etal., 2024).

The mechanism of attenuation of X-rays in tissue damages the cells and DNA where the attenuation
occurs, which can cause organ damage and in the long-term can cause various cancers (Brody and Guillerman,
2002; Lin, 2010). Children and developing fetuses (depending on the stage of pregnancy) are typically more
sensitive to the e ects of ionizing radiation than adults. Correspondingly, an important principle governing
the use of radiographic imaging in clinical practice and research is to keep radiation dose ‘as low as reasonably
achievable’ (ALARA) and to evaluate the bene ts versus risks when performing imaging for diagnostics or
research. While CT provides volumetric information about tissue composition, it also typically incurs orders
of magnitude greater radiation dose to the imaged tissue than corresponding 2D imaging modalities. Further,
while the spatial resolution of CT images is nominally limited by the physical size of the X-ray detector
array elements (and the Nyquist theorem), increasing spatial resolution while maintaining su cient contrast

resolution for acceptable image quality also requires increasing the X-ray uence and correspondingly the
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e ective dose of ionizing radiation. Technological innovations can help to reduce dose by more e ciently
utilizing projection data and reducing noise so that less X-ray uence is required, but there are practical limits

on ethically achievable in vivo CT spatial resolutions.

241 HR-pQCT

Standard modern clinical CT provides spatial resolutions on the order of hundreds of microns (Bushberg
et al., 2020), while the thicknesses of individual trabeculae are on the order of tens to hundreds of microns
(Cowin, 2001). As such, calibrated, or quantitative, clinical CT is appropriate for measuring the spatial
distribution of volume-averaged bone densities and can be used to measure cortical thickness, but cannot
provide quantitative assessment of trabecular microarchitecture. Historically, trabecular microarchitecture was
exclusively measured ex vivo on bone samples using histomorphometry or micro-CT (“CT) (Dalle Carbonare
etal., 2005; Brandi, 2009). The development of high-resolution peripheral quantitative computed tomography
(HR-pQCT) enabled in vivo CT imaging of the extremities at a nominal isotropic voxel sizes of 82.0 “mm
and of 60.7 “mm (for rst- and second-generation hardware, respectively) at an e ective radiation dose
of only 5 “Sv by combining a small and dense detector array with a small eld of view (Manske et al.,
2015). HR-pQCT was originally designed for imaging of the wrist and ankle (speci cally, the ultra-distal
radius and ultra-distal tibia), but protocols have been developed to enable it to be utilized to image the hands
(Werner et al., 2017), feet (Metcalf et al., 2018), knees (Kroker et al., 2017b), and elbows (Sada et al., 2020).
HR-pQCT images are asynchronously calibrated (‘quantitative’) and in combination with micro-scale spatial
resolution, this allows accurate and precise standardized in vivo bone densitometry and morphometry in

humans (Wong, 2016; Manske et al., 2015; Boutroy et al., 2005).

2.4.2 Image Segmentation

This sub-section will describe the application of a number of segmentation techniques to HR-pQCT images,
while some of these techniques will be described in greater technical detail in the subsequent Image PRocessing
section. To perform a semantic segmentation on an image is to assign a class label to every pixel or voxel in
the image. For example, to label the voxels in an image as belonging to either a tumour or the background. In
the context of HR-pQCT, the objective of the semantic segmentation is to identify two disjoint anatomical

compartments: the hard cortical shell of the bone, and the trabecular region contained within. For a single
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Figure 2.8: A grey-scale slice of a segmented distal radius HR-pQCT image, with the endosteal and periosteal
surfaces labelled (left) and the trabecular compartment shaded in blue and the cortical shell shaded in green

(right).

intact bone, the trabecular and cortical regions should be contiguous, so the HR-pQCT semantic segmentation
problem can be equivalently formulated as the problem of identifying two surfaces: the periosteal surface and
the endosteal surface, where the latter should be interior to the former. A 2D slice of a segmented distal
radius HR-pQCT image is shown in Figure 2.8. An accurate semantic segmentation of HR-pQCT images is
necessary for quantitative microarchitectural analysis: separate algorithms are employed to characterize the
cortical and trabecular bone. Since the cortical and trabecular bone are so structurally dissimilar, small errors
in the segmentation can have a large impact on the accuracy of microarchitectural analysis outputs.

The eld of medical image segmentation encompasses many di erent approaches applied to many
di erent imaging modalities. For the purposes of this thesis, the focus will be on some pertinent techniques
that have been applied to HR-pQCT. Techniques for HR-pQCT image segmentation can be broadly separated
into two categories: morphological algorithms that are “hand-crafted’ to leverage domain knowledge about
the structure of the anatomical objects to be segmented, and machine learning approaches that rely on existing
expert-segmented images to train a ‘black box’ image segmentation model.

HR-pQCT segmentation was originally performed using a semi-automated slice-by-slice manual contour-
ing approach using a snakes line-snapping approach (Kass et al., 1988; Laib et al., 1998). This method was
supplanted in 2007 by an automatic dual-thresholding approach using a combination of Gaussian smoothing
and a sequence of morphological opening and closing operations (Buie et al., 2007). The dual-threshold

method has remained the gold standard for HR-pQCT segmentation to the present, with small modi cations
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(Burghardt et al., 2010). However, the recommended protocol is semi-automated and output segmentations
require manual inspection and correction of the generated contours due to high bias and precision errors
observed in uncorrected segmentations (Whittier et al., 2020d,c). An experienced operator may spend as
much as 15 to 30 minutes correcting adi cult radius or tibia image. Further, a typical HR-pQCT knee image
is composed of six times as many axial slices as a standard radius or tibia and the proximal tibia and distal
femur are larger, and have a more complex bone surface, than the distal radius or tibia. Development of
more e cient, fully automated image analysis work ows will be critical for standardization and improving
feasibility of larger studies using HR-pQCT to study the knee.

Several advanced morphological segmentation algorithms have been proposed for HR-pQCT in recent
years, including several variations on active contour algorithms that iteratively evolve a level set surface
embedding eld to minimize energy a linear combination of internal energy, which is based on surface
curvature, and external energy, which is the distance between the contour and edges in the image as
approximated using convolution-based smoothing and edge-detecting Iters (Hafri et al., 2016; Ohs et al.,
2021). However, limitations in test set sample size, reported performance, and insu cient characterization
of morphological analysis accuracy and reliability have prevented these algorithms from supplanting the
gold-standard approach in standard practice outside of the research centres where they were developed.

Few machine learning approaches had been published speci cally for HR-pQCT segmentation as of
the outset of this project. The high spatial resolution of HR-pQCT images presents a signi cant challenge
for GPU-driven deep learning approaches, as it is di cultto timages into video RAM and impossible to
process batches larger than one image, or one section of an image, at a time. Prior to the popularization of
convolutional neural networks, one group combined 3D texture analysis with a random forest classi er to
segment images voxel-by-voxel. While they achieved a reasonable Dice similarity coe cient of approximately
0.90 on the test set, the limited accuracy of morphometric outputs and the small training (n=13) and testing
set size were unconvincing (Valentinitsch et al., 2012). Recently, 2D and 3D U-Nets have been applied to
periosteal segmentation of HR-pQCT hand images (Folle et al., 2021). While this study reported excellent
measures of overlap for the predicted and reference segmentations, they did not estimate the accuracy of
morphological analysis outputs apart from bone mineral density. As such, much work remains to prove that a

U-Net can be used to replace the standard segmentation protocol in HR-pQCT work ows.
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Figure 2.9: The application of quantitative microarchitectural analysis to the peri-articular regions in the
knee. Spheres are overlayed on a small section of segmented trabecular bone to visualize how Th.Th, Th.Sp,
and Th.N are measured.

2.4.3 Quantifying Bone Density and Microarchitecture

Following image segmentation, compartment-speci ¢ microarchitectural and densitometric analyses can be
executed. Within each compartment, the average volumetric bone mineral density (BMD; mg HA/cm?®) can
be measured by averaging the density values of all voxels within the compartment. The abbreviations for
compartmental BMDs are commonly pre xed by an abbreviation of the compartment label, e.g. Tt.BMD,
Th.BMD, Ct.BMD, or Sc.BMD for the whole bone (total) or trabecular, cortical, and subchondral bone plate
compartments, respectively. The average cross-sectional areas of the total bone and individual compartments
(Ar; mm?) are occasionally measured, as is the average perimeter (Ct.Pm; mm) of the periosteal contour (the
interface between cortical and trabecular bone) (Whittier et al., 2020c).

The common trabecular microarchitectural parameters of interest are trabecular thickness (Tbh.Th; mm),

separation (Tb.Sp; mm), and number (Th.N; mm 1) and bone volume fraction (BV/TV: %). The rst step is
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segmentation of trabeculae from marrow within the trabecular compartment, which is achieved using Gaussian
smoothing and density threshold-based segmentation (the parameters are generation-/resolution-dependent).
Th.N is measured by skeletonizing the trabecular segmentation, using the maximal sphere- tting thickness
estimation of Hildebrand and R egsegger (1997) to nd the mean spacing between the trabecular skeleton,
and inverting this mean spacing to arrive at an estimate of the spatial frequency of trabeculae (see Figure 2.9).

Hildebrand and R egsegger (1997) de nes a local thickness map, g, #" as follows (using set theory notation):

g,8" :=2max,fAjé 2 sph, % A” G g” (2.1)

where i and @ are coordinate vectors in the 3D image, sph & A” de nes a sphere with radius A centered
at @, and is the set of voxels in the structure being measured (voxels with a value of 1 in the binary mask).
In plain language, the value of the local thickness map at any voxel is equal to the diameter of the largest
sphere that ts inside the structure and contains that voxel. The mean structure thickness, g is then computed

by taking a volume-weighted average and also prescribing a minimum thickness value, gmin:

o max ,,g,,8" gmin” 3+

g= ™ (2.2)

In rst-generation HR-pQCT, Th.BV/TV was derived from voxel densities while Th.Th and Th.Sp were

subsequently derived from the BV/TV and Th.N estimates assuming plate-like trabecular geometry. In
second-generation HR-pQCT, these parameters are all measured independently and directly (Manske et al.,
2015). Th.Th is the mean thickness of the trabecular segmentation and Th.Sp is the mean thickness of
the marrow segmentation (inverted trabecular segmentation), both using the method of Hildebrand and
R egsegger (1997) (see Figure 2.9). BV/TV is directly measured as the ratio of the number of voxels in
the trabecular bone segmentation versus the total number of voxels in the trabecular compartment. Other
trabecular microarchitectural parameters that can be measured, but will not be discussed here, include the
inhomogeneity of the trabecular network (Tb.1/N.SD; mm), connectivity density (Conn.D; mm 3), structural
model index (SMI; unitless), and the degree of anisotropy (DA, unitless).

The most common cortical microarchitectural parameters of interest are cortical thickness (Ct.Th; mm) and
porosity (Ct.Po, %). Cortical thickness is measured using the maximal sphere- tting method of Hildebrand
and R egsegger (1997) applied to the whole cortical compartment segmentation, while in second-generation

HR-pQCT, cortical porosity is measured by rst segmenting the pores in the cortical compartment (Burghardt
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et al., 2010) and then using a similar voxel-counting ratio approach as for BV/TV, but Ct.Po can also be
derived from image densities. Other pore-based cortical microarchitectural parameters that can be measured

include the average volume (Ct.Po.V; mm?) and diameter (Ct.Po.D; mm) of cortical pores.

2.4.4 invivo HR-pQCT Imaging in OA Research

As described above, modern HR-pQCT scanners have adequate spatial resolution, and confer a su ciently
low radiation dose, to be a safe and e ective modality for studying in vivo bone microarchitecture in humans
independently of density (Manske et al., 2015). Traditionally, HR-pQCT has been limited to the study of
distal extremities such as the wrist, ankle and ngers. However, the application of HR-pQCT has recently
been pioneered in parallel by two groups (Kroker et al., 2017b; Chiba et al., 2017) for the in vivo study of
bones at the knee speci cally, the distal femur and proximal tibia. Prior to these developments, HR-pQCT
had only been used to study knee bone morphology ex vivo, for example to calculate summary statistics of
3D joint space distance distributions (Mezlini et al., 2015) or to study subchondral microarchitecture in and
around BMLs using MRI-to-HR-pQCT 3D image registration (Kazakia et al., 2013).

The rst documentation of HR-pQCT applied to study human knees in vivo was by Kroker et al. (2017b) in
the Bone Imaging Lab in 2017. This study established the hardware modi cations, data collection parameters
and procedure, and analysis protocol that would be used in several subsequent studies, including the knee
HR-pQCT data used in this research project. The technique was subsequently applied to a retrospective
cohort of participants who had undergone ACLR surgery Ve years prior, and who had no current evidence of
OA based on the International Knee Documentation Committee questionnaire (IKDC). Comparative analysis
was performed by comparing pair-wise relative di erences between injured and contralateral parameters
and by comparing between groups of participants based on meniscus status: intact, repaired, or partial
meniscectomy. This retrospective study observed subchondral thickening and porosity in the lateral femoral
condyle and decreased density and compromised trabecular structure in the medial femoral condyle of the
injured knee. Subchondral bone plate thickening in the medial compartment was driven by the groups with
a non-intact meniscus, while trabecular structural di erences in the lateral compartment were universal
among injured participants (Kroker et al., 2018a). The HR-pQCT technique was then applied in combination
with MRI to study bone and cartilage in participants who had ACLR surgery as well as a healthy control

group. No signi cant di erences were observed in cartilage thickness, and no signi cant di erences in any
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parameter were observed between contralateral knees and the control group. However, signi cant di erences
in subchondral bone plate thickness were observed between the injured and contralateral knees in the posterior
and central sections of the lateral femur (Bhatla et al., 2018).

The rst longitudinal study of peri-articular bone progression following ACL injury using dual X-ray
absorptiometry (DXA), HR-pQCT and MRI followed participants for eight months, with baseline scans
following the injury within six weeks and follow-ups at two, four, and eight months. Quadratic mixed e ects
models were used to model temporal evolution of all quantitative morphological parameters of peri-articular
bone microarchitecture in load-bearing regions of interest (ROISs) in the femur and tibia as well as in ROIs
at and around co-registered regions containing BMLs on MRI. DXA showed that bone loss was localized
to the injured knee, occurred non-linearly, maximizing at 210 days post-injury, and that bone loss happens
globally in the joint and is not constrained to near the articular surface. HR-pQCT analysis showed a loss
of bone mineral density (BMD) in all compartments in the injured knee, maximizing at around 215 and
254 days post-injury in the femur and tibia, respectively. Bone loss was followed by either a plateau or
partial recovery up to the nal study visit. In the medial tibia, bone loss was observed at all depths from
the subchondral surface and accompanied by decreases in the number of trabeculae and increases in the
trabecular separation. Analysis of HR-pQCT in BML regions revealed that there was approximately 20% peak
excess bone loss in the BML compared to the surrounding trabecular bone. Further, while the BML regions
began to recover after 189 days, BMD in the near-BML regions continued to decline until 258 days (Kroker
et al., 2019), hinting at a propagating e ect emanating from the BML site. In this short-term post-ACL
injury longitudinal study, subchondral bone demonstrates asymmetric losses in density, trabecular structural
deterioration, and subchondral bone plate thinning. Conversely, in the cross-sectional study of participants
5- to 9-years removed from injury, bone density is not di erent from controls while the subchondral bone
plate shows compartmentally asymmetric thickening. These observations seem disparate on the surface, but
can be tto anarrative based on the OA pathogenesis hypothesis proposed by Li et al. (2013): Immediately
following the injury, bone density is reduced due to in ammatory biomediators accelerating bone resorption.
Loss of trabecular bone leads to reductions in the number of trabeculae and connectivity and an increase in
trabecular separation. After the in ammatory trauma response, bone density slowly recovers. However, the
trabecular microstructure is permanently impaired since new bone growth cannot restore lost inter-trabecular
connections. While trabecular structure has been permanently weakened, the same biomechanical load must

be borne by the structure. In response to increased stresses, which will likely be concentrated at or near
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the articular surface, the peri-articular trabeculae thicken and merge to become more plate-like, and the
subchondral bone thickens to gain su cient sti ness to bear the load.

Data from the preceding study was also used in micro- nite element (“FE) modelling to estimate
longitudinal changes in strength and failure load of the femur. Interestingly, the trends for strength in
the BMLs and nearby trabecular bone volumes were reversed when compared to trends in density, with
strength in the BML reaching a minimum at 174 days while the strength of the surrounding bone reached
a minimum at 152 days, the same time as the entire femoral condyle (Shtil, 2019). Knee HR-pQCT “FE
modelling has also been recently demonstrated as a benchmark for comparing results of quantitative computed
tomography (QCT)-based FE modelling (Knowles et al., 2021). Finally, a repeat-scan cadaver study compared
peri-articular analysis outputs using the standard in vivo scan parameters to those produced using an ex vivo
scan protocol that produced images with double the spatial resolution. All quantitative measures had high
coe cients of determination, and errors were within 9% (Keen et al., 2021).

HR-pQCT has separately been applied to the in vivo comparison of peri-articular bone structure in the
knee between late-stage OA patients and healthy controls, along with planar radiography to assess joint space
width and joint alignment. OA patients demonstrated asymmetries in both bone volume to total volume ratios
and structural properties of trabecular bone between the medial and lateral tibial plateaus. Further, in the
medial tibial plateau, several measures of trabecular microarchitecture correlated signi cantly with both
femorotibial angle and worse outcomes on the Kellgren-Lawrence OA classi cation system in general for
OA-a icted patients, the trabecular bone in this compartment was more voluminous, thicker, more plate-like,

and displayed more anisotropy (Shiraishi et al., 2020).

2.5 Image Processing

The computational and/or algorithmic processing of digital images is central to much of the research in this
thesis, so some relevant concepts and algorithms are discussed in this section. A 2D or 3D medical image
is represented digitally by a matrix ( ,G H”) or tensor ( ,G H 1”) where the entries are pixels or voxels that
correspond to an area or volume of 3D space and the value at each pixel or voxel represents information
about the imaged tissue (attenuation, density, EMR signal strength, etc.). Image processing algorithms
operate directly on the values of pixels or voxels to smooth images, segment structures, align images, derive

quantitative metrics, or for other applications.

33



2. Literature Review

Image
Result
30 | 10| 40 116 | 2/116 | 1/16 475
5|0 s ® 2/16|4/16|2/16 | o
1/16 | 2/16 | 1/16
L J
» 100|200 70 | 30 [0 [ 40| 5 [ 0o [ 5
1/16 | 2116 | 1/16 | 2/16 | 4/16 | 2/16 | 1/16 | 2/16 | 1/16
v v v v v v v v v
100400 70 | 60 [ 40 [ 80| 5 [ [ 5 P
116 | 116 | /16 | 116 | 116 | 116 | 116 /16 '

Figure 2.10: Schematic of 2D digital computation of convolution and/or cross-correlation (with a symmetric
kernel, there is no di erence). Zero-value constant padding is used to maintain the image extent and the
kernel uses values from Pascal’s triangle to approximate Gaussian windowed ltering. Each paired image
(green) and kernel (blue) value are multiplied and the products (red) are summed to produce the nal result
(yellow). The value at other pixels in the result would be calculated by sliding the kernel over to a new
location on the image and repeating the process.

2.5.1 Convolutional Filtering

Broadly, in mathematics, image processing, and signal processing, the term ‘convolution’ refers to computing
the integral of the product of two functions (with one function re ected in its domain) as applied o -set (with
an o set dimensionality equivalent to the domain of the functions) is varied either smoothly or incrementally.

The convolution, , and cross-correlation, ¢, operations are closely related, and their de nitions are (Braasch,

2018):
LE I
L5607 = 5,960 ¢"3g (2.3)
1
LI
L9 C6”, ("= 5,076, ,09"39 (2.4)
1

where 5 and 6 are univariate functions parameterized by ¢ and g is a dummy integration variable.
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For a 3D digital image, ,G H 1”,and kernel, ,G H 17, the discrete convolution and cross-correlation

are de ned as (Braasch, 2018):

" "6 H "= L 8H 91 ™ 89 (2.5)

8= 9= nw:i=

. ¢ "GHI":= LL,8H, 0,7 89 (2.6)

8= 9= p:i=
where |  are the extents of the kernel in each dimension.
Convolutional Iltering is often used to smooth images by setting each pixel or voxel to a weighted average
of itself and its neighbours (Behrenbruch et al., 2004). In box Itering, the kernel values are uniform, while in
Gaussian Itering, pixels or voxels closer to the center are weighted more heavily than more distance voxels,

using a Gaussian distribution to set the weights:

1 2 og2
6,6" = —p—4 & 2T 2.7)
T 2c

where T is the variance of the Gaussian, controlling the rate at which the averaging weights drop o and
therefore the severity of the smoothing. Regardless of the kernel used, in smoothing it is critical to normalize
the kernel so that the sum of all values is 1, otherwise the smoothing operation will change the mean intensity
of the image. There are also a number of non-linear image smoothing Iters, including median ltering
(Weiss, 2006), adaptive median ltering, bilateral Itering (Li et al., 2021a), and di usion ltering (Fang
et al., 2008).

Convolutional Itering is also commonly used for edge detection. The Sobel Iters (Kanopoulos et al.,
1988) are the product of matrix multiplication between a (Pascal’s triangle-based) Gaussian kernel with a
stencil for the central di erence approximation for the rst derivative, and can be convolved with an image
to obtain the (smoothed) gradient of the image: one new image component for each dimension, that each
correspond to the local rate of change of the image in that direction. The Laplacian of an image is a scalar
image that is the divergence of the gradient and can also be computed by convolution (Mlsna and Rodr guez,
2009). Zero-crossings in the Laplacian of a function indicate an in ection point, corresponding to the
center of an edge in the context of an image. However, the numerical computation of spatial gradients is a

noise-amplifying operation, and the degree of noise ampli cation increases with each successive derivative
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order, so it is most common to combine a Laplacian Iter with a Gaussian lter and instead look for zero

crossings in the Laplacian of the Gaussian (LOG) (Gunn, 1999).

2.5.2 Segmentation

Segmentation, or semantic segmentation, is the voxel-wise classi cation of an image to create a binary mask,
or masks, that label a separable structure, or multiple structures, in an image (Pal and Pal, 1993; Bali and
Singh, 2015). Some relevant intensity-based methods for segmenting medical images include simple global
thresholding, local adaptive thresholding methods (Mys et al., 2022), Otsu’s method (Goh et al., 2018),
Gaussian mixture modelling (one of many examples of applications of unsupervised clustering algorithms for
segmentation) (Nguyen and Wu, 2013), the watershed algorithm (Beucher, 1994), and Laplace-Hamming
segmentation (Sadoughi et al., 2023). Each of these methods use the pixel or voxel intensities, and/or the
di erences between intensities in small neighborhoods, to classify individual pixels or voxels to one or more
classes.

In “active-contour’ methods, the segmentation problem is recast as the problem of nding the optimal
positioning of a boundary, or boundaries (curves in 2D and surfaces in 3D) between classes. The boundary
is assigned an “‘energy’ that typically depends on both the image itself and on some internal properties of
the boundary (e.g. curvature), and the optimal boundary positioning is de ned by the minimization of this
energy. How to derive the image-based energy varies between implementations (but typically involves both
smoothing and spatial derivatives of image intensities), as does the methodology for iteratively updating the
boundary positioning (Kass et al., 1988; Yushkevich et al., 2006; Hafri et al., 2016).

In atlas-based segmentation, an “atlas’ image with representative anatomy and an optimal segmentation is
registered to the target image, and the atlas segmentation is transformed to the target image using the tted
transform. There exist a variety of methods for both generating the atlas and for the registration, depending on
the anatomy, the purpose of the nal segmentation, and the data available (Bach Cuadra et al., 2015; Besler

etal., 2018; Rohl ng et al., 2004; Liu et al., 2024).

2.5.3 Morphological Operations

Often, automatically generated segmentations have aws. How detrimental these aws are depends on

the application for the segmentation, e.g. annotations to guide qualitative radiological interpretation of
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Figure 2.11: Schematic demonstrating the application of dilation, erosion, opening, closing, and connected
components Itering to a binary image in 2D. In erosion, voxels set from 1 to 0 are coloured red, while
in dilation, voxels set from 0 to 1 are coloured green. In the connected components image, the individual
connected components are assigned separate colours and given numerical labels in order of size.

images need not be as precise as segmentations that will be used for subsequent automated quantitative
analyses. Morphological operations (see Figure 2.11) can be applied to binary segmentations to enlarge
or shrink structures (dilation/erosion), to separate disconnected components of a binary segmentation into
multiple contiguous binary segmentations (connected components), or to delete small spurious features
(opening/closing). The exemplars of these operations shown in Figure 2.11 use standard uniform 3x3 kernels
(also referred to as “structural elements’ in this context) and only go as far as showing the e ects of two-step

Itering. However, more complex morphological operations can also be devised using more complex kernels
and with multi-stage iterative ltering sequences, as described in great detail and mathematical precision
by Dougherty and Lotufo (2003). Physiologically informed sequences of morphological operations are a
powerful tool for generating or improving segmentations, and have been used extensively to develop automated
or semi-automated HR-pQCT analysis work ows (Buie et al., 2007; Burghardt et al., 2010; Whittier et al.,
2021).

37



2. Literature Review

A 4

transform transformed
parameters TRANSFORM moving image
update

OPTIMIZER INTERPOLATOR

METRIC transformed,
interpolated

f moving image

Convergence check

TERMINATE

Target

Figure 2.12: Schematic of the generic image registration iterative loop.

2.5.4 Registration

The purpose of image registration is to align two (or more) images by de ning one image as the moving
image and one image as the target image and nding a transformation that maps from the physical space
of the moving image to the physical space of the target image. The generic image registration optimization
loop is depicted in Figure 2.12. The four main components of the image registration optimization are the
transform, the interpolator, the metric, and the optimizer (Brown, 1992). It is also important to select an
appropriate convergence criteria, which terminates the optimization when realized.

The transform dictates the type of registration being performed. The simplest transform is the rigid
transform, which allows for spatial translation and rotation, and is appropriate when the anatomical structures
in the moving and target images have the same scale and form, e.g. intra-subject multimodal or longitudinal
registration. To register image with signi cant di erences in the scale and form of the anatomies, a ne
transformations allow for translation, rotation, scaling, and skewing, spline-based transforms use sparse grid
points with arbitrary deformations that are interpolated to the voxel-scale, and fully deformable transformations
apply a unique deformation vector to each voxel in the moving image to transform it to the target space (Wang

and Li, 2019).
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The aforementioned transformations are continuous, and voxels from the moving space will not map
cleanly onto voxels in the target space. To facilitate computation of the registration metric, the transformed
image must be interpolated to the target image’s structured grid. When registering based on image intensities
(or densities), linear interpolation is the most common, but there are also a variety of spline-based and
bandpass Iter-based interpolation schemes, which come with greater computational costs.

The metric is a function that generates a single real number based on a comparison of the interpolated
transformed image and target image, and optionally the transform (e.g. regularization), the value of which is
at a minimum (or a maximum) when the two images are optimally registered (Melbourne et al., 2010). There
are a number of registration metrics for di erent scenarios. The Sum of Squared Di erences is appropriate
when the moving and target images are from the same modality and are quantitative, so the same anatomical

structure will have the same intensity in each image:

Lssp = b1 27 (2.8)

voxels

If the intensities in each image should correlate but are not guaranteed to exactly correspond, then

Cross-Correlation is a more appropriate metric:

Lce = 12 (2.9)

voxels

For cross-modality registration, where intensities will not correspond or correlate, a joint entropy-based

metric like Mutual Information can be used:

%,1 2

Ly = %, "log ——M—
mi Tl 2000 e

12

(2.10)

where %, 1", %, 2", and %, 1 " are the probability distributions of image 1 and , and the joint
probability distribution of the two images, respectively. %, 1 »" cannot be known exactly and must be
approximated from the image data, typically using a histogram-based method, which is computationally
costly.

There are a number of image registration optimizers, which can be broadly divided into two groups.
Gradient-based optimizers either compute or numerically approximate the gradient of the metric with respect

to the transform parameters and use this to update the transform, and include Gradient Descent and the Limited
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Broyden Fletcher Goldfarb Shanno Bounded (L-BFGS-B) method. Gradient-free optimizers search the
transform space for optimal solutions using methods without gradients, and include brute force (or exhaustive
search), the Powell method, and the Nelder-Mead method.

Optimization can be terminated after a set number of optimizer iterations, after the metric has reached a
certain threshold, or after the metric has stopped changing over a certain number of iterations (‘patience’). Two
additional (conceptually related) methods for improving the stability and convergence of image registration are
transform initialization and multi-scale registration. Transform initialization refers to registering two images
using a simpler transformation and using the tted result to initialize the ultimate registration transformation.
For example, a rigid registration may be initialized by a simple translation transformation that aligns the
bounds of the two images, or that aligns the two images based on the rst moment of their intensities. A
deformable registration may be initialized by rst rigidly registering the two images, which itself my be
initialized as above. Sequences of registrations can be chained together arbitrarily, and multi-scale registration
is one example of this. In multi-scale registration, the images are downsampled to a lower resolution, or a
sequence of lower resolutions. The downsampled images are registered and the resultant transformation is
used as an initialization for the next registration (at a higher resolution), until the images are registered at the

original (or nal) resolution.

2.5.4.1 Demons Algorithm

The ‘Demons algorithm’ for image registration, rst proposed by Thirion (1998), is a fully deformable
registration method, where the transform is a deformation map, 3g, a vector eld de ned on every voxel
of the moving image that points to a position in the space of the target image. The Demons registration is
iterative, and each iterative update to the deformation map occurs in ve steps, starting from some initialized
deformation map:

(1) deform the moving image:

<03 (2.11)

where " and <’ are the intensities of the original and deformed moving image,

(2) compute the deformation update, 3s:

40



2. Literature Review

3 r = © (2.12)
8 8 T :
where 1y is the spatial gradient and ( is the intensities of the target image,
(3) regularize the update ( uid-like regularization):
38 fupdate 38 (213)
where ., isa Gaussian kernel,
(4) update the deformation map:
B 3. 3 (2.14)
and (5) regularize the deformation map (di usion-like regularization):
38 Fdeformation 38 (215)

where is another Gaussian kernel.

Feformation

In the original work, Thirion (1998) notes that variants of the Demons algorithm can be generated by
varying the locations of the grid points for the deformation, the allowable deformations, the interpolation
method, and the formula for computing the update ( 3g), mirroring the discussion in the preceding subsection
of the modular components of the generic image registration pipeline.

A particular concern in Demons registration is the reversibility of the transformation. The deformation
map generated by the standard Demons algorithm is not necessarily reversible: the deformation map may
have singularities where multiple locations in moving space are mapped to the same position in target space,
or exhibit “folding,” where the deformation vectors cross over each other. In most applications of image
registration for medical images, neither of these phenomena are likely to be anatomically correct, and they
prevent the transformation from being reversed. Vercauteren et al. (2009) proposed the ‘di eomorphic’
Demons algorithm for this purpose. While the standard Demons algorithm performs an optimization over
the space of all possible non-parametric deformations (constrained only by the resolution of the vector eld
and the regularization), the di eomorphic Demons algorithm constrains the search space to the sub-space of

reversible non-parametric deformations by modifying both how the deformation is applied to the moving

image and how the update is computed.
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2.5.4.2 Deep Learning for Image Registration

More recently, there has been an acceleration of research into using deep learning for image registration. This
includes the use of reinforcement learning to create ‘“intelligent’” optimizers, supervised learning to directly
predict transformation parameters from image pairs, and autoencoder and/or generative adversarial networks
to predict deformation maps from image pairs (Fu et al., 2020). The application of deep learning to improve

image registration is exciting, but not utilized in the research in this thesis.

2.6 Deep Learning

The application of deep learning for image segmentation is the main subject of Chapters 3 and 5. This section
reviews some basic concepts and recent literature in deep learning that are of relevance for automated image

segmentation.

2.6.1 Ontology - Arti cial Intelligence, Machine Learning, and Deep Learning

Broadly, arti cial intelligence (Al) encompasses a set of technologies that allow computers to simulate human
decision-making in automated (or semi-automated) processes (Goertzel and Pennachin, 2007). This ability
may come from hard-coded logic-based decision rules created by human domain experts or it may come
from ‘learning’ from experience and/or data prospectively and/or retrospectively. Historical examples of
Al include expert systems (Kastner and Hong, 1984; Swartout, 1985), e.g., hard-coded decision trees, and
genetic algorithms (Lambora et al., 2019), adaptive algorithms that are semi-randomly perturbed, tested,
and pruned iteratively to optimize some target metric. Machine learning (ML) is a subset of Al in which
parameterized statistical models, of vastly varying degrees of complexity, are tted to observed data (Mahesh,
2020). The three primary branches of ML are reinforcement learning, unsupervised learning, and supervised
learning. In reinforcement learning, ML models control the behaviour of agents that receive discrete partial
snapshots of the state of the environment and optimize their actions to maximize a reward signal from the
environment (Sutton and Barto, 2020), e.g. to control a robot to solve a maze quickly using limited sensor
data. In unsupervised learning, ML models are t to unlabelled data to discover patterns and structure within
the data, e.g. to segment a customer base using demographic and sales data, or to detect outliers (Boukerche

etal., 2021). In supervised learning, ML models are t to labelled data to learn a mapping from one feature
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space to another, e.g. to segment a structure in an image or to estimate the risk of an adverse event from
tabular patient characteristic data.

In the context of automated analysis of medical images with speci ¢ target outcomes (e.g. semantic
segmentation, computer-aided diagnosis), supervised learning is the most directly applicable branch of ML.
However, unsupervised learning can be used to pre-train components of models on large unlabelled datasets
prior to ne-tuning a model for a speci ¢ task using supervised learning with a smaller curated labelled dataset
- this practice is referred to as transfer learning (\Weiss et al., 2016) or pre-training, while domain adaptation
refers to taking successful models trained on a speci c input distribution and adapting it to work on data
from a new distribution (Kouw and Loog, 2019), e.g. to adapt a model to new scanner hardware or new MRI
sequences. The two main sub-branches of supervised learning are regression and classi cation. In regression,
the output(s) of the model are continuous values - a classic pedagogic example is predicting the sale price of
a house given a set of features of the house. In classi cation, the output(s) of the ML model are binary or
categorical, such as assessing a tumour as benign or malignant, or agging a screening mammogram for
recall. Semantic segmentation, the generation of binary mask(s) from image data, is voxel-level classi cation,
where each voxel in an image is assigned a binary or categorical label.

Deep learning (DL) is a subset of ML where the model is a deep neural network (DNN). DNNs, inspired
by the biological ‘thinking’ architecture of neurons and synapses, process inputs in sequential stages, creating
intermediate/latent outputs that are the inputs to the next stage, culminating in an output layer (or many

independent output layers) that compute the nal prediction(s) (LeCun et al., 2015).

2.6.2 Fundamentals

A generic supervised ML model is a parameterized function that maps an input vector to an output vector:

H=5,6\" (2.16)

where # are predicted outputs, G is a vector of input features, and \ is a vector of the internal parameters
of the model, 5. The input features are accompanied by a ground truth output value, H, and together with the

predicted value and a loss function, ,, ", this allows for the calculation of the loss, L:

L= ,AH = ,5,6\"H (2.17)
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Figure 2.13: Schematic of the typical supervised ML optimization iterative procedure.

The gradient of the loss function with respect to the model parameters provides an update vector that
can be added to the model weights to increment them towards the optimal model state where the loss is

minimized:

v\ [y L5L,G\ (2.18)

where [ is the *learning rate,” a small number required for numerical stability (Goodfellow et al., 2016),
and r\ is the gradient operator with respect to \. Modern deep learning libraries include auto-di erentiation
engines (e.g., torch.autograd or jax) that can automatically successively apply the chain rule to compute
the analytical gradient of any (di erentiable) loss function with respect to any computational graph (or at
least, with respect to the parameters of the di erentiable components of the graph). If all of the training data
are used together to compute one loss value and the gradient of this loss is used to increment the model
parameter, this is classical gradient descent. However, modern DL datasets and models are too large for
the gradient of the loss to be computed on the entire training dataset in parallel, due to memory constraints.
While gradient accumulation could be used to compute the loss on batches of training data and only increment

the model parameters after one full pass through the training dataset (an ‘epoch’), it is more e cient to
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increment the model parameters more often than this. In stochastic gradient descent, the loss is computed
from only one sample / unit from the training dataset and used for a model parameter update. In mini-batch
gradient descent, batches of training data samples are grouped together (typically as many as can be tin
memory during backpropagation) and the summed or averaged loss across the batch is used for a model
parameter update. Mini-batch sampling is the de facto standard methodology for training model DL models,
occasionally with gradient accumulation to increase the apparent batch size for the parameter update beyond
memory constraints.

A general supervised ML model training loop is shown in Figure 2.13. The primary components are the
dataset, the data sampling procedure, the loss function(s) and metric function(s), the logging module, the

(optional) earely stopping criteria, and the optimizer.

2.6.3 Data Pre-processing and Augmentation

The dataset is all of the labelled training data that is exposed to the model during training. Typically, this
data will be separated into two groups: training data to use for computing gradients and updating the model,
and validation data to be used for computation of losses and/or metrics only, used as a proxy metric for
model generalizability. The data sampling module extracts training and validation data from the dataset,
constructs the minibatches, preprocesses the data as necessary (including normalization, cropping, etc.), and
may apply optionally data augmentation transformations to training data. Data augmentation is a strategy
for synthetically increasing the size of the training dataset by modifying the existing training data in an
attempt to make it more representative of the target distribution on which the model will eventually be
applied and to mitigate over- tting to the (original) training data. Data augmentation can be intensity-based:
additive noise, contrast modi cations, etc., or geometry-based: re ections, rotations, a ne transformations,
deformations, etc. It is important to only apply data augmentation transformations that are reasonable based
on the expectation of the target data distribution, and in the case of voxel-level output labels, to transform the

labels consistently with the inputs (Goodfellow et al., 2016).

2.6.4 Pertinent DNN Layer / Block Types

There are many DL model architecture types that are used for di erent applications (Liu etal., 2017), including

standard feed-forward fully-connected Deep Neural Networks (DNNs) for structured data, Recurrent Neural
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Networks (RNNs), Long Short-Term Memory (LSTM) models (Sherstinsky, 2020), and Transformer-based
encoder-decoder models for natural language processing (or more generally, for sequence-to-sequence
prediction/generation) (Vaswani et al., 2017), Convolutional Neural Networks (CNNs) (Alzubaidi et al., 2021)
and Vision Transformers (ViTs) (Dosovitskiy et al., 2020) for image classi cation, Deep Super-Resolution
(DSR) networks for up-sampling images (Anwar et al., 2021), Generative Adversarial Networks (GANSs) for
generating synthetic images (Goodfellow et al., 2020), Graph Neural Networks (GNNs) for graph data (Zhou

et al., 2020), and many more.

2.6.4.1 Fully-Connected Layer

The fully-connected layer is the building block of the multi-layer perceptron (MLP). Inspired by biological
synaptic networks (Rosenblatt, 1958), a fully connected layer maps an input vector to an output vector by
performing a matrix multiplication and adding a bias vector:

» 1. _ »,1.A%;. »;, 1.
L= el g (2.19)

where I;’;'l“‘ is the output vector for layer ; , 1, 0’;;"‘ is the input to layer ; , 1 and the nal output from
layer;, , 8”91 is the matrix of learnable weights for layer ; , 1, and 1;“1”‘ is the vector of learnable biases for
layer; , 1.

In theory, asu ciently deep MLP (with activation functions: see Section 2.6.4.4) is a universal function
approximator: any arbitrary mapping from one dimensional space to another can be learned, given su cient
training data and su cient model capacity (Hornik et al., 1989). In practice, it is often more e cient to

import relevant inductive biases into models for speci ¢ purposes based on human domain knowledge, or

hypotheses about the structure of the mapping we desire the model to learn.

2.6.4.2 Convolutional Layers

Images present a challenge for traditional feed-forward fully-connected neural networks. Consider a 2D image
with 1024 x 1024 (21°  210) pixels: there are 220 total pixels in the image - this is the dimensionality of the
input space! A single fully-connected layer to an intermediate latent space with the same dimensionality
would have ,2%° , 17220 240 parameters. For context, it is estimated that only approximately 14.3 trillion

( 2*37) photographs have been taken in human history, and the entire GPT-4 model is rumoured to have only
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asmany as 2 trillion ( 2%0°) parameters. Here, we run into the ‘curse of dimensionality:” (Goodfellow
et al., 2016) the number of images that could possibly be available for training for a specialized task vanishes
relative to the number of parameters in a single layer of our model.

Convolutional layers were rst developed by Fukushima (1980) and rst applied successfully (for digit
recognition) with automatic optimization via backpropagation by LeCun (1995). A convolutional layer allows
us to import two key inductive biases into the model to dramatically reduce the (independent) parameter count.
First, translational equivariance allows for weight sharing: the same structure should be processed in the same
way regardless of its position in the image. Second, the relationships of pixels (or voxels) that are relatively far
apart should be ignored, which allows us to pare away many (the overwhelming majority) of the connections
that would be present in a fully-connected layer. Regardless of input image size, a convolutional layer applied
to an image with 3 features with a kernel size of : will contain only 3:2 , 1 (3:2 , 1 in 3D) independent
parameters per output latent feature (e.g. for a 1-channel input and a 3x3 kernel: 10 parameters per latent
feature). Conceptually, a convolutional Iter is identical to cross-correlation Itering as de ned in equation
2.6, except the values of the kernel are learnable parameters and an additonal bias term is (optionally) added,

so the general equation de ning the relationship between the inputs and outputs of a convolutional layer is:

Iz;,lm - HO»;W ¢, 5;,1“‘" ) 1%;’1‘” (220)

where , 2;’1“‘ and 155’1"' are the convolutional kernel tensor and bias scalar for output class 2 in layer

; » 1,0~ is the post-activation output tensor of layer ; (the input to layer ; , 1), and I?’l‘” is the output tensor
of the convolutional layer ; , 1 for class 2. While the ‘convolution’ layer is technically a cross-correlation
layer in practice, the di erence is only semantic, since the values in the kernel are initialized randomly and
learned during training. If the true convolution operator were substituted for cross-correlation, the learned
kernel values would simply re ect across each axis.

Convolutional layers may be con gured by setting the number of features to extract (each feature
contributes an independent kernel tensor that is convolved over the input tensor), the size of the kernel, the
stride (the step size when sliding across the image, larger values downsample the image while convolving),
the edge-handling behaviour (unless the input tensor is padded somehow, e.g. with constants, re ection,
or edge values, then the convolution operation will shrink the tensor and the output will be smaller), or by

adding “dilations’ to use so-called “atrous convolutions.’
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2.6.4.3 Vision Transformers

The Transformer architecture was rst introduced for sequence-to-sequence tasks (speci cally for machine
translation) by Vaswani et al. (2017) and later applied to create the Vision Transformer (ViT) by Dosovitskiy
etal. (2020). A transformer encoder layer processes a sequence with using multihead self-attention (MSA) and
followed by a linear feed-forward layer, with residual/skip connections around each. The (scaled, dot-product)

attention equation is:

, &)
Attention,&  +” = sigmoid 193: + (2.21)

where &, ,and + are the ‘query,” ‘key,” and “value’ vectors, which are each computed from the input
sequence (‘self-attention’) using linear layers with shared weights2, 3 is the dimensionality of the key vector
(“scaled’), and sigmoid,, ” is an activation function de ned as follows:
1

Singid,,In = m (222)

which approaches 1 as the input approaches 1 and 0 as the input approaches 1. MSA linearly projects
the query, key, and value vectors to a set of  parallel lower-dimensional subspaces and computes attention in

parallel and concatenates the output:

MSA,&  +" = Concat,head; head; head; head ” (2.23)
head; = Attention, & , . ., +,;" (2.24)

where , a&’ .5 »and , /7 are learnable linear maps from the internal model space of the Transformer to

the subspaces. A single Transformer block is then de ned by the following two updates:

19= MSA,LN,I; 1™, I; 1 (2.25)
I, = MLP,LN, 1™ , 1. (2.26)

where 1. 1 is the input sequence, ; is the layer/block index of the current Transformer block in a sequence

of blocks, MLP is a multilayer perceptron layer, as described above, and LN is layer normalization3.

2ghared between entries in the sequence, not shared between &, , and +. The mapping from input to query, key, and value is
equivalent to a 1D convolution with a kernel size of 1.
3Layer normalization is described in the next subsection.

48



2. Literature Review

A VIT takes an image as input and executes the following steps: (1) separate the image into a sequence
of # square (or cubic) patches, (2) atten each patch into a 1D vector and feed the sequence of 1D vectors
through a linear layer with shared weights (embedding), (3) add (learnable parameter) positional encodings
to each vector in the ‘embedded’ sequence and also add a dummy ‘CLASS’ encoding to a zero-vector at
the start of the sequence, (4) feed the embedded & positionally encoded sequence through some number of
Transformer blocks, and (5) using either the value of the rst (dummy CLASS-coded) vector or the pooled
values of all output vectors from the nal sequence as input into an MLP layer to produce a class prediction to
classify the input image. While ViTs retain the advantage of having dramatically fewer learnable parameters
than would be required for a dense feed-forward network applied to 2D or 3D images, they lack the inductive
biases of CNNs (short-range relationships between pixels/voxels and translational equivariance), other than in
the initial step of splitting the image into patches of xed size. How to encode the positioning of patches
and how to utilize that positional information in the Transformer blocks is fully left to the model to learn.
This additional exibility means that ViTs require relatively larger training datasets to achieve reasonable
performance than do CNNs, but that ViTs have a greater potential to learn more varied mappings from input
to output given su ciently large volumes of training data, and could outperform CNNs with a comparable

number of parameters if the inductive biases of CNNs are not optimal for the task at hand.

2.6.4.4 Other Important Neural Network Components

Perhaps the single most important concept to enable deep learning, aside from matrix multiplication and the
chain rule, is the activation function (Dubey et al., 2022). Matrix multiplication is linear, and therefore an

arbitrary sequence of matrix multiplications is reducible to multiplication by a single matrix:

»h, »3. »2. »lmG — OG (227)

where - and °are matrices4 and G is a vector.
Introducing a non-linear function between each matrix multiplication breaks this linearity and allows for

DNNs to be universal function approximators:

4The dimension of ? would be such that it would be identical to the dimension of the matrix produced by left-multiplying all of
”+ in sequence from ; = 1 to ; = 1. Note also that '~ must have dimensions that are compatible with this sequence of matrix
multiplications.
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Figure 2.14: Normalization layers - each block represents a tensor. Cells coloured red or purple are grouped
to compute the mean and standard deviation for normalization. Note that while ‘voxel dim’ is depicted as a
single axis, in the context of medical imaging it represents as many as three additional axes: height, width,
depth. Figure adapted from Figure 2 in Wu and He (2018).

S S S R S <% (2.28)

where F, " is a non-linear uni-variate function that is applied to an input vector element-wise, called
the activation function. There are a great number of activation functions that have been developed and used
(Dubey et al., 2022), but two prevalent and archetypical examples are ReLU and the sigmoid. ReLU is de ned

as:

-

ReLU,I” = (2.29)
?o 1 0

and the sigmoid is de ned in equation 2.22.

For most activation functions, it is desirable for the inputs to be within, or close to, the » 1 1. interval,
as this is either where the non-linearity occurs (ReLU) or where the gradients are strongest (sigmoid, and
other hyperbolic-like activation functions). If intermediate values within the model grow too large or too
small, it can lead to either exploding or vanishing gradients, which cause models to either diverge or stall
during optimization. To prevent this and stabilize the intermediate values within the model, not only are the
inputs to a DNN typically scaled in some way (e.g., standardization), but ‘normalization’ layers are applied
within the network. As shown in Figure 2.14, there are many kinds of normalization layers, which apply
normalization across di erent dimensions of the intermediate tensors. Batch normalization normalizes on the
batch dimension, while instance normalization normalizes values within each channel in each batch. Layer

normalization normalizes latent tensors on the channel dimension, and group normalization is a special case
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of layer normalization, where the channels are separated into groups that are each normalized separately (\Wu
and He, 2018).

Downsampling layers are important in CNNs, as they e ciently reduce the height and width (and
depth) of the latent space to reduce the required computational resources and allow models to learn lower-
dimensional representations of the structures in image data, select the most salient features detected in small
neighbourhoods, and increase the e ective receptive eld5 of ensuing convolutions. Downsampling can
be accomplished using average pooling, max pooling, or by setting stride j 1 in a convolutional layer. In
autoencoder-style models where the output must be of the same dimensionality as the input, downsampling
operations must be accompanied by upsampling operations. The most common upsampling layers are
transposed convolutions and bilinear (2D) or trilinear (3D) interpolation. Transposed convolutions often
introduce a checkerboard artifact into their outputs, and while there has been research into checkerboard-free
transposed convolutions (Aitken et al., 2017; Gao et al., 2019; Sugawara et al., 2019), interpolation-based

upsampling does not su er this issue and does not introduce additional learnable parameters.

2.6.45 Loss Functions

The loss function de nes the optimization metric that the model parameters learn to minimize on the training
set (Goodfellow et al., 2016). In regression problems, the mean absolute error & mean squared error of
the di erence between the predictions and targets are two common metrics. In classi cation problems, the
dominant metric is cross-entropy loss, Lcg, so-called because it is based on the information-theoretic concept

of the cross-entropy between probability distributions:

Lce = Hz log ,H2" (2.30)

2 voxels

where H, and K, are the vectors of targets (binary) and predictions (continuous) for each class. Cross-
entropy can be extended to higher-dimensional targets and predictions (e.g. 2D, 3D images) by computing
the element-wise cross-entropy loss and summing or averaging across the tensor.

Another common loss function for image segmentation problems is the Dice loss, based on the Dice

similarity coe cient (DSC):

5The receptive eld of a latent feature pixel/voxel is all of the pixels/voxels in the input that it depends on.
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(2.31)

where ny, n, are small constants to prevent divide-by-zero errors. While DSC is technically unde ned for
segmentations where both the reference and prediction are entirely background, in some implementations
n1 = nz = 0 and divide-by-zero errors are captured and the loss is set to O to re ect that the prediction is
technically completely accurate. Dice loss was rst proposed for training deep learning image segmentation
models by Sudre et al. (2017) as an alternative to cross-entropy for tasks with unbalanced classes, as the DSC

is an overlap-based metric that is normalized by the total size of the target and predicted region.

2.6.4.6 Optimization and Regularization

The optimizer is responsible for translating a computed loss into an update value for all of the (learnable, non-
frozen) parameters in the model. While there are optimization methods not based on backwards propagation
of derivatives, such as the Forward-Forward algorithm recently introduced by Hinton (2022), gradient descent
and its derivatives remain the dominant paradigm for training deep learning models (Goodfellow et al., 2016).
The basic gradient descent update is given in equation 2.18, where backpropagation (linear algebra and the
chain rule) is employed to propagate analytical derivatives (evaluated at the input values) backwards through
a model, starting from the loss function, to obtain the gradient of the loss function with respect to every
(learnable, non-frozen) parameter in the model, which is used to increment the model, ideally towards a
minimum. Several variants have been developed to improve the e ciency and stability of convergence of
gradient descent, typically by approximating an exponential running average of the gradients, or some similar
guantity or quantities, and scaling the step updates. Gradient descent variants include Adagrad, RMSProp,
Adam, and AMSGrad, among others.

‘Regularization’ is a class of methods used to mitigate the model parameters over- tting to the training
data and to optimize the bias-variance balance of the nal model (Kukafka et al., 2017). In L1 and L2
regularization, the absolute value or the squared sum of the parameters in the model is added to the loss

function:

L|_1 =L » _ j\sj (2.32)
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Lo=L,_ \ (2.33)
8

where _ is a scalar coe cient that controls the in uence of the regularization loss relative to the
task-speci ¢ primary loss function(s). L1 regularization, sometimes referred to as the least absolute shrinkage
and selection operator (LASSO), promotes sparsity in the model parameters, while L2 regularization, also
referred to as weight decay, prevents the magnitudes of the weights from growing too large. Model parameters
can also be regularized using dropout, a DNN layer that randomly zeros out paths through the model during
training, to prevent any one path through the model from becoming dominant, theoretically improving model
generalizability. Data augmentation, described in a prior section, is also sometimes considered a method of

regularization.

2.6.4.7 Training Strategies

The fundamental mode, or strategy, for training a model is ‘from-scratch,” where the parameters of the model
are initialized randomly and the model is trained on some training dataset that is sampled so as to match the
expected distribution of input data that the model will be applied to6, and where the model is trained only for
the task it will be applied to (Goodfellow et al., 2016). In some cases, there is only a small amount of data
available for a speci c task, but much more data available for a similar, but di erent task. In ‘transfer learning,’
a model is trained to perform a related task on a larger dataset and the pre-trained model is ne-tuned on
the smaller task-speci ¢ dataset (Weiss et al., 2016). Pre-training may involve either supervised learning or
unsupervised learning modes, and it is possible to only pre-train certain components of a model and/or to
only ne-tune certain components of a model. ‘Domain adaptation® is a speci ¢ subset of transfer learning in
which a successful model is re-trained to compensate for a shift in the distribution of input data, e.g. from
changing the imaging equipment, the patient demographics, or the prevalence of pathology (Kouw and Loog,
2019). ‘Federated learning’ encompasses a broad suite of techniques for training a centralized model using a
distributed network of nodes with partitions of the training dataset, which protects patient health data and
avoids institutional and legal barriers to data sharing (Mammen, 2021). Typically, a version of the model is
sent to the nodes, which return gradient updates to the central server that were computed with their local

training data. Finally, in “‘multi-task learning,” a model is trained for the target task while simultaneously

60r more often, simply the data the researcher or developer has access to.
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Figure 2.15: Some common metrics for quantifying segmentation accuracy based on overlap and contour
distance.

trained for one or more secondary tasks, e.g. multi-class segmentation when only one class label is required,
or training a segmentation model to also predict motion scores or other quantitative or categorical outputs
(Thung and Wee, 2018). Multi-task learning promotes the model to learn additional salient features beyond

those required for the speci ¢ task on the training data and can improve both performance and generalizability.

2.6.5 Metrics and Validation

After a model has been trained, it is necessary to quantatively validate the performance of the model - in
the case of segmentation models, based on the quality of the segmentations. There are a great many image
segmentation metrics and reviews by Taha and Hanbury (2015) and Yeghiazaryan and Voiculescu (2018)
document them and provide guidance on metric selection. Here, we review two overlap-based metrics and
two surface distance-based metrics, shown in Figure 2.15.

A binary segmentation can be thought of as the (sub)set of all the voxels that have been assigned to
that class. When evaluating the quality of a predicted segmentation against a reference segmentation, we
are comparing the membership of two (sub)sets. Overlap-based metrics compute the number of common

elements between the two sets and normalize this number by some measure of the total number of elements.

54



2. Literature Review

The Dice Similarity Coe cient normalizes the overlap by the average of the total size of each of the two
individual sets (Dice, 1945), while the Jaccard Index (also referred to as ‘intersection over union’ (loU))
normalizes the overlap by the size of the union of the two sets (Jaccard, 1912).

A binary segmentation can also be thought of as de ning a manifold (e.g., a 2D surface in 3D space or a
1D contour in 2D space) that separates ‘inside’ from ‘outside.” In this perspective, we are comparing the
location of a predicted surface and a reference surface. One can de ne the ‘symmetric surface distance’ at
each point on either surface as the distance to the closest point on the other surface. The average symmetric
surface distance (ASSD) and the Hausdor distance are the average and maximum of these surface distances,
respectively.

There are two distinct strategies for model validation: test set holdout and cross-validation (CV)
(Goodfellow et al., 2016). In test set holdout, a segment of the dataset is partitioned (*held out”) and remains
untouched by the researcher and/or the model. The model is trained and validated on the remaining data, and
once satisfactory performance is achieved and the model is nalized, the held out test set is used for one

nal validation round. Held out test set performance is then an estimate of expected performance on future
unseen data. In CV, the data is separated into many partitions. For each partition, we train a model on the rest
of the data and use the held out partition for validation. The metrics are averaged across all partitions to
obtain a nal estimate of future performance on unseen data for the nal model, which may be retrained
using all of the data, or created by ensembling all of the trained models. In *leave-one-out’ CV, each partition
contains one sample from the dataset. In ‘:-fold” CV, the dataset is evenly divided into : partitions, which
each have many samples. Leave-one-out CV is feasible for small datasets or simple models, but for deep
learning models, typically only :-fold CV is feasible. An important concept to keep in mind when training a
model is ‘data leakage,” the improper in uence of data in the evaluation dataset on the training of the model.
Data leakage can occur directly if some data is replicated between the training or validation datasets and the
held out test dataset or if a data preprocessing transformation is tted to all of the data rather than just to
training data, but it can also occur indirectly through ‘researcher degrees of freedom.” A model developer
might start with a holdout evaluation approach, get poor results, and either tweak the model and repeat the
experiment, or default to using a CV approach with the same dataset. Or, a model developer may repeat
their CV experiments a great many times, ne-tuning their approach to optimize the CV performance metric
estimates. In all of these cases, it is unclear whether the evaluation strategy can now produce an unbiased

(or even useful) estimate of the expected performance on future unseen data. These researcher degrees of
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Figure 2.16: UNet architecture. Adapted from Ronneberger et al. (2015).

freedom and the lack of (widely adopted) formal systems for mitigation combine with publication bias to

in ate published estimates of model performance and erode trust in the performance of published models.

2.6.6 Speci ¢ Relevant Segmentation Model Architectures

This section brie y describes ve segmentation model architectures that are used in Chapter 5 and that, for
brevity, are not described in any detail in that chapter. For a more complete review and taxonomy of the

dozens of UNet-like segmentation models, see Azad et al. (2022).

2.6.6.1 UNet

The U-Net was initially proposed by Ronneberger et al. (2015) for cell segmentation on 2D microscopy
images and later extended to 3D by Milletari et al. (2016) for volumetric medical image segmentation, applied
to MRI. A high-level schematic of the U-Net architecture is depicted in Figure 2.16. The U-Net has two
main components: an encoder and a decoder. In the encoder, an input image is sequentially transformed and
down-sampled, producing latent feature maps with progressively lower spatial resolution but more features per
voxel. In the decoder, the latent feature maps are sequentially transformed and up-sampled to get back to an
output image with the same (or similar) resolution as the input and a speci ed number of output channels, in
this case each corresponding to a binary classi cation on each voxel. The encoder and decoder typically make

use of a shared block unit for the transformations at each stage, referred to as a ‘Conv. Block’ in the gure,
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Figure 2.17: UNet++ architecture. Adapted from Zhou et al. (2018).

which typically involve two sequential convolutional layers, each followed by an activation function layer and
possibly also normalization layers and/or dropout layers. The down-sampling can be achieved using either a
pooling operation or by adding strides to the nal convolution in the block. In the decoder, up-sampling can be
performed using either transposed convolutions or up-sampling interpolation layers. Finally, there are residual
‘skip connections’ between corresponding levels of the encoder and decoder (indicated in Figure 2.16 by
dashed lines), wherein the output of an encoder convolutional block (prior to down-sampling) is concatenated
(indicated in Figure 2.16 by adjoined circles) to the input of the corresponding decoder convolutional block.
The purpose of these skip connections and concatenations are both to prevent vanishing gradients and to allow
for features learned at each hierarchical level of the encoder to contribute more directly to the predictions

generated in the decoder.

2.6.6.2 UNet++

The UNet++, proposed by Zhou et al. (2018) and depicted in Figure 2.17, is a straight-forward evolution on
the architecture of the U-Net. While there remains only a single encoder, the interior of the U-structure is

lled in with additional sub-decoders. Each sub-decoder passes its intermediate outputs along to the next
sub-decoder and also passes its nal outputs from the model, resulting in a list of output images rather than a
single one. This list of images can be used to train the model (“deep supervision’) and inferences with the

model can be made using either a combination of the outputs or only using the nal output from the full
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Figure 2.18: SegResNetVAE architecture. Adapted from Myronenko (2018).

model.

2.6.6.3 SegResNetVAE

The SegResNetVAE (Segmentation Residual Network with Variational Autoencoder (VAE)) was proposed by
Myronenko (2018) and is depicted in Figure 2.18. A standard U-Net architecture is used for predicting a
semantic segmentation while a VAE decoder is attached to the lowest-level latent feature map of the U-Net. A
VAE decoder takes a attened array and samples a new array element-wise from a normal distribution, using
half of the inputs as means and half of the inputs as standard deviations. The resulting sampled vector is
recon gured to a volumetric tensor and decoded back to an image with the same resolution and number of
channels as the input. The SegResNetVAE is simultaneously trained to both predict the segmentation from
the UNet decoder with a standard segmentation loss function and to regenerate the input image from the VAE
decoder with standard VVAE loss function, i.e. the L, norm of the di erence between the prediction and the
input and a KL divergence loss applied to latent normal distribution parameters. The SegResNetVVAE is an

example of multi-task learning for image segmentation.

2.6.6.4 SeGAN

The SeGAN (Segmentation Generative Adversarial Network (GAN)) was proposed by Xue et al. (2018) and

is depicted in Figure 2.19. The SeGAN applies the classical GAN paradigm, where an “actor’ (in this case
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Figure 2.19: SeGAN architecture. Adapted from Xue et al. (2018).

‘segmentor’) and “critic’ are trained adversarially. When training a GAN, the actor is tasked with generating
outputs while the critic is tasked with evaluating the quality of the actor’s outputs, typically by attempting
to distinguish them from some reference data. In the SeGAN, the segmentor uses the standard U-Net
architecture to predict segmentations. The critic takes the input image, predicted segmentation, and reference
segmentation as inputs, masks the input image with each segmentation (the fuzzy predicted segmentation and
hard reference segmentation) and applies a decoder-like architecture to compute a multi-scale comparison of
the predicted and reference masked images. The SeGAN is trained in the classical adversarial style with the
segmentor and critic attempting to minimize and maximize the computed loss, respectively, being trained
on alternate iterations during each epoch. In this way, the SeGAN is much like a standard U-Net where a

complex custom loss function is learned on the training dataset.

2.6.6.5 UNETR

Finally, the UNETR (UNEt TRansformers) was proposed by Hatamizadeh et al. (2021) and is depicted in
Figure 2.20. The UNETR replaces the encoder backbone of the standard U-Net with a Vision Transformer
encoder, but retains skip connections (using intermediate outputs from between Transformer blocks) and the

convolution-based structure of the decoder.
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Figure 2.20: UNETR architecture. Reproduced from Hatamizadeh et al. (2021) with implicit permission
under a Creative Commons BY-NC-ND 4.0 license.

2.6.6.6 The Applicability of the U-Net to HR-pQCT

All ve of these segmentation models are in the U-Net family. The U-Net is perhaps the most broadly powerful
modern tool for biomedical image segmentation: the U-Net and its variations have been shown to outperform
predecessor segmentation approaches across a broad range of medical segmentation tasks (Siddique et al.,
2021). Based on the consistent success of the U-Net across many biomedical segmentation tasks, it (or a
variant architecture) has great promise for automating segmentation of HR-pQCT radius, tibia, and knee
images. To accomplish this would only require a large and representative dataset of curated HR-pQCT images

with accurate segmentations.

2.7 Summary

Knee OA is a complex degenerative joint disease with multiple phenotypes, many known risk factors, and
several possible mechanisms of pathogenesis. Given the strong observed link between ACL injury and early
incidence of knee OA, an ACL injury provides an opportunity to study early tissue changes that may be
caused by the injury and may be related to OA etiology. There is also strong evidence that OA etiology
may involve pathological adaptations of periarticular bone microarchitecture that not only precede, but

directly or indirectly cause, cartilage degradation and other OA signs, such as osteophytes. HR-pQCT is
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the only established medical imaging technology that can resolve individual human trabeculae in vivo and
therefore is uniquely positioned to investigate these bone adaptation OA pathogenesis hypotheses. However,
the application of HR-pQCT to the knee is quite new. The preliminary analysis work ows that have been
used in work to date are either unveri ed or highly laborious and prone to intra- and inter-operator biases
(which likely have both systematic and random components). For knee HR-pQCT imaging to gain traction
in the broader research community, it is necessary to develop and validate robust, automated work ows for
image analysis. Given recent developments in deep learning research and development, a combination of
novel deep learning methods with traditional image processing algorithms is well-positioned to tackle these
challenges. This would establish a foundation for further development, improvement, and optimization of
shareable, standardized work ows for quantitative analysis of knee HR-pQCT images. Further, while there
have been observations of longitudinal changes in bone structure in the rst eight months after injury and
cross-sectional observations of the di erences in bone structure between post-ACLR individuals and healthy
controls and between individuals with OA and healthy controls, there have beenn no longitudinal observations

of the progression of bone in the years after ACL injury or ACLR.
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Chapter 3

Automatic Segmentation of Trabecular and
Cortical Compartments in HR-pQCT
Images Using an Embedding-predicting

U-Net and Morphological Post-processing

... the lazy man will nd an easy way
to do it. He may not do much, but he

will nd an easy way to do it.

Clarence Bleicher

Originally published as Neeteson et al. (2023), presented here in a slightly modi ed format. The

reproduction license is provided in Appendix M.

Contributions

I developed the idea for this project, developed the experimental plan with the co-authors, developed the
algorithms, wrote the code, executed the experiments, analyzed the data, generated the visualizations, wrote

the original draft of the manuscript, and revised the nal manuscript with co-author and reviewer feedback.
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Endosteal Periosteal
surface surface

Figure 3.1: Axial 2D slice of HR-pQCT radius image cropped close to the bone. The cortical, trabecular, and
background compartments are labelled, as are the periosteal and endosteal surface contours. The periosteal
surface is the interface between the background and the cortical region, while the endosteal surface is the
interface between the cortical and trabecular regions.

3.1 Introduction

High-resolution peripheral quantitative computed tomography (HR-pQCT) is an in vivo medical imaging tool
that provides an isotropic voxel size of 60.7 m, allowing for precise and direct quanti cation of cortical
and trabecular microarchitectural parameters via morphometric analysis (Manske et al., 2015). HR-pQCT is
an emerging technology and has the potential to transition from a being research-only tool to become the
future of advanced clinical bone densitometry. In combination with micro- nite element modelling ( FEM)
(Arias-Moreno et al., 2019; Knowles et al., 2022a) HR-pQCT has provided insight into how trabecular
microarchitecture at the distal radius and tibia is a ected by a wide variety of factors, including age, sex,
physical activity, disease, and nutrition (Samelson et al., 2018; Zhu et al., 2018; Burt et al., 2019; Foreman
et al., 2020; Whittier et al., 2020a; Yu et al., 2020). HR-pQCT shows particular promise for fracture
screening, as several studies have shown that bone morphology and phenotypes at peripheral skeletal sites are
independently and signi cantly predictive of fracture risk (Samelson et al., 2019; Mikolajewicz et al., 2020;

Whittier et al., 2020b).

63



3. Automatic Segmentation of Distal Radius and Tibia HR-pQCT Images ...

A limitation of HR-pQCT is that standard quantitative morphometric analysis of radius and tibia images
requires an accurate semantic segmentation of the trabecular and cortical bone compartments (Figure 3.1).
The current gold-standard segmentation protocol requires human operators to manually inspect and correct
automatically generated segmentations (Whittier et al., 2020c). Manual correction is time-consuming and
introduces potential for inter- and intra-operator biases, particularly with untrained or inexperienced operators.
This has been recently demonstrated in a study performed in our lab by Whittier et al. (2020d) that found
systematic biases exceeding the least signi cant change (LSC) when uncorrected segmentations were used,
and asigni cant in uence of operator experience level on precision errors even with corrected segmentations.
With the current segmentation protocol, the skill and experience level of the operator has a large e ect on both
the accuracy and precision of the analysis, and thus on the reliability of study outcomes. The requirement for
manual inspection and correction, and the potential biases these processes incur, poses a signi cant barrier to
wider adoption of this technology in both clinical and research settings.

Development of robust segmentation protocols for distal radius and tibia images has been an active
area of research since HR-pQCT became available. Originally, segmentations were produced manually,
slice-by-slice, assisted by the Snakes edge- nding algorithm (Kass et al., 1988; Laib et al., 1998). This
method was later supplanted in common practice by an automatic dual-thresholding algorithm developed
by Buie et al. (2007), and a modi ed version of this method developed by Burghardt et al. (2010) remains
the current gold standard for generating preliminary segmentations. However, the dual-threshold technique
was developed using assumptions based on typical bone characteristics. It can fail to distinguish cortical
from trabecular bone in atypical cases, such as professional athletes (high bone quality) and osteoporotic
patients (low bone quality). Consequently, the segmentations must be manually inspected for deviations and
corrected (Whittier et al., 2020c), and the speci ¢ types and prevalence of errors that must be corrected have
been documented by Whittier et al. (2020d). There have been several automatic segmentation approaches
developed recently, including the combination of image texture analysis with machine learning by Valentinitsch
et al. (2012), multiple dual-active contours approaches from Hafri et al. (2016) and Ohs et al. (2021), and
a deep learning-based computer vision approach by Folle et al. (2021). However, there has yet to be a
segmentation technique developed for standard HR-pQCT images at distal sites that su ciently matches or
exceeds performance of the current semi-automated gold standard.

Convolutional neural networks (CNNs) were rst introduced nearly three decades ago for computer vision

by LeCun (1995). Since the breakthrough development of AlexNet by Krizhevsky et al. (2012), development
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and application of CNNs has greatly accelerated for several tasks and domains (Anwar et al., 2018; Bernal
et al., 2019; Dhillon and Verma, 2020). In particular, the development of the fully connected network
(FCN) by Long et al. (2015) and the U-Net by Ronneberger et al. (2015) and Falk et al. (2019) were critical
developments for the advancement of biomedical image segmentation. U-Nets have been shown to accurately
automate semantic segmentation across a broad range of biomedical imaging modalities and applications
(Isensee et al., 2021). Recently, standard 2D and 3D U-Nets have been successfully applied to the task of
segmenting HR-pQCT hand images by Folle et al. (2021), although the aim was whole bone segmentation for
estimation of total volumetric bone mineral density, rather than de ning cortical and trabecular compartments
separately for full morphometric analysis of bone microarchitecture.

The objective of this study is to develop and evaluate a fully automated, end-to-end algorithm to replace
the current standard semi-automated method for segmenting HR-pQCT distal tibia and radius images. The
proposed protocol combines a modi ed U-Net segmentation model with a morphological post-processing
algorithm that is speci cally designed for the task of segmenting HR-pQCT radius and tibia images in
preparation of quantitative morphological analysis. Robust automation of HR-pQCT image analysis will
incent wider adoption of HR-pQCT technology in the bone densitometry research community and make

feasible clinical adoption of HR-pQCT.

3.2 Methods

3.2.1 Datasets

All images used in this study were obtained using HR-pQCT (XtremeCT I, Scanco Medical AG, Br tisellen,
Switzerland) with the standard in vivo protocol (Manske et al., 2015; Whittier et al., 2020c) at standard
scan sites for the distal radius and tibia (Manske et al., 2017) usinga xed o set. In each image, 168 slices
were collected with a nominal isotropic voxel size of 60.7 “m. Images were excluded if the motion score
was recorded as a four or higher on a one-to- ve scale (Pauchard et al., 2012). All participants provided
written informed consent prior to data collection, which was approved by the Conjoint Health Research
Ethics Board at the University of Calgary (REB16-1606, REB15-0858), and all methods were carried out
in accordance with relevant guidelines and regulations. All images used in this study have corresponding
reference segmentations, produced by an expert following the standard semi-automated protocol. There were

four distinct sets of data used in this study, referred to as the training, validation, test, and precision subsets.
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3.2.1.1 Train, Validate, Test Subsets

The training, validation, and test subsets were produced by pooling together all second-generation HR-pQCT
images from the NORM (n=1236) and HIPFX (n=108) studies (see Table Al in Appendix A). Participants
in the combined dataset were strati ed by study then split into four equally sized groups based on total
volumetric bone mineral density (Tt.BMD), obtained using reference segmentations. There are multiple
images, and therefore multiple Tt.BMD values, for each participant. The minimum Tt.BMD across all images
corresponding to each participant was used for the purposes of strati cation. Finally, participants in each
strati ed group were randomly assigned to the training, validation, or test subsets with 70% of participants
assigned to the training subset, and 15% to each of the validation and test subsets. In total, there were
1257 radius and 1343 tibia images from 1278 participants used in the training, validation, and test subsets
combined.

The training dataset was used to train the U-Net’s internal parameters. The validation dataset was used
to evaluate the U-Net’s performance after training, to inform selection of U-Net architecture and training
hyper-parameters, and to develop the post-processing algorithm. The test dataset was set aside immediately
following subset splitting to prevent data leakage. It was accessed only once to evaluate the performance of

the overall pipeline on unseen data, after satisfactory performance was achieved on the validation dataset.

3.2.1.2 Precision Subset

The precision dataset is fully disjoint from the training, validation, and test datasets and was derived from two
separate previous studies: the PRECXTII study in Table Al in Appendix A. The precision dataset served
as a second held-out dataset, but with repeated same-day scans of the same sites in the same participants.
There were 85 tibia and 71 radius images from 90 participants in the precision dataset, with a duplicate,
same-day scan with repositioning for each image. In the precision dataset there were 46 men and 44 women
with a combined mean age of 64 years (SD 8 years). The repeated scans allow for an unbiased, quantitative
comparison of the precision error and LSC (Gl er, 1999; Gl er et al., 1995) between the proposed and current

standard segmentation protocols.
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3.2.2 Pre-processing

During training, HR-pQCT images are imported and converted from native units to densities in milligrams
hydroxyapatite per cubic centimeter (mg HA / cm®), and reference cortical and trabecular masks are imported
and converted to binary images. A padding transform aligns the image and masks and pads the coronal and
sagittal extents to the same multiple of eight voxels. A standardization transform performs a truncated linear
mapping on the image densities from the interval [-400, 1400] mg HA/cm? to the unitless interval [-1, 1]

using the following equations:

d’,6 H 1" =min,max,d,G H I” 400" 1400 (3.1)

,_2d" G HI” 1000
d,6 H 1" = 1800 (3.2)

where d is the image densities, d? is the truncated image densities, and d is the truncated and rescaled

image densities on the interval » 1 1., which are then used as inputs to the U-Net.

3.2.3 Embedding-predicting U-Net
3.2.3.1 Architecture

The U-Net used in this work, shown schematically in Figure 3.2, is based on the original 2D biomedical
U-Net architecture (Ronneberger et al., 2015) and implemented using Python v3.7.12 (Van Rossum and
Drake, 2009) and PyTorch v1.8.0 (Paszke et al., 2019). The U-Net takes ve adjacent axial slices, stacked on
the channel dimension, as input to produce predictions for only the center slice, using re ection paddingto I
in the missing adjacent slices when necessary at the proximal and distal ends of the image. A 3D prediction
is constructed by sweeping over the image axially, creating an independent prediction for each axial slice.
The double convolutional Iters used in each layer of the U-Net are the same as in the original con guration
with the modi cation of ‘same’-style padding in the convolutions and the addition of group normalization
(Wu and He, 2018) and dropout layers (Wu and Gu, 2015). Finally, the U-Net does not directly produce
a prediction of the cortical and trabecular segmentations as output. Instead, the outputs are of predicted

level-set embedding elds (Osher and Fedkiw, 2003) for the endosteal and periosteal surfaces (see Figure
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Figure 3.2: Schematic of modi ed U-Net architecture. Each box represents a PyTorch tensor containing an
input, latent, or output image. All tensors in the same row have the same height and width, but depth (number
of channels) varies and is labelled for all tensors. Block arrows represent transitions between tensors and are
described in a legend, where ‘s’ refers to stride and “p’ refers to padding. Pre-processing refers to padding,
scaling, and conversion to PyTorch tensor format, while in this context post-processing refers to converting
output surface embeddings to binary masks (cortical and trabecular compartments and background).
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3.1), where the sign of the eld indicates whether a voxel is inside or outside of the embedded surface, and

the magnitude of the eld indicates the distance between a voxel and the embedded surface.

3.2.4 Loss Functions
3.24.1 Classi cation Accuracy

The primary loss function is based on the voxel-wise classi cation accuracy in the output slice. While the
semantic segmentation of the image will consist of three non-overlapping binary masks (indicating trabecular,
cortical, and background regions), the output of the network consists of two scalar elds: Cendo and Qperi,
the embedding elds for the endosteal and periosteal surfaces, respectively. The embedding elds are rst

converted to predicted probabilistic segmentations, ?cort, ?trah, and ?pack, as follows:

?trab = n» Cendo (3.3)
?cot = n »Oendo” n  Operi (3.4)
Pback = n Operi (3.5)

where , is an approximate and di erentiable Heaviside function (Bracewell, 2000) of the following
form:

1 1 G
L'==,Ztan ! = 3.6
n c - (3.6)

2

The predicted segmentation probabilities are normalized to sum to one in each voxel:

?
20 = 8 3.7
! 9?9 (3.7)

where 8 and 9 are indices over the three classes (background, cortical, trabecular). A cross-entropy loss
function is used to compute the mean of the negative log-likelihood of the output, L cg, across all voxels in

the slice:

B.glog ?%, (3.8)
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where # is the number of voxels, : is an index over all voxels, 9 is an index over the classes, and B- g, ?0:9
are the corresponding binary values of the reference segmentations and predicted values of the predicted

segmentations for each class 9 and voxel :.

3.2.4.2 Curvature Regularization

The curvature, », of a surface de ned by an embedding in 2D can be calculated as the divergence of the

surface normals (Osher and Fedkiw, 2003):

. fiq “
A= > | 3.9

« <

where # is the vector di erential operator, fq is the gradient of the embedding eld, and fq is the
magnitude of the gradient of the embedding eld. An accurate semantic segmentation of the cortical and
trabecular compartments will have a characteristic smoothness, with the distribution of local curvatures falling
within a speci ¢ band. Extreme curvatures in an output embedding eld therefore would be non-physical and
may indicate either over tting or an incorrect model for the shape of the endosteal or periosteal surface. To
penalize this, a regularizing loss function based on zero-level set local curvatures in embedding eld 8, L g,

isde ned as:

2
g

thresh

LA g = X ,,Qg” RelLU

1 (3.10)

where X ,,gs” is a binary mask that is activated where the embedding eld crosses zero or is equal to zero,
ReLU is the recti ed linear unit function (Fukushima, 1975) and "y yresh iS a curvature threshold below which
the local value of L. g will be zero. Based on preliminary investigation of surface curvatures in a subset of
the training dataset, “resh Was set at 0.005 “m 1 for both the endosteal and periosteal embedding elds.

3.2.4.3 Magnitude Gradient Regularization

When an embedding is a signed distance function, the magnitude of the gradient of the embedding eld

should be equal to one at all points not on the embedded surface (Chunming Li et al., 2005):

g =1 whereq <0 (3.11)
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This property motivates the construction of a second regularization loss function that penalizes the model
for producing output embeddings that are not proper signed distance transforms of an embedded surface,

formulated as such:

Lggs=r1 X.08" log? ﬁqS (3.12)

The form of this loss function penalizes output embedding elds where the magnitude of the gradient is
below or above one for voxels not directly on the embedded surface. There are two primary bene ts: (1)
extreme local variations in the output embedding elds could be indicative of over tting, and (2) as the model
outputs become more like a proper signed distance function, the curvature calculations for the loss function

described in the preceding sub-section become more accurate.

3.2.4.4 Combined Loss Function

The combined loss function is a linear combination of the classi cation error, curvature regularization, and

magnitude gradient regularization functions applied to each of the endosteal and periosteal embedding elds:

Liotal = Lce » _~» Laendo » La peri » —fq L frq endo * L frq peri (3-13)

where _~and _ fq are regularization coe cients for the curvature and magnitude gradient regularization
loss functions, respectively. Typically, optimal regularization coe cients would be determined using grid
or random search in tandem with cross-validation (Yu and Zhu, 2020). However, this was infeasible due to
computational resource constraints and so in this work each of these coe cients were set to 10 4. This value
was selected empirically so that the classi cation accuracy-based loss would dominate at the start of training

and that all losses would be of the same order of magnitude at convergence.

3.2.5 Training

The U-Net was trained on a research computing cluster node with two NVIDIA Tesla V100 GPUs for 25
epochs using the AdamW optimizer (Loshchilov and Hutter, 2019) and the super-convergence one-cycle
scheduling policy for optimizer hyper-parameters (Smith and Topin, 2018). There were 10 epochs in a
half-cycle and 5 convergence epochs, resulting in 25 total epochs and approximately 1.9 million iterations (25

epochs, 1822 images in the training set, and 42 batches per image). The minimum and maximum learning
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rates were 10 4 and 10 3, selected via learning rate range plot analysis, and the maximum and minimum
momentums were 0.95 and 0.85. All other optimizer hyperparameters were left as default values. During
each training epoch, the images in the training subset were shu ed then loaded sequentially. For each image,
full slices were used for training using a shu ed ordering (but still retaining the information of which slices
neighbour each other for the purposes of building stacked samples) with a batch size of 4. One inferential

pass is performed on the full validation subset at the end of each training epoch.

3.2.6 Morphological Post-processing

Post-processing of output segmentations is necessary to ensure optimal morphometric analysis accuracy and
precision. The speci ¢ post-processing approach used in this work is motivated by qualitative observations of
the topology of the structures of interest: the cortical and trabecular compartments at the distal radius and
tibia. First, there is only one simply connected region for each of the cortical and trabecular compartments.
Second, there should be no background gaps between these compartments: there is only a single endosteal
surface. Finally, the trabecular compartment should be fully separated from the background by a continuous
cortical shell with a de ned, and con gurable, minimum physical thickness. Accordingly, a post-processing
procedure was designed to ensure that these topological properties of the physiological structures are shared
by the nal predicted segmentations. In the following sub-sections, components of the post-processing
procedure are described, followed by a high-level description of the overall procedure. The morphological
image processing operations in the post-processing procedure were implemented using NumPy v1.16.6

(Harris et al., 2020), scikit-image v0.18.1 (Van der Walt et al., 2014), and VTK (Schroeder et al., 2006).

3.2.6.1 Iterative Binary Segmentation Filter

The iterative binary segmentation lIter is a modi ed version of the canonical alternating sequential lter
(Dougherty and Lotufo, 2003), in which open-close operations are applied to an image repeatedly with
gradually increasing structural elements. A canonical ‘open’ is an erosion followed by a dilation, while a
canonical ‘close’ is a dilation followed by an erosion. The rst modi cation is to add a connectivity lter step
to keep only the largest connected component of the foreground between the erosion and dilation of the open
and keep only the largest connected component of the background between the dilation and erosion of the

close. The second modi cation is to use di erent maximum structural element sizes for the open and close
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operations, which were radii of 5 voxels and 15 voxels, respectively. The purpose of this Iter is to remove
both union and subtractive noise and to ensure that the secondary bone (ulna, bula) is not inadvertently

included in the primary bone (radius, tibia) segmentation.

3.2.6.2 Minimum Cortical Shell Filter

The minimum cortical shell Iter takes a binary segmentation of the trabecular compartment as input and
produces a binary segmentation of a cortical shell around this trabecular compartment as output. First, the
trabecular binary segmentation is dilated by 8 voxels, or approximately 0.5 mm. Then the original trabecular

segmentation is subtracted from the dilated segmentation, producing a cortical shell with a width of 8 voxels.

3.2.6.3 Morphological Bone Mask Filter

The morphological bone mask Iter is based on the rst step of the gold-standard dual-thresholding algorithm.
(Buie et al., 2007) The rescaled image is binarized using -0.25 as a threshold in the normalized image intensity
space, equivalent to a density-based threshold of 275 mg HA/cm®3. A median lter is applied with a 3x3x1
(sagittal, coronal, axial) kernel, followed by the iterative binary segmentation lter (with maximum structural
sizes of radius 3 voxels and radius 15 voxels for the open and close operations, respectively). The result is
a purely morphologically derived binary image containing a rough mask of the entire tibia or radius (and
excluding the bula or ulna, if present in the image). The purpose of generating this mask and combining it
with the bone mask generated by the U-Net is to reduce the likelihood of a catastrophic error i.e., the bone
mask missing a portion of the primary bone at the cost of potentially reducing the accuracy of the periosteal

contour.

3.2.6.4 Post-processing Procedure

The U-Net-output embeddings for the endosteal and periosteal surfaces are converted to two binary images,
or masks: the cortical mask is de ned as the region between the endosteal and periosteal surfaces ( Qendo i 0
and gperi  0), and the trabecular mask is de ned as the region inside of the endosteal surface (Qendo  0).
This conversion procedure is like what is done during training for calculation of the classi cation accuracy,
except here binary segmentations are computed by checking if the embedding elds are greater than or less
than zero, rather than using di erentiable approximations to generate fuzzy segmentations. Figure 3.3 shows

a ow-chart of the complete morphological post-processing procedure that follows, along with incremental
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visualizations of the outputs of the major steps and the corresponding operations explained in detail in the
gure caption. The nal post-processing outputs are the Itered cortical and trabecular masks. During
inference or testing, these can be automatically saved in a manufacturer-speci ¢ image format for further

processing, such as morphometric analysis.

3.2.7 Evaluation and Metrics

After the U-Net was trained using the training subset and the post-processing procedure was developed
using the validation subset, the parameters of the U-Net and post-processing procedure were frozen and
used in sequence to obtain predicted segmentations on the test and precision subsets. These predicted
segmentations were compared to the corresponding reference segmentations to evaluate the accuracy and
reproducibility of the proposed segmentation algorithm. All statistical analysis was performed using Python
v3.7.12 (Van Rossum and Drake, 2009), statsmodels v0.11.1 (Seabold and Perktold, 2010), and SciPy v.1.6.1
(Virtanen et al., 2020) with a signi cance threshold of 5% for all statistical testing.

Predicted and reference segmentations were compared on the test subset both by using standard
segmentation quality metrics and by comparing the quantitative outputs of the standard HR-pQCT extended
cortical analysis using the standard manufacturer-provided procedure (Whittier et al., 2020c; Hildebrand
et al., 1999). The standard segmentation quality metrics used were the Dice similarity coe cient (DSC), the
Jaccard similarity coe cient (JSC), and the average and maximum of the symmetric surface distances (SSD)
(Yeghiazaryan and Voiculescu, 2018), hereafter referred to as ASSD and Hausdor distance, respectively
(implemented using Simplel TK v2.0.2 (Lowekamp et al., 2013)). The quantitative analysis outputs used
for comparison were: total bone mineral density (Tt.BMD) and area (Tt.Ar), cortical bone mineral density
(Ct.BMD), thickness (Ct.Th), porosity (Ct.Po), and area (Ct.Ar), and trabecular volumetric bone mineral
density (Th.BMD), bone volume fraction (Th.BV/TV), number (Tbh.N), thickness (Th.Th), separation (Th.Sp),
and area (Th.Ar) (Whittier et al., 2020c). For each parameter at each scan site, the paired prediction and
reference outputs were compared using both direct linear correlation analysis and by the di erence and mean
values in Bland-Altman (or Tukey mean di erence) plots.

To investigate the performance of the proposed in particularly adverse situations where a human operator
would ndthemostdi culty in correcting the endosteal contour, two sub-groups were also analyzed separately

for each scan site: The low cortical thickness sub-groups, which were composed of the radius and tibia
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Figure 3.3: Schematic of post-processing procedure visualised using a distal tibia image. The top row shows
the inputs while the bottom row shows the outputs. Block arrows correspond to composite morphological
Itering operations: grey the mask is simply copied, red iterative binary segmentation lter, pink
minimum cortical shell Iter, blue morphological bone mask Iter, and yellow subtraction (the Itered
trabecular mask is subtracted from the Itered bone mask). When multiple arrows converge on the same

output mask, this indicates the outputs were combined (union).
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images in the top quartile for Ct.Th for each scan site, and the high cortical porosity sub-groups, which
were composed of the radius and tibia images in the bottom quartile for Ct.Po for each scan site.

Finally, the precision of the proposed algorithm was compared to the gold-standard protocol by calculating
the least signi cant change (LSC) and the root-mean-squared percentage coe cient of variation (RMS
%CV) on the pairs of same-day repeat scans in the precision subset (Gl er et al., 1995). The pairs of
repeat-scan images were registered, and the common volume shared between the two was computed. Then,
morphometric analysis was applied only to the common volume using the predicted and reference masks
for each image (Ellouz et al., 2014). The LSC and RMS %CV were calculated for each of the standard
quantitative analysis outputs. Normality of the individual standard deviations from the paired precision data
were assessed separately for the predicted and reference analysis outputs using D’Agostino and Pearson’s
method (D’Agostino and Pearson, 1973), and the signi cance of the di erences in precision outputs were
assessed using independent Wilcoxon signed-rank tests (Conover, 1999). As with the test subset, this analysis
procedure was then repeated for low cortical thickness and high cortical porosity sub-groups formed

separately for each scan site.

3.2.8 Visualizations

Plots were generated using pandas v1.2.4 (McKinney, 2010), Matplotlib v3.4.3 (Hunter, 2007), and seaborn
v0.11.2 (Waskom, 2021). Volumetric renderings were created using vtkbone (https://github.com/Numerics88/vtkbone),
VTK v8.2.0 (Schroeder et al., 2006), and PyVista v0.33.2 (Sullivan and Kaszynski, 2019).

3.2.9 Code Availability

All code used for model development, training, inference, post-processing, visualization, and statistical analysis
is publicly available in the following GitHub repository: https://github.com/Bonelab/HR-pQCT-Segmentation.
The trained model weights used for segmentation of the test and precision data in this work are available upon

reasonable request.

3.3 Results

After strati ed splitting of the dataset, there were 896, 190, and 190 unique participants in the training,

validation, and test subsets, respectively. There were 326 men and 570 women in the training dataset, 67
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Table 3.1: Results of direct comparison of predicted and reference masks on held-out test dataset.

Mean (SD)  (Min, Max)

Radius (n=185)

. DSC 0.98(0.02)  (0.90, 0.99)

Cortical Mask 55~ 0.94 (0.03)  (0.82,0.98)

DSC 0.99 (<0.01) (0.97, >0.99)

Trabecular Mask ;¢ 0.99 (0.01)  (0.94,0.99)
Hausdor (mm) 0.6 (0.3) (0.2,1.9)

Endosteal Surface  \oop mm) ~ 005(0.02)  (0.02, 0.18)
Hausdor (mm) 0.3 (0.2) (0.1,1.0)

Periosteal Surface  oop (mm) ~ 0.02(0.01)  (0.01, 0.06)

Tibia (n=201)

conviese 20 208 000

e 5° 99300 009

Endosteal Surfice S ) 008(003) (004020
Hausdor (mm) 0.4 (0.3) (0.2, 2.7)

Periosteal Surface  \oop (mm) ~ 002(001)  (0.01,0.09)

DSC: Dice similarity coe cient, JSC: Jaccard similarity coe cient
Hausdor : maximum symmetric surface distance, ASSD: average symmetric surface distance.

men and 123 women in the validation dataset, and 64 men and 126 women in the test dataset. The training
dataset contained 885 radii and 937 tibiae, the validation dataset contained 187 radii and 203 tibiae, and the
test dataset contained 185 radii and 201 tibiae. Using the trained segmentation model and post-processing
algorithm, the mean time to produce a post-processed 3D predicted segmentation for a full radius or tibia
image in the test subset was 140 s (SD 56 s) on a research computing cluster node with an NVIDIA Tesla
V100 and an Intel Xeon Gold 6148. Inference and post-processing times scale with the size of the image,

which depends on the size of the radius or tibia and how close the image has been cropped to the bone.

3.3.1 Held-out Test Subset

The comparative analysis of predicted and reference segmentations on the test subset are shown in Tables
3.1 and 3.2 and in Figure 3.4. Dice similarity coe cient (DSC) and Jaccard similarity coe cient (JSC) are
reported separately for each compartment while Hausdor distance and average symmetric surface distance
(ASSD) are reported separately for each surface. For both the radius and the tibia, the mean DSC of the

predicted cortical and trabecular segmentationsare 0.97 and 0.99, indicating extremely close segmentation
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overlap across the test subset. The mean ASSD is no greater than 0.08 mm (less than one and a half times the
width of a 0.0607 mm voxel) for both surfaces in both scan sites in the test subset and the mean Hausdor
distances are less than 0.91 mm (approximately 15 voxels) for both surfaces in both scan sites across the test

subset.

Table 3.2: Results of linear regression and Bland-Altman analysis on the held-out test dataset, comparing the
predicted morphometric outputs, obtained using predicted segmentations, and the reference morphometric

outputs, obtained using reference segmentations.

Bland-Altman Linear Regression
Mean Error o 1 0 1 2
(95% LOAO) Slope (95% C.1.*) Intercept (95% C.1.-) R

Radius (n=185)

Tt.BMD mg HA/cm® 0.6 (-3.3, 4.6) 0.995 (0.991, 1.000) 2.0 (0.6, 3.4) 0.999
Ct.BMD mg HA/ecm3  -0.9 (-21.4, 19.7) 1.013 (0.990, 1.037)  -12.7 (-33.6, 8.3) 0.975
Tb.BMD mg HA/cm® 0.2 (-6.2, 6.6) 0.990 (0.980, 1.000) 1.8(0.1,3.4) 0.995
Ct.Th mm -0.01 (-0.06, 0.04) 0.963 (0.946, 0.980)  0.030 (0.012, 0.048) 0.986
Ct.Po % -0.08 (-0.43, 0.27) 0.847 (0.816, 0.878)  0.050 (0.016, 0.083) 0.938
Th.BVITV % 0.047 (-0.943, 1.037) 0.991 (0.980, 1.001)  0.253 (0.004, 0.502) 0.994
Th.N mm 1 0.000 (-0.004, 0.004) 1.000 (0.999, 1.001)  0.000 (-0.001,0.002) >0.999
Tb.Th mm 0.000 (-0.007, 0.007) 0.964 (0.939, 0.988)  0.009 (0.003, 0.014) 0.970
Th.Sp mm -0.001 (-0.006, 0.004) 0.999 (0.997, 1.000)  0.000 (-0.001, 0.001)  >0.999
Tt.Ar mm? 0.6 (-0.8,1.9) 1.001 (1.000, 1.003) 0.2 (-0.2,0.7) >0.999
Ct.Ar mm? 0.1(-3.1,3.2) 0.957 (0.944,0.971) 2.7(1.9,3.6) 0.991
Th.Ar mm? 0.5 (-2.6, 3.5) 1.004 (1.000, 1.008)  -0.5(-1.3, 0.4) 0.999
Tibia (n=201)

Tt.BMD mg HA/em3 0.1 (-2.5,0.4) 0.999 (0.999, 1.000) 0.3(0.2,0.4) >0.999
Ct.BMD mgHA/cm® 3.8 (-14.3,21.9) 0.975(0.962,0.988) 25.2 (14.4,36.1) 0.991
Th.BMD mgHA/cm® 0.3 (-4.4, 4.9) 0.990 (0.982,0.998) 1.9(0.6,3.2) 0.997
Ct.Th mm -0.01 (-0.11, 0.08) 0.944 (0.924,0.963)  0.072 ( 0.042,0.101) 0.979
Ct.Po % -0.13 (-0.75, 0.49) 0.957 (0.935,0.979)  -0.008 (-0.083, 0.068) 0.973
Th.BVITV % 0.044 (-0.547, 0.634) 0.991 (0.984, 0.998)  0.263 ( 0.085, 0.441) 0.997
Th.N mm 1 0.000 (-0.004, 0.005) 1.000 (0.998, 1.001)  0.001 (-0.001,0.003)  >0.999
Tb.Th mm 0.000 (-0.006, 0.007) 0.985 (0.969, 1.001)  0.004 (>0.000, 0.008) 0.987
Th.Sp mm -0.001 (-0.004, 0.002) 0.998 (0.997,0.999)  0.001 (>0.000, 0.002)  >0.999
Tt.Ar mm? 0.3(-0.9,1.4) 1.000 (1.000, 1.001) -0.1(-0.5, 0.3) >0.999
Ct.Ar mm? -1.2(-8.7,6.3) 0.956 (0.940, 0.972) 4.6 (2.5,6.8) 0.986
Th.Ar mm? 1.3(-6.1, 8.8) 1.002 (0.998,1.006) 0.0 (-2.3, 2.5) 0.999

Y 95% limits of agreement (LOA) are the mean error plus or minus 1.96 times the standard deviation of the errors.
1 95% con dence interval (C.1.) are the estimated slope or intercept plus or minus 1.96 times the estimated standard
error of the estimate, as reported by statsmodels’ ordinary least squares linear regressor after being t to the data.

Figure 3.4 compares results of a quantitative morphometric analysis via linear regression and Bland-Altman

plots for cortical thickness (Ct.Th), cortical porosity (Ct.Po), trabecular bone volume fraction (Th.BV/TV),
and trabecular separation (Th.Sp), while Table 3.2 tabulates summary statistics of Bland-Altman and linear
regression analysis for all standard analysis outputs, separated by scan site, each evaluated using the full

test subset. All parameters at both scan sites have limits of agreement that overlap with zero mean bias
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error. Nearly all parameters have coe cients of determination that are 0.97, where the lone exception is
Ct.Po in the radius (R? = 0.938). There were no substantial di erences (95% con dence interval for slope
estimate contained the unit slope) between the tted slopes and the null hypothesis unit slope for 13 of the
total 24 parameters. While there are substantial di erences between the linear t and the null zero-intercept,
unit-slope linear model for 11 parameters, all but one of these deviating parameters have estimated slopes
between 0.944 and 1.004. The outlying parameter is again Ct.Po in the radius, with a tted slope of 0.847 —
0.031. This discrepancy is re ected visually in the second row, left column of Figure 3.4, where both the
linear correlation and Bland-Altman plots for Ct.Po in the radius shows several extreme over-estimates of
predicted Ct.Po where the mean value is low (<1%) and several extreme under-estimates of predicted Ct.Po
where the mean value is high (>2%).

The linear correlation and Bland-Altman sub-analyses on the low cortical thickness and high cortical
porosity sub-groups are tabulated in Tables B1 and B2 in Appendix B. Referring to Table B1 for the low
cortical thickness sub-group: Coe cients of determination were >0.93 for all parameters, where the two
lowest values were for Ct.Th in the radius and tibia. Zero mean bias was observed for all parameters, and the
quality of the linear ts were not substantially di erent from those in the main group (Table 3.2). Referring to
Table B2 for the high cortical porosity sub-group: Coe cients of determination were >0.94 for all but two
parameters, these being Ct.Po in the radius and tibia, where the coe cients of determination were 0.810 and
0.816, respectively. Zero mean bias was observed for all parameters. The quality of the linear ts were not
substantially di erent from those in the main group (Table 3.2) for all parameters except Ct.Po in the radius
and tibia, where the tted slopes were 0.813 0.116 and 0.893  0.101, respectively. This indicates both a
tendency to under-estimate Ct.Po and a greater variance in predicted Ct.Po values relative to reference values,

for images with larger reference Ct.Po values.

3.3.2 Sample Visual Results

While the discrepancy in Ct.Po between the predicted and reference segmentations is less than 0.5% for >93%
of the images in the test subset, we visually explore speci c cases of extreme disagreement to gain insight
into how they arise. Accordingly, Figure 3.5 shows sample visualizations of predicted and reference masks,
and disagreement, for three axial slices from the two images in the test subset with the largest over- and

under-estimates in Ct.Po. Disagreements arise primarily along the endosteal surface in regions where, when
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Figure 3.4: Linear regression and Bland-Altman plots for select parameters comparing results of morphometric
analysis on the held-out test set using predicted and reference segmentations. Linear regression: the dashed
black line is the line of unity, while the dashed red line is the linear t between the predicted and reference
outputs. Bland-Altman: the solid black line is the line of zero error, the dashed red line indicates the mean
bias error, and the dashed black lines indicate the 95% limits of agreement (n=185 for radius; n=201 for tibia).

80



3. Automatic Segmentation of Distal Radius and Tibia HR-pQCT Images ...

looking at a single slice, it is ambiguous whether a speci ¢ structure corresponds to porous cortical zones or
thickened near-endosteal trabeculae. Figure 3.5 also includes volumetric surface renderings of the reference
and predicted cortical compartment for these two images, to qualitatively demonstrate the overall similarity in

shape and surface smoothness.

3.3.3 Held-out Precision Subset

Table 3.3 shows the root-mean-square percentage coe cient of variance (RMS %CV) and least signi cant
change (LSC) values, in parameter-speci c units, for all standard quantitative analysis outputs, evaluated
with the full precision subset. RMS %CV and LSC are reported separately for scan site and for each of the
current semi-automated gold standard and proposed segmentation protocols. Root-mean-square standard
deviation (RMS SD) values are provided in Table B3 in Appendix B. D’Agostino and Pearson’s test for
normality indicated that the individual standard deviations were not normally distributed for most parameters.
Therefore, for consistency, the signi cance of the di erences in the coe cients of variation were assessed
using independent Wilcoxon signed-rank tests for all parameters.

The novel automated segmentation algorithm produced equivalent or signi cantly better precision for all
morphometric parameters except for total area (Tt.Ar) and trabecular area (Th.Ar) in the tibia (Tt.Ar: RMS
CV% was 0.27% and 0.13% for the novel and standard protocols, respectively; Tb.Ar: RMS CV% was 0.29%
and 0.16% for the novel and standard protocols, respectively). For most of these parameters, the magnitudes
of the signi cant di erences were small, ranging between -0.13% and 0.52% (negative indicating worse
precision and positive indicating improved precision). The exception is the Ct.Po in both the radius and tibia.
In the radius, the RMS %CV of the novel and standard protocols were 7.92% and 9.55%, respectively. In
the tibia, the RMS %CV of the novel and standard protocols were 9.07% and 11.67%, respectively. These
statistically signi cant di erences indicate an absolute reduction in variation, and thus improvement in
precision, of 1.63% and 2.60% in the radius and tibia, respectively, for cortical porosity measurements with
the novel, automated segmentation protocol.

Precision analysis results for low cortical thickness and high cortical porosity sub-groups are tabulated
in Table B4 in Appendix B. With the low cortical thickness sub-group, the proposed algorithm produces
outputs with equivalent or better precision for all morphometric parameters with the exception of Tt.Ar in

the tibia. Precision was statistically signi cantly better with the proposed algorithm than with the standard
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Figure 3.5: Sample visualization of the two images in the test dataset with the most extreme over- and
under-estimates of Ct.Po (predicted value less reference value). Both are distal tibia images. The largest
over-estimate of Ct.Po was +1.48% (left column: a, b, e, f) while the largest under-estimate of Ct.Po was
-1.48% (right column: ¢, d, g, h). (a - d) 3D surface renderings are shown of reference (a, ¢) and predicted (b,
d) cortical compartment segmentations. (e - h) The image is shown in all panes in grayscale, overlaid with
colored masks corresponding to the reference (e, g - green), the prediction (f, h  blue), and the voxels for
which there is disagreement (f, h  red).
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Table 3.3: Root-mean-square percentage coe cient of variation (RMS %CV) and least signi cant change
(LSC) compared between the proposed algorithm (U-Net) and the current semi-automated gold standard
(Standard) segmentation protocols on the held-out precision dataset.

RMS %CV LSC Wilcoxon
U-Net® Standard? U-Net Standard p Value

Radius (n=71)

Tt.BMD mg HA/cm®  0.29 0.70 251 5.60 0.796
CtBMD  mgHA/cm®  0.27 0.79 6.67 19.12  0.010?
Tb.BMD  mgHA/cm® 051 0.61 1.87 2.37 0.055
Ct.Th mm 0.69 0.80 0.022 0.025 0.781
Ct.Po % 7.92 9.55 0.23 0.25 0.0012
Th.BVITV % 1.00 1.06 0.51 0.54 0.0302
Th.N mm 1 1.40 1.41 0.057  0.057  0.0302
Th.Th mm 0.63 0.72 0.004  0.005 0.0052
Th.Sp mm 1.06 1.07 0.021  0.022 0.0362
Tt.Ar mm? 0.71 0.77 6.20 5.01 0.0002
Ct.Ar mm? 0.76 1.17 1.46 1.78 0.0002
Th.Ar mm?2 0.79 1.27 5.35 6.29 0.284
Tibia (n=85)

Tt.BMD mg HA/cm®  0.47 0.48 3.72 3.74 0.639
CtBMD  mgHA/cm®  0.36 0.45 8.37 10.47  0.000?
Tb.BMD  mgHA/cm®  0.61 0.69 2.79 3.06 0.0162
Ct.Th mm 0.61 0.74 0.026  0.032 0.333
Ct.Po % 9.07 11.67 0.76 0.82 0.0452
Th.BVITV % 0.83 0.82 0.50 0.52 0.560
Th.N mm 1 2.97 2.98 0.11 0.11 0.246
Th.Th mm 0.56 0.67 0.004  0.005  0.460
Tbh.Sp mm 2.21 2.21 0.045 0.045 0.497
Tt.Ar mm? 0.27 0.13 5.63 2.74 0.0003
Ct.Ar mm? 0.37 0.66 1.41 2.42 0.991
Th.Ar mm? 0.29 0.16 4.92 2.68 0.0003

0 U-Net: novel automated segmentation algorithm.

1 Standard: Current standard semi-automated segmentation protocol.

2 Wilcoxon signed-rank test indicates signi cantly lower individual standard deviations with automated segmentation
algorithm as compared to the standard semi-automated protocol.

3 Wilcoxon signed-rank test indicates signi cantly higher individual standard deviations with automated segmentation
algorithm as compared to the standard semi-automated protocol.

protocol for Ct.Th in the radius, Ct.Po in the radius, and Th.N in the radius and tibia. RMS %CV values for
Ct.Th and Ct.Po in the tibia were lower with our algorithm than with the standard protocol, but the di erences
were not statistically signi cant.

With the high cortical porosity sub-group, the proposed segmentation algorithm produces outputs with
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equivalent or better precision for all morphometric parameters. Precision was statistically signi cantly better
with our algorithm than with the standard protocol for Ct.BMD in the radius, Th.N in the tibia, and Ct.Ar in
the tibia. RMS %CV values for Ct.Th in the tibia and radius and Ct.Po in the radius were lower with the
proposed algorithm than with the standard protocol, while the RMS %CV values for Ct.Po in the tibia were
higher with the proposed algorithm than with the standard protocol; however, none of these di erences were

statistically signi cant.

3.4 Discussion

This study proposes a segmentation algorithm that utilizes a 2D U-Net applied to stacks of ve axial slices at a
time to obtain preliminary 3D segmentations. These segmentations are then morphologically post-processed
to ensure physiological validity. The combination of machine learning with traditional image processing is a
truly novel approach for HR-pQCT image segmentation. The fully automated algorithm was able to segment
trabecular and cortical compartments at least ten times faster than the current gold-standard protocol (2 to 3
minutes versus up to 30 minutes), with superior precision, while requiring no human intervention or oversight.
The predicted segmentations were found to be accurate when compared to reference segmentations based on
both traditional medical image segmentation metrics and by comparing predicted and reference morphological
analysis outputs, using a large test dataset comprised of 386 total images from 190 participants. Predicted
segmentations were also found to be as precise or more precise when compared to reference segmentations
from 156 same-day, repeat-scan image pairs from 90 participants.

To the authors’ knowledge, this is the rst study to present a fully automated algorithm for segmentation
of HR-pQCT radius and tibia images that requires no manual correction and demonstrates greater or equal
precision when compared to the current standard segmentation protocol. While a previous study successfully
explored the use of 2D and 3D U-Nets for segmentation of HR-pQCT hand images (Folle et al., 2021), the
U-Nets in that study were designed to extract the entire bone for estimation of Tt.BMD a simpler task than
semantic segmentation of the cortical and trabecular compartments for a complete morphometric analysis
of distal bone microarchitecture. There have been several recent attempts to automate segmentation of
radius and/or tibia HR-pQCT images using dual active contours and texture analysis combined with machine
learning. However, none of these techniques have supplanted the current semi-automated protocol in standard

practice, due to varying limitations. These techniques were either exclusively focused on obtaining only the
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periosteal contour (Ohs et al., 2021), did not quantify the accuracy of subsequent morphometric analysis
(Hafrietal., 2016), or had insu cient agreement between reference and generated segmentations (DSC =
0.90 — 0.05) (Valentinitsch et al., 2012). Further, no prior work presenting a new automated pipeline for
HR-pQCT segmentation has quanti ed the precision of the proposed protocol.

The proposed algorithm requires no human intervention or correction, in contrast to the current standard
protocol, where correction of individual images may occupy a human operator for as much as 30 minutes
for challenging images (Whittier et al., 2020d). With the proposed algorithm, standard analysis-compatible
cortical and trabecular masks are ready in approximately 2 minutes and 20 seconds. Further, processing can
be batched while researchers attend to other tasks or parallelized on a computing cluster if a large dataset
needs to be processed quickly. However, the elimination of human intervention would not only save time.
Automation prevents inter-operator error since the algorithm is deterministic and will always create the same
segmentation from the same input image. Inter-operator error can materially impact precision and LSC in
both multi-center and longitudinal studies, where it can often be infeasible to have a single expert operator
correct all segmentations consistently.

While the predicted segmentations are highly accurate for j93% of images, disagreements between
reference and predicted segmentations can still occur; however, we have shown visually that the most extreme
of these disagreements occur in places where a human operator may experience the same challenge in de ning
compartments. This observation is further reinforced by the tendency for the Hausdor distance and ASSD
to be much lower at the periosteal surface than the endosteal surface, by at least a factor of two. The correct
label or classi cation for voxels in these low-density regions can be unclear even for the human observer,
as the structures could be interpreted as either porous cortical zones or thickened trabecular zones. The
semi-automated segmentation correction protocol does not provide rigorous criteria for how to di erentiate
between these cases, so human operators must make inherently subjective real-time decisions when correcting
segmentations. Whether the proposed algorithm or standard semi-automated protocol more often achieve the
objectively correct endosteal surface, or whether such a thing even exists, is unclear. However, it is apparent
from analysis of the precision data that this surface is selected with greater consistency and reproducibility
with the proposed algorithm than it is with the semi-automated protocol. This is evinced by the statistically
signi cant decreases of RMS %CV for Ct.Po from 9.55% to 7.92% in the radius and from 11.67% to 9.07%
in the tibia (Table 3.3). The inherent di culty of correctly placing the endosteal surface in the presence of

low-density cortical bone also explains the relatively worse linear t for cortical porosity in the radius and the
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larger scatter observed in the linear regression plots for this parameter in both scan sites in the analysis of the
test data.

There are important limitations in this study that should be considered. First, all the image data used for
training and evaluation were produced using the same scanning parameters at two speci ¢ standard distal
scan sites. The distal radius and tibia are the standard HR-pQCT scan sites, and the vast majority of the
usage of HR-pQCT for basic and translational research focuses on these sites (van den Bergh et al., 2021).
However, there is growing interest in applying HR-pQCT to study in vivo bone microarchitecture at other
sites, including the knee (Shiraishi et al., 2020) and the elbow (Sada et al., 2020). Extension of the proposed
algorithm to other scan sites may be achievable using domain adaptation techniques, such as transfer learning
(Kouw and Loog, 2019), and would undoubtedly require adjustments to the post-processing procedure. It is
not currently clear how di cult this adaptation process would be, or if the proposed algorithm would be as
successful for segmentation of these alternate scan sites as it has been shown to be for the distal radius and
tibia.

Second, all the segmentations used for training and evaluation in this study were produced, or reviewed by,
an experienced operator at a single research centre using data from participants from a single region in Canada.
Generated segmentations and morphometric outputs were also compared only to reference segmentations
created by that same experienced operator, albeit on unseen data. Comparing segmentations generated by the
proposed algorithm to segmentations created by additional operators would undoubtedly results in increased
variance in the comparison results (Whittier et al., 2020d), but the bene t of a fully automated approach is the
consistency of the output, which could be shared across all sites and at all timepoints when this approach is
used. At the same time, by training on data with segmentations produced by a single expert operator, speci ¢
inferential bias has been encoded into the model that informs how the periosteal and endosteal surfaces are
placed. While this will not a ect the precision of the resulting segmentations or corresponding analysis
outputs, it could in uence the accuracy when compared to segmentations generated using standard protocols
employed at other research centres. An alternative approach for training and developing this algorithm
could be to involve a multi-national, multi-center collaboration that produces a large dataset of images and
reference segmentations. This approach would both incorporate input from di erent centres and include
study participants representing di erent geographic areas and ethnicities. In the interim, potential users who
are concerned about the agreement between segmentations generated by the proposed algorithm and the

segmentations created by their own operators with the standard protocol could perform comparative studies
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using new unseen data or, if necessary, retrain the 2D U-Net on their own datasets.

In a fully automated system, it would be bene cial to establish robust error detection. However, to capture
errors, one must de ne a “failed segmentation’ in the absence of a reference segmentation to compare to.
A simple de nition would be a segmentation that either misses large portions of the structures of interest
or that erroneously includes portions of the background or secondary bone. We did not observe any failed
segmentations of this kind in the combined 1088 images in the validation, test, and precision data subsets;
however, this is not conclusive evidence that the algorithm will always succeed. A reasonable protocol
using the proposed automated protocol will likely still require a human operator to quickly inspect output
segmentations to screen for these types of obvious failures.

Development of an automated error screening algorithm is a subject for future work but could include:
monitoring axial slice-to-slice variations in the segmentations, monitoring simple morphological metrics of the
segmentations (such as the number of connected components in each compartment in the nal segmentation),

agging segmentations where the di erence between the raw U-Net output and post-processing output
exceeds some threshold, or using unsupervised or supervised machine learning methods for outlier detection

(Pang et al., 2022) with the morphometric analysis outputs and/or the segmentations directly.

3.5 Conclusions

We have presented and validated a novel, fully automated algorithm for the semantic segmentation of
HR-pQCT distal radius and tibia images. The proposed algorithm requires no human input or oversight
and is faster, as accurate, and as precise or more precise when compared to the current gold-standard
semi-automated approach. In its current form, it can be seamlessly integrated into standard work ows for
HR-pQCT morphometric analysis with radius and tibia images. Future work will focus on translating this

approach to additional scan sites.
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the manuscript, and revised the nal manuscript with co-author and reviewer feedback.

4.1 Introduction

4.1.1 Background

Micro-computed tomography ( CT) was established in the 1990s for the non-invasive measurement of 3D
bone microarchitecture (Genant et al., 1999). This eventually led to the development and proliferation of
high-resolution peripheral quantitative computed tomography (HR-pQCT), which is an emerging medical
imaging technology with a nominal spatial resolution of 60.7 “m that allows for direct, in vivo, quantitative
analysis of cortical and trabecular microarchitecture (Manske et al., 2015). HR-pQCT has been extensively
applied to study how a wide variety of factors can a ect the structure and strength of human bones at the
smallest scales (Foreman et al., 2020; Burt et al., 2019; Samelson et al., 2018). Increasingly, there is interest
in the clinical utility of HR-pQCT, typically in the context of osteoporosis screening (van den Bergh et al.,
2021). For example, several studies have shown that HR-pQCT images (Chapurlat et al., 2023) and the
derived strength and microarchitectural parameters (Samelson et al., 2019; Mikolajewicz et al., 2020; Whittier
et al., 2022) are signi cantly and independently predictive of fracture risk.

A typical HR-pQCT microarchitectural analysis includes the following quantitative trabecular parameters:
bone mineral density (Th.BMD), thickness (Th.Th), separation (Th.Sp), number (Tbh.N), bone volume
fraction (Th.BV/TV), and inhomogeneity of trabecular network (Th.1/N.SD). Sometimes it might also include
structural model index (SMI), connectivity density (Conn.D), and degree of anisotropy (DA). Trabecular
thickness, separation, number and bone volume fraction (Hildebrand and R egsegger, 1997; Hildebrand et al.,
1999) are based on the bone segmentation, as opposed to the direct gray-scale image, and are recommended
as part of the minimum set to be reported (Whittier et al., 2020c). Figure 4.1 depicts how these parameters
are calculated and demonstrates how they are related geometrically.

These parameters are the basis for characterizing trabecular bone structure in cross-sectional studies,
longitudinal studies, and by comparison to normative cohorts. However, a challenge of HR-pQCT is that
there are many parameters available. To minimize both Type | and Il errors, the selection of appropriate
parameters is important. Aninsu cient set of parameters could result in physiologically relevant di erences
going undetected. Conversely, with many parameters, the problem of multiple testing arises, increasing

the likelihood of Type I errors. Bonferroni correction (Dunn, 1961) and Benjamini-Hochberg correction
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Figure 4.1: The trabecular microarchitectural parameters of focus are labelled on a sub-section of a distal
radius HR-pQCT bone segmentation. Trabecular thickness, separation, and number are each calculated using
Hildebrand’s thickness algorithm [11] on the bone segmentation, the background segmentation, and the
background of the medial axis of the bone segmentation (black line), respectively. Bone volume fraction is
the ratio of the number of voxels in the bone segmentation to the total number of voxels in the trabecular
compartment [13].

(Benjamini and Hochberg, 1995) are statistical methods that can be used to compensate for this risk, either
by decreasing the e ective signi cance thresholds proportionately to the number of hypotheses to be tested
(Bonferroni) or by entirely modifying the statistical testing procedure (Benjamini-Hochberg). However,
both procedures generally assume that the hypotheses being tested are independent. If there are redundant
parameters, and therefore redundant hypotheses being tested, the tests will be more conservative than strictly
necessary, increasing the risk of Type Il errors and decreasing the statistical power of the analysis (Moran,
2003).

The objective of this study is to show that trabecular number and bone volume fraction are intrinsically
linked to, and therefore statistically dependent on, thickness and separation. We demonstrate this dependence
in both synthetic and in vivo microarchitectural data, using principal component analysis and linear regressions.
These dependencies are important to recognize because they a ect how to apply hypothesis testing and

optimize study design.
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4.1.2 Theoretical Relationships

We can observe in Figure 4.1 that the inverse of trabecular number is found by tting spheres between the
medial axis of the trabecular network, trabecular separation is found by tting spheres between the trabecular
surfaces, and trabecular thickness is found by tting spheres within the trabecular surfaces (Hildebrand
and R egsegger, 1997). Therefore, we can hypothesize that on average the di erence between the inverse
trabecular number and trabecular separation will be the trabecular thickness, or:

1

o ToTh, Thsp (4.1)

Turning to bone volume fraction, we rst note that this parameter is de ned as the ratio of bone volume to
total volume within a compartment. We hypothesize that within a unit volume, this ratio will scale as some
power of the ratio of the trabecular thickness to the sum of trabecular thickness and separation:

ToTh Y

Th.BV/TV ToTh . ThSp (4.2)

where isaconstantcoe cientand U isthe scaling power. If the trabeculae were axially aligned cylinders
of uniform thickness and arranged in a grid with uniform spacing then =c 2 and U = 2 (Appendix C). If
the trabeculae were evenly spaced, parallel plates with uniform thickness then =1 and U =1 (Appendix C).
If the trabecular bone network includes both rod-like and plate-like geometry, as in typical in vivo data, we
would expect 1 c 2and1l U 2. The natural logarithm transformation can be applied to each side
of equation 2 and standard logarithm rules can be applied to produce a linearized relationship:
Tb.Th

INnTh.BV/TV=In ,Uln ToTh . ThSp (4.3)

4.2 Methods

4.2.1 Datasets
4.2.1.1 invivo Image Data

Image data captured in vivo with human participants were aggregated from four separate studies performed in

our lab exploring bone microarchitecture by HR-pQCT, which were the NORM, HIPFX, and ATHLETES
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(@) (b)

Figure 4.2: (a) Isometric rendering of a synthetic bone segmentation with a uniform cylinder radius of 7 mm
and a uniform grid spacing of 25 mm. (b) Schematic diagram of the synthetic data labelling the grid spacing
(s) and cylinder radius (r). Trabecular thickness, separation, and number measurements are approximately the
diameter of the corresponding dashed circles.

datasets (see Table Al in Appendix A). All images were obtained using HR-pQCT (XtremeCT Il, Scanco
Medical AG, Br tisellen, Switzerland) with the standard xed o set in vivo scan protocol at standard scan sites
for the distal radius and tibia. In each image, 168 slices were collected with a nominal isotropic voxel size of
60.7 “m. All participants provided written informed consent prior to data collection, which was approved by
the Conjoint Health Research Ethics Board at the University of Calgary. All images were analyzed following
the standard semi-automated protocol for contouring and using the standard, manufacturer-implemented

microarchitectural analysis.

4.2.1.2 Synthetic Image Data

Synthetic bone segmentations were generated to explore the relationships between trabecular thickness,
separation, number, and bone volume fraction when thickness and separation could be directly manipulated.
The synthetic bone structures consisted of evenly spaced arrays of uniform cylinders aligned with the z-axis
(Figure 4.2). Synthetic bone segmentations were generated with an isometric voxel size of 1 mm, an image size
of 200 x 200 x 100 mm, trabecular radii ranging from 1 to 12 mm in increments of 1 mm, and unit grid spacing
from 3 to 25 mm in increments of 1 mm. Constraining the grid spacing to be at least twice the trabecular

radius plus one millimetre, so that synthetic trabeculae did not overlap, resulted in 144 total synthetic bone
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segmentations. Synthetic bone segmentations were generated and analyzed using manufacturer-provided

software (Image Processing Language, IPL, version 5.42, Scanco Medical AG, Br tisellen, Switzerland).

4.2.2 Analysis

First, raw values for trabecular thickness, separation, number, and bone volume fraction were normalized
within each data subset (synthetic, in vivo) by subtracting the mean and dividing by the standard deviation.
For each dataset, principal component analysis (PCA) (Jolli e and Cadima, 2016) was used to assess the
interdependence of microarchitectural parameters by measuring the proportion of variance explained by each
principal component, always using the normalized values. PCA nds a linear coordinate transformation from
the original coordinate system to a new coordinate system, where the principal components are the basis
vectors. The rst principal component is aligned with the line of best t to all of the data and each subsequent
principal component is the line of best t to the data after projection into a subspace that is orthogonal to
all preceding principal components. The variance explained by each principal component is the variance
oriented along that new coordinate. PCA was applied to trabecular thickness, separation, and number, then to
thickness, separation, and bone volume fraction, and nally to all four parameters together. This process was
repeated on each of the synthetic and in vivo data subsets. Appendix F describes and reports further analysis
with additional semi-synthetic data generated from the in vivo data subset. PCA was also applied to trabecular
thickness and separation together with the remaining parameters: structural model index, connectivity density,
degree of anisotropy, and the inhomogeneity of the trabecular network.

Next, linear regressions were used to investigate how well equations 4.1 and 4.3 t the synthetic and in
vivo data. The coe cients of determination of these regressions were examined and the coe cients of the
regressions with synthetic data were compared to the expected values to investigate the non-linear dependence
of trabecular number and bone volume fraction on thickness and separation.

All analysis was performed using Python (VVan Rossum and Drake, 2009). PCA models were created
using scikit-learn (Pedregosa et al., 2011) and linear regressions were created using statsmodels (Seabold
and Perktold, 2010). Visualizations were created using Inkscape, Matplotlib (Hunter, 2007), Seaborn
(Waskom, 2021), and a manufacturer-provided 3D visualization tool (UCT3D, Version 4.2, Scanco Medical

AG, Br tisellen, Switzerland).
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Table 4.1. Demographic information for the in vivo HR-pQCT data used in this chapter.

Number of Median age Number of
Dataset - . Sex -
participants ~ [min, max] images
Normative (Whittier et al., 2020a) 1244 56 [18,93]  472M,772F  1243R, 1245T
Hip fracture (Whittier et al., 2020b) 110 72 [57, 97] 25M, 85F 109R, 176T
Athletes (Burt et al., 2022; Wyatt et al., 2023) 80 24 [14, 41] 36M, 44F 103R, 111T
Aggregated 1434 57[14,97] 533M, 901F  1455R, 1532T

Sex: M male, F female. Images: R radius, T tibia.

Figure 4.3: Explained variance for combinations of Th.Th, Tb.Sp, Th.N, and Th.BV/TV. Measured:
measurements in in vivo images from four aggregated studies. Synthetic: measurements in synthetically
generated images.

4.3 Results

Table 4.1 shows demographic information for all participants in the aggregated in vivo image dataset. For more
information on the study inclusion and exclusion criteria and study-speci c health data for these participants,
please see the corresponding studies.

Figure 4.3 shows the results of PCA with trabecular thickness, separation, number, and bone volume
fraction on the two data subsets. Similar trends are observed in both the in vivo and synthetic data subsets.
Across each combination of parameters, the rst two principal components combine to explain between 92%
and 97% of the total variance.

Figure 4.4 shows the results of PCA with trabecular thickness, separation, structure model index,
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Table 4.2: Predictor coe cients, coe cients of determination, and F-statistic-based p-values for linear
regressions t on relations of the form of equations 4.1 and 4.3 using the synthetic and measured in vivo
datasets. Note that In,c 2" 0 45.

Regression Coe cient(s)
Intercept Th.Th Th.Sp
Synthetic -2.0 (SEE 0.3) 1.24 (SEE0.02) 0.998 (SEE 0.001) 0.980  <0.001

Parameter Dataset R2 p-value

1/ToN in vivo 0.078 (SEE 0.003) 0.06 (SEE0.01) 0.919 (SEE 0.001) 0.994  <0.001 Regressions were t using the
In(A) a
Synthetic 031(SEE0.02) 181(SEE0.02) 0.990 <0.001
In(TLBVITV) i vivo 0.26 (SEE0.01)  1.27(SEE0.01)  0.827  <0.001

Ordinary Least Squares linear regression model from the statsmodels Python package.

connectivity density, degree of anisotropy, and inhomogeneity of the trabecular network. For structure model
index, connectivity density, and degree of anisotropy, the third principal component explains approximately
10% of the variance in the dataset. The inhomogeneity of the trabecular network is the exception: here, the
rst two principal components explain over 98% of the variance in the data. To assist with the qualitative
interpretation of parameter interdependencies, pair plots are shown in Appendix E.
Table 4.2 shows the results of linear regressions of the form of equations 4.1 and 4.3 t to the synthetic
and in vivo datasets. All correlations were statistically signi cant, and all had coe cients of determination
0.98 except for bone volume fraction with the in vivo measured dataset, which was 0.827. The coe cients
of trabecular thickness and separation for predicting the inverse of trabecular number were 1.24 (95% CI:
1.20 1.28) and 0.998 (95% CI: 0.970 1.025), respectively, with the synthetic data, while with the in vivo
data the coe cients were 0.061 (95% CI: 0.039 0.083) for trabecular thickness and 0.919 (95% CI: 0.916
0.921) for trabecular separation. In the regressions for the power-law scaling of bone volume fraction, the
intercepts were 0.313 (95% CI: 0.272 0.353) with synthetic data and 0.262 (95% CI: 0.234  0.291) with
the in vivo data, corresponding to estimated values of A of 1.37 (95% CI: 1.31 1.42) and 1.30 (95% CI:

Figure 4.4: Explained variance for Th.Th and Th.Sp combined with SMI, Conn.D, DA, and Tbh.1/N.SD
individually, using the in vivo measured data subset.
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1.26 1.34), respectively. The tted scaling powers for the synthetic and in vivo data subsets were 1.81 (95%
Cl:1.78 1.84)and 1.27 (95% CI: 1.25 1.29), respectively.

4.4 Discussion

This study demonstrates through PCA, with both a large heterogeneous in vivo dataset and synthetic images,
that when trabecular thickness, separation, number, and bone volume fraction are combined, 92% to 97%
of the total variance is explained by only two underlying dimensions (Figure 4.3). This suggests that these
parameters e ectively describe only two orthogonal properties of the trabecular network. When we t linear
regression models in the form of our theoretical approximate relationships to the synthetic and measured in
vivo data (Table 4.2), we nd that all correlations are statistically signi cant and have high coe cients of
determination. We further nd regression coe cients in line with theoretical expectations in the synthetic
data. For the inverse of trabecular number, coe cients of trabecular thickness and trabecular separation
are close to 1, as expected. For the bone volume fraction, the constant coe cient is approximately 1.37
(approximate expected value: 1.57) and the scaling power is 1.81 (expected value: 2). The regression
coe cients deviated from expectations in the in vivo data. For the inverse of trabecular number, the coe cient
of trabecular separation was close to 1, while the coe cient for trabecular thickness was 0.06. For the bone
volume fraction, the constant coe cient was approximately 1.3 and the scaling power was approximately 1.3,
in line with expectations for a mixture of rod-like and plate-like geometry. However, the regression for bone
volume fraction in the in vivo data showed the weakest correlation, with a coe cient of determination of
0.827.

The deviation of the coe cients in the in vivo regression for inverse trabecular number data can be
explained by the more complicated three-dimensional nature of the bone topology as compared to the synthetic
data. The fact that the ratio of trabecular thickness to voxel size covered a much larger range in the synthetic
data than in the in vivo data, 8 (SD 5) vs 4.1 (SD 0.5) (see Appendix E), could explain speci cally why the
dominant predictor for the inverse trabecular number in the in vivo dataset is trabecular separation, while the
contribution of trabecular thickness seems to be negligible. However, we note that in all cases the regression
coe cients are always signi cant and always positive, indicating that the trend of the dependent parameters
will always be in the same direction given the same changes in the independent parameters.

In Figure 4.4, we show the proportion of explained variance when connectivity density, structural model
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index, the inhomogeneity of the trabecular network, and the degree of anisotropy are individually combined
with trabecular thickness and separation. For all parameters except inhomogeneity of the trabecular network,
we nd that the proportion of variance explained by the third principal component is approximately 10%. In
the case of inhomogeneity of the trabecular network, the proportion of variance explained by the third principal
component is nearly negligible at 2%. However, we can contextualize this by examining the qualitative
relationships between trabecular number, trabecular separation, and inhomogeneity of the trabecular network
in the pair plot in Figure E2 (Appendix E). Here, it is apparent that the inhomogeneity of the trabecular
network is proportional to both trabecular separation and the inverse trabecular number. The inverse trabecular
number and inhomogeneity of the trabecular network are computed from the same local thickness eld: as
the mean and standard deviation, respectively (Whittier et al., 2020c). Therefore, the dependence of the
inhomogeneity of the trabecular network on trabecular thickness and separation can be described as an artifact
of the dependence of the trabecular number on the trabecular thickness and separation. We have focused
our analysis on trabecular thickness, separation, number, and bone volume fraction as these parameters are
based on either a simple ratio of humbers of voxels or mean thicknesses of distance elds as measured
with Hildebrand’s algorithm (Hildebrand and R egsegger, 1997). The de nitions of these parameters are
simple to understand, and it is relatively simple to derive the expected relationships of trabecular number and
bone volume fraction on trabecular thickness and separation using only geometric arguments. This same
simple geometric analysis does not seem to work for any of connectivity density, structural model index, the
inhomogeneity of the trabecular network, or the degree of anisotropy. As such, exploration of the dependence
on these more complex parameters on each other and/or on trabecular thickness and separation is beyond the
scope of this work.

Our ndings have important implications for the use of microarchitectural parameters in clinical research,
both when testing for the e ects of an intervention on bone structure and when building predictive models.
When using statistical tests to detect di erences, it is important to carefully select the set of parameters to
be tested. In the current guidelines, the minimum set of parameters to report includes trabecular thickness,
separation, number, and bone volume fraction (Whittier et al., 2020c). However, we have shown that trabecular
number and bone volume fraction are fully dependent on trabecular thickness and separation. Accordingly,
the change in any two of these parameters can be interpreted from the observed changes in the other two.
For example: if trabecular separation increases signi cantly while trabecular thickness remains constant, it

must be the case that bone volume fraction decreases and trabecular number decreases. The consequence
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of our ndings is that one can increase the statistical power of their study design by selecting two of these
four parameters to exclude from testing while losing no relevant information about geometric changes in the
trabecular bone network (see Appendix G for a more concrete exploration of this).

In theory, equations 4.1 and 4.2 can be manipulated to position any two parameters as the dependent
variables, and therefore study designers can select the two parameters of which the direct measurement
will be the most relevant to their speci ¢ research question(s). However, in the in vivo data, Tb.N is highly
dependent on Th.Sp and very weakly dependent on Th.Th. This is likely due to the relatively low variation
in Th.Th compared to Th.Sp in vivo. As a result, it would be inadvisable to select Th.Sp and Th.N as the
two parameters for statistical testing (i.e. one or the other should be selected along with one of Th.Th or
Th.BV/TV). No matter which two are ultimately chosen, this does not preclude the remaining dependent
parameters from being tabulated and reported alongside the two selected for statistical testing, as they may be
relevant for scienti c interpretation. Finally, predictive models that incorporate trabecular microarchitectural
parameters will likewise be adversely impacted by multicollinearity in the inputs (Kim, 2019); therefore, we
recommend that either only two of these four parameters be used or that dimensional reduction techniques,
such as PCA, be used to reduce these four parameters to two dimensions as part of data preprocessing.

There are important limitations to the analysis that should be noted. First, while our in vivo data contains
a large sample of images and individuals (3152 total images from 559 men and 931 women) from a clinically
diverse set of studies, the geographic and ethnic diversity of our data is limited: all study data was collected
in Calgary, Alberta, Canada and the overwhelming majority of study participants were White. However,
our hypotheses and arguments are based primarily on the geometric de nitions of the parameters and how
they relate to each other, and we believe our ndings are fundamental to the measurement methodology.
Therefore, we have no cause to hypothesize that our results would fail to replicate in a separate cohort with
more geographic and ethnic diversity. Second, PCA is intended for the discovery of linear relationships
among variables in a dataset, while here we have used it to investigate potential non-linear relationships.
However, we have used PCA in this context only for exploration and to motivate the investigation of highly

speci ¢ non-linear interdependencies via linear regression analysis on linearized forms of those relationships.
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4.5 Conclusions

We have demonstrated that only two of trabecular thickness, separation, number, and bone volume fraction
are independent parameters of the trabecular network. When performing statistical testing, only two of these
parameters should be used, to minimize type 1 or 1l errors (depending on whether multiple-testing correction
is applied, as is recommended). Likewise, only two of these parameters should be included in the input space

when designing predictive models that incorporate microarchitectural parameters.
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5.1 Introduction

High-resolution peripheral quantitative computed tomography (HR-pQCT) is an in vivo medical imaging
modality that produces density-calibrated images with a nominal isotropic resolution of 60.7 m, allowing for
direct and standardized measurement of bone density and microarchitecture (Boutroy et al., 2005). HR-pQCT
was originally intended for measuring bone at peripheral skeletal sites, primarily at the ultra-distal radius
and tibia (van den Bergh et al., 2021). However, there is growing interest in utilizing this technology to
measure bone quality in more proximal sites, such as the knee (Chiba et al., 2017; Shiraishi et al., 2020) and
the elbow (Sada et al., 2020). Data processing and analysis procedures for HR-pQCT radius and tibia images
are well-established (Whittier et al., 2020c), but extending this technology for use at other sites requires the
development and validation of new tools and protocols.

Our lab developed and validated a protocol for analyzing the peri-articular bone in the knee using
HR-pQCT (Kroker et al., 2017b) and has so far employed it in two cross-sectional studies (Kroker et al.,
2018b,a) and one longitudinal study (Kroker et al., 2019). Brie Yy, we summarize the analysis steps (Kroker
et al., 2017b): First, the image is segmented, using the standard semi-automated HR-pQCT segmentation

procedure (Buie et al., 2007; Burghardt et al., 2010) to separate the background, trabecular bone, and

Figure 5.1: The peri-articular ROIls. The four compartments each have three trabecular ROIs (shallow -
yellow, middle - orange, deep - red) and one subchondral bone plate ROI (green). The ROIs are labelled for the
lateral femoral condyle, these labels also correspond to the same-coloured ROIs in each other compartment.
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cortical bone (which we de ne to also include the subchondral bone plate, for simplicity). Next, the articular
contact surfaces on the tibial plateaus and femoral condyles are manually identi ed. Finally, the articular
contact surfaces are axially extruded into the bone to de ne four peri-articular regions of interest (ROIs) per
compartment: subchondral bone plate and shallow (0 2.5 mm), middle (2.5 5 mm),anddeep (5 7.5
mm) trabecular bone. These ROIs are shown in a volume rendering of the femur and tibia from a sample
HR-pQCT image in Figure 5.1. In each subchondral bone plate ROI, the subchondral bone plate bone mineral
density (Sc.BMD) and thickness (Sc.Th) are measured. In each trabecular ROI, the trabecular bone mineral
density (Tb.BMD), thickness (Tb.Th), separation (Th.Sp), and number (Th.N) are measured, using standard
methods (Whittier et al., 2020c).

A major limitation of this protocol is that the semi-automated bone segmentation and the manual de nition
of articular contact surfaces incur a signi cant labour burden, not least due to the enormous size of a knee
HR-pQCT image relative to the size of a more typical HR-pQCT image of the ultra-distal radius or tibia,
hand, or foot. Furthermore, the subjectivity of these manual processes is a potential source of inter- and
intra-operator errors and biases in study data (Whittier et al., 2020d). A high labour burden limits the
feasibility of scaling knee HR-pQCT studies to larger sample sizes, and inter-operator biases limit the ability
to compare data between studies, scale studies to longer time periods, or conduct multi-center studies; all
cases where data would be processed by multiple individuals and be subject to inter-operator biases.

Two well-established techniques for automating biomedical image segmentation are deep learning (Conze
et al., 2023) and atlas-based segmentation (Bach Cuadra et al., 2015). Fully convolutional neural networks,
such as the UNet and its variants (Siddique et al., 2021), have been employed for segmentation to great success
across many biomedical imaging modalities, including HR-pQCT (Folle et al., 2021; Neeteson et al., 2023).
In recent years, generative-adversarial (Xue et al., 2018) and transformer-based (Hatamizadeh et al., 2021)
architectures have also shown excellent performance for segmentation in both general and biomedical domains.
Similarly, atlas-based segmentation is a well-established technique for biomedical image segmentation and
has been applied successfully across several modalities and sub-domains (Bach Cuadra et al., 2015). While
atlas-based segmentation is perhaps most well-known in the subdomain of neuroimaging, it also has a rich
history of application in the subdomain of musculoskeletal imaging (Pedoia et al., 2016D).

The objective of this study is to develop and validate the rst robust, fully automated protocol for
peri-articular analysis of HR-pQCT knee images. We use deep learning for bone segmentation, atlas-

based segmentation for articular contact surface labelling, and traditional morphological image processing
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operations to combine these segmentations and obtain the nal peri-articular ROIs. We leverage several
external validation datasets to evaluate the precision and accuracy of the developed protocol. This automated
analysis protocol, which we intend to freely distribute, will accelerate HR-pQCT knee research by enabling

studies to scale more e ciently and eliminating inter-operator biases in reported study data.

5.2 Methods

5.2.1 Datasets

Images used in this study were obtained using second-generation HR-pQCT (XtremeCT I, Scanco Medical
AG, Br tisellen, Switzerland). All participants provided written informed consent before data collection. The
Conjoint Health Research Ethics Board approved data collection at the University of Calgary (REB15-2108).
There were three distinct sets of data used in this study: training data, external validation data, and precision
data. Training data was used to train bone segmentation models and develop knee atlases. After the training
was complete and the models were nalized, external validation data was used to assess the accuracy of the
automated work ow, and precision data was used to quantify the precision of the automated work ow. All
images in the external validation and precision datasets were scored for motion (Pauchard et al., 2012), and

images with a motion score of 4 or 5 (on a 1-to-5 scale) were excluded from the analysis.

5.2.1.1 Training Data

There were two subsets of training data used in this study: the distal leg/wrist training data, and the knee +
background training data. The distal leg/wrist training data contains pooled image data from the NORM
(n=1244) and HIPFX (n=110) studies (see Table ALl in Appendix A). These images were collected at standard
scan sites for the distal radius and tibia, with 168 axial slices per image and a nominal isotropic resolution of
60.7 “m. These images have reference segmentations labelling background, cortical bone, and trabecular
bone, which were generated using the standard semi-automated protocol (Whittier et al., 2020c). The full 3D
images were preprocessed to create a training dataset consisting of 64x64x64 patch samples. Five patches
were sampled from each full image with 50% of patches centered on cortical bone and 50% of patches
randomly sampled from the full volume.

The knee + background training data contains image data from the SALTAC study (see Table Al in

Appendix A). In this study, each participant had bilateral HR-pQCT imaging of their knees at baseline
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(following ACL injury) and up to three follow-up visits. These images were collected following the protocol
developed in our lab: the knee is placed at full extension in the scanner gantry and 1008 axial slices are
collected, covering approximately 40 mm of the femur and 20 mm of the tibia, with a nominal isotropic
voxel resolution of 60.7 “m. Reference segmentations had been previously generated following the standard
semi-automated protocol (Buie et al., 2007; Burghardt et al., 2010) as well as articular contact surface masks
and peri-articular ROIs generated (Kroker et al., 2017b). The 3D images were preprocessed to create a
training dataset consisting of 64x64x64 patch samples. From each articular contact surface in each image
(medial femur, lateral femur, medial tibia, lateral tibia), 100 patches were extracted with 50% of the patches
centred on the subchondral bone plate ROI and 50% of the patches randomly sampled from the vicinity of the
trabecular peri-articular ROIs.

All knee images from prior studies had their background masked out as part of the data curation protocol
that was followed at the time of those studies. To ensure the bone segmentation model could properly segment
the background in new images, background patch samples were randomly sampled from 115 radius and 115
tibia images selected from the normative study dataset. From each of these images, ve patches were sampled,
centred on the background only. These background patches were pooled with the preprocessed knee image

patches to create the knee + background training dataset.

5.2.1.2 External Validation Data

The external test data contains pooled image data from three prior cross-sectional knee HR-pQCT studies:
KNEEVAL (n=12), CONMED (n=35), and PREOA (n=29) (see Table Al in Appendix A). These images
were collected following the same protocol as the knee images in the training data, and have peri-articular

ROIs generated following the same semi-automated protocols.

5.2.1.3 Precision Data

A new repeat-measures dataset (TRIKNEE in Table Al in Appendix A) was collected to allow quanti cation
of short-term precision of measurement work ows in knee HR-pQCT data. Adult participants were recruited
using convenience sampling with a target sample size of 30 (Gl er et al., 1995). Participants were screened
for pregnancy at the time of recruitment by participant self-disclosure. HR-pQCT knee scans were performed

on their non-dominant knee three times, with repositioning between scans, within a two week period. Knee
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HR-pQCT imaging followed the established protocol; however, to limit the total radiation dose, each scan

contained only three stacks of 168 axial slices covering only the proximal tibia (excluding the distal femur).

5.2.2 Bone Segmentation
5.2.2.1 Model Zoo and Training Procedure

Five distinct model architectures were considered for bone segmentation, all of which were 3D UNet variants or
derivatives. Four models were imported from MONAI (MONAI Consortium, 2023): UNet (Ronneberger et al.,
2015), UNet++ (Zhou et al., 2018), UNETR (Hatamizadeh et al., 2021), and SegResNetVAE (Myronenko,
2018). An additional fth model, SeGAN (Xue et al., 2018), was custom-implemented with PyTorch
v1.12.1(+cull6) (Paszke et al., 2019). These speci ¢ models were selected due to their availability in an
open-source package, their documented state-of-the-art segmentation performance, and because they each
represent a distinct variation on the classic fully convolutional segmentation model architecture. All of the
segmentation models take a 3D image with a single channel (rescaled densities) as input and produce a 3D
image with three class channels (subchondral bone plate, trabecular bone, background) as output.

Training and validation were performed using ve-fold cross-validation (CV). Models were trained
using the PyTorch Lightning framework v1.9.4 (Falcon et al., 2020) with a cross-entropy loss function, the
AdamW optimizer (Loshchilov and Hutter, 2019), and a batch size as large as would t in memory for a given
model using two NVIDIA A100 (2 x 80GB VRAM) GPUs, which varied based on model architecture and
hyperparameters. In each fold, training proceeded for a minimum of 40 epochs with the following stopping
conditions: four hours of wall clock time elapsed since the start of training, 1000 epochs, or no improvement
in validation set subchondral bone plate Dice similarity coe cient (DSC) (Dice, 1945) over the previous 40

epochs. The hyperparameters considered for each model architecture are documented in Table H2.

5.2.2.2 From-scratch Learning

A hyperparameter grid search was performed with each of the ve model architectures using ve-fold CV
with the knee + background training dataset. The best-performing model of each architecture was selected
based on which had the highest mean validation set subchondral bone plate DSC. This resulted in  ve sets of

ve trained models: one model from each fold for each architecture. These were labelled the from-scratch

trained models.
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Figure 5.2: Segmentation post-processing work ow. Steps are shown as black arrows while intermediate
outputs are visualized as 2D slices of the full 3D volume between steps. The work ow is demonstrated on a
tibia with low bone density to demonstrate how the post-processing steps correct possible errors in the initial
inferred segmentation.
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5.2.2.3 Transfer Learning

A hyperparameter grid search was performed with each of the ve model architectures using ve-fold CV with
the distal leg/wrist training dataset. The best-performing model of each architecture was selected based on
which had the highest mean validation set subchondral bone plate DSC (classifying radial and tibial cortical
bone with the subchondral bone class). The models were reinitialized with the optimal hyperparameters and
retrained using the full distal leg/wrist training dataset to convergence to be used as the pre-trained models.
The pre-trained models were ne-tuned using ve-fold CV with the knee + background training dataset. This

resulted in ve sets of ve trained models, labelled the transfer trained models.

5.2.2.4 Ensemble Inference

Ensemble inference uses a set of models to produce a single prediction (Ganaie et al., 2022). Each model
performs patch-based inference on a full image using MONAI’s sliding window inferer (MONAI Consortium,
2023) with a patch width of 128 voxels, an overlap of 25%, and Gaussian blending. In our case, the ve
models are ensembled by summing their raw outputs element-wise before converting the outputs to voxel-wise
class labels by nding the channel index with the largest predicted value at each voxel in the output. Ensemble
inference is performed using a single NVIDIA V100 (16GB VRAM) rather than two A100s, as less memory

is required for inference than for training.

5.2.3 Segmentation Post-processing

Figure 5.2 shows a schematic of the segmentation post-processing work ow, including speci c details of the
morphological Iters applied in each step. In step 1, the outputs from a set of trained models are ensembled to
create the raw segmentation, labelling voxels as either subchondral bone plate, trabecular bone, or background.
In step 2, the two bone labels (subchondral and trabecular) are combined to create a single bone mask. In step
3, morphological Iters Il any gaps in the bone mask. In step 4, morphological lters keep only the largest
connected component of the bone mask, which eliminates both small, disconnected islands resulting from
segmentation errors and removes any secondary bones (e.g. in a proximal tibia image, the proximal bula and
distal femur are considered secondary). In step 5, the minimum subchondral bone plate is extracted from the

Itered bone mask by eroding by 4 voxels and subtracting the eroded mask from the original mask. The result

is combined with the raw subchondral bone plate mask. In step 6, a morphological Iter removes all but the
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largest connected component from the subchondral bone mask and in step 7, the trabecular mask is created by
subtracting this subchondral mask from the Itered bone mask. In steps 8 and 9, the trabecular bone mask is
morphologically Itered to |l in any interior gaps and subtracted from the subchondral bone plate mask
to ensure no overlap. Finally, in step 10, the trabecular and subchondral bone plate masks are combined
into the nal post-processed segmentation. All morphological and Boolean operations are performed using

scikit-image v0.19.3 (Van der Walt et al., 2014) and NumPy v1.21.6 (Harris et al., 2020).

5.2.4 Atlas-Based Segmentation of Contact Surfaces

Acrticular contact surfaces on the tibial plateaus and femoral condyles are labelled on new images using
atlas-based segmentation, with a separate atlas for each of the tibia and femur. The average atlases were
created using the baseline knee images from the knee + background training dataset, which have manually
generated masks de ning the medial and lateral articular contact surfaces on the tibia and femur. First, images
of left knees were re ected across the sagittal plane and combined with images of right knees so that all the
images could be used to generate a single atlas (one for the tibia and one for the femur). An initial image
is selected randomly and all other images are a nely registered to the initial image and averaged together
to create the average atlas. Each of the original images is deformably registered to the average atlas and
the contact surface masks from each image are transformed into the atlas space and combined to create the
average atlas mask using the STAPLE algorithm (War eld et al., 2004) with a binarization threshold of 0.5.
The contact surfaces can be segmented in a new image by deformably registering the tibia and femur to their
corresponding atlas and transforming the atlas mask to the new image. If the new image is from a left knee,
the image is re ected sagitally before registration and the transformed masks are re ected sagitally back to
the original orientation as the nal step.

The optimal parameters for atlas generation and deformable registration were determined using a grid
search (Table H1) and leave-one-out cross-validation, where there are as many folds as samples in the dataset.
In each fold, one image was held out for validation while the rest were used to generate an atlas. The atlas was
used to predict the contact surface mask on the validation image and the DSC of the reference and predicted
mask were computed, which were averaged across folds. The set of parameters that produced the highest
cross-validation DSC was considered optimal and used to generate a nal atlas for the tibia and femur. The

ranges of parameters considered in the atlas generation grid search are documented in Appendix H, and the
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optimal procedure is reported in the Results section.

Figure 5.3: The combined work ow to generate peri-articular ROIs from a knee HR-pQCT image. With
cross-sectional data, ROIs are generated for individual images. With longitudinal data, peri-articular ROls
are generated for each image in a time series using rigid registration. The bone segmentations and contact
surface masks are transformed to the baseline frame to synchronize both the spatial location of the contact
surfaces and the direction of the extrusions that generate the trabecular ROIs.

5.2.5 Combined Work ow

The full combined work ow is depicted in Figure 5.3 for both cross-sectional and longitudinal analysis modes.

The steps are described in full detail in the proceeding sections.
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5.2.5.1 Segmentations

First, a full knee image is manually separated into two sub-volumes, using a custom script integrated into
the manufacturer-provided GUI program for image analysis (“CT_Evaluation, v6.6, Scanco Medical AG,
Br tisellen, Switzerland). The two sub-volumes contain the distal femur and proximal tibia, which are
processed independently. Ensemble inference and post-processing are applied to obtain a bone compartment
segmentation. Next, the medial and lateral contact surface masks are obtained by atlas-based segmentation

using the corresponding atlas.

5.2.5.2 Longitudinal Registration

If the image data is longitudinal (i.e., repeated-measures), each follow-up image is rigidly registered to the
baseline image before generating the peri-articular ROIs. For rigid registration, xed and moving images are

rst downsampled by a factor of 4 and Gaussian smoothed with a standard deviation of 1 voxel. The rigid
registration uses a Powell optimizer with a maximum of 100 line iterations, a step length of 1, a step tolerance
of 10 8, avalue tolerance of 10 ©, a geometry-based initialization, linear interpolation, a correlation similarity
metric, a regular sampling strategy, and a sampling rate of 30%. Multi-scale registration is performed with
downscaling factors of 16, 8, 4, 2, 1 and corresponding Gaussian smoothing standard deviations of 8, 4, 2, 1,
0.1 voxels. Longitudinal registration is performed using SimplelTK v2.2.0 (Lowekamp et al., 2013). After
registration, the follow-up bone segmentation and atlas-segmented contact surface mask are transformed
to the baseline image space. The baseline and transformed follow-up contact surface masks are intersected
to create the longitudinal contact surface masks in the baseline frame. This is combined with the bone
segmentations, in the baseline space, to generate peri-articular ROIs for baseline and follow-up images.
Follow-up peri-articular ROIs are transformed back to their respective follow-up space(s). If the image data is
cross-sectional and only one image is available from each knee, the longitudinal registration step is skipped,

and peri-articular ROIs are created using the atlas-segmented contact surface mask.

5.2.5.3 Peri-articular ROl Generation

A Gaussian lter (standard deviation: 1 voxel) is applied to smooth the medial and lateral contact surface
masks. The smoothed contact surface masks are dilated axially out from the bone by 20 voxels (proximally

for the tibia and distally for the femur) and intersected with the subchondral bone plate mask from the bone
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segmentation, and a connected components Iter is applied to keep only the largest component. The resulting
mask is dilated axially out from the bone by another 5 voxels and intersected once more with the subchondral
bone plate mask from the bone segmentation. This creates the rst two peri-articular ROIls: the medial and
lateral subchondral bone plate. As in prior studies, the articular contact surfaces are extruded axially 7.5 mm
into the bone (proximally for the femur and distally for the tibia) to create three trabecular peri-articular ROIs
at three ranges of depth from the articular contact surface: shallow (0.0 2.5 mm), middle (2.5 mm 5.0

mm), and deep (5.0 7.5 mm). This results in a total of eight ROIs in each of the femur and tibia.

5.2.5.4 Micro-architectural Analysis

Subchondral bone mineral density (Sc.BMD) and thickness (Sc.Th) are computed for the subchondral bone
plate ROIs, while trabecular bone mineral density (Th.BMD), thickness (Tb.Th), separation (Tb.Sp), and
number (Th.N) are computed for the shallow, middle, and deep peri-articular ROIs. All micro-architectural

parameters are computed using standard manufacturer-implemented algorithms (IPL) (Whittier et al., 2020c).

5.2.6 Evaluation and Metrics

First, the combined work ow was applied to all images in the held-out test dataset in cross-sectional mode.
The predicted and reference ROIs were used to perform micro-architectural analysis. The paired reference
and predicted outputs were compared using both direct linear correlation analysis and the di erence and
mean values in Bland-Altman plots.

Next, the combined work ow was applied to all images in the precision dataset in both cross-sectional
and longitudinal mode (using the rst scan as the baseline and repeat scans as follow-ups). Generated ROIs
were used to perform micro-architectural analysis and the cross-sectional and longitudinal results were used
to compute the root-mean-square percentage coe cient of variation (RMS%CV) and least signi cant change
(LSC) (Gl eretal., 1995) for all parameters at all ROIs in the tibia. The normality of the distribution of
individual-level standard deviations was assessed with D’Agostino and Pearson’s method (D’Agostino and
Pearson, 1973) and the signi cance of di erences in precision between the cross-sectional and longitudinal
modes was tested using independent Wilcoxon signed-rank tests (Conover, 1999), with the signi cance
threshold adjusted for multiple testing using the Benjamini, Krieger, and Yekutieli two-step false discovery

rate correction procedure (34 tests) (Benjamini et al., 2006). The base signi cance threshold for all statistical
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tests was 0.05. Visualizations were created using PyVista v0.38.6 (Sullivan and Kaszynski, 2019), Matplotlib
v3.5.3 (Hunter, 2007), pandas v1.3.5 (pandas development team, 2024), seaborn v0.12.2 (Waskom, 2021),

and Inkscape.

5.2.7 Code Availability

The code used in this project is distributed across three GitHub repositories: utility code for training
segmentation models in the PyTorch Lightning framework with HR-pQCT images, code for training, inference,

and atlas-based segmentation, and code for organizing and analyzing the precision dataset.

5.3 Results

5.3.1 Datasets

The distal leg/wrist training dataset contained 2,598 total images (1,257 radii, 1,341 tibiae) from 1,276
participants (457 men, 819 women). The knee + background dataset contained 131 total images (each
containing the femur and tibia) from 31 participants (10 men, 21 women). The external validation dataset
contained 128 images from 64 participants (21 men and 43 women) and the precision dataset contained 87

images from 29 participants (10 men, 19 women).

5.3.2 Segmentation Models

Figure 5.4 shows the mean cross-validation DSC for each class on the knee + background dataset for the
best-performing version of each of the ve architectures considered and with each training approach. All the
best models achieve DSC  0.94 at segmenting background and trabecular bone, except for the from-scratch
trained SegResNetVAE. As expected, segmentation of subchondral bone plate is the most challenging aspect
of the bone segmentation task. Most models achieved only 0.84 DSC 0.87, the from-scratch trained
SegResNetVAE achieved DSC = 0.66 (worse result), and the transfer trained SegResNetVAE and UNet++
achieved DSC = 0.89 (best results). Finally, the SegResNetVAE, UNet, UNet++, and UNETR show better
performance across all classes when transfer trained than when trained from-scratch, while the reverse is true
for the SeGAN. The transfer trained UNet++ was selected over the SegResNetVAE as the nal model for bone
segmentation as it had a lower standard deviation in subchondral bone plate DSC during cross-validation

(UNet++: 0.889 — 0.006, SegResNetVVAE: 0.889 — 0.014).

112


https://github.com/Bonelab/bonelab-pytorch-lightning
https://github.com/Bonelab/bonelab-pytorch-lightning
https://github.com/Bonelab/hrpqct-knee-segmentation
https://github.com/Bonelab/hrpqct-knee-segmentation
https://github.com/Bonelab/triknee

5. Automated Quantitative Analysis of Peri-articular Bone in HR-pQCT Knee Images

Figure 5.4: Cross-validation results for the best-performing model of each architecture trained with each
method. The bars show the mean DSC averaged across folds, while the error bars show the standard deviation
of the DSC. The dashed line indicates DSC = 1.0.

5.3.3 Atlas-Based Segmentation

The best-performing atlas-based segmentation method was the di eomorphic demons algorithm with a
displacement smoothing standard deviation of 2 and an update smoothing standard deviation of 2. Images
are downsampled by a factor of 8 and smoothed with a Gaussian Iter with a standard deviation of 0.5
prior to registration, and multiscale registration is performed with down-sampling factors of 16, 8, 4, 2 and
corresponding Gaussian smoothing standard deviations of 8, 4, 2, 1. The average DSC values across the
leave-one-out cross-validation for this optimal con guration were 0.81 and 0.83 for the medial and lateral

tibia plateaus, respectively, and 0.83 and 0.84 for the medial and lateral femoral condyles, respectively.

5.3.4 Peri-articular microarchitectural parameters

Running times for the various steps in the work ow are reported in Table H3. Ensemble inference is performed

on an NVIDIA V100 (16GB), and all other steps are performed on the CPU.

5.3.4.1 Accuracy

Figure 5.5 shows Bland-Altman and correlation plots comparing the results of morphological analysis on
the external validation dataset with the reference and predicted peri-articular ROIs. For all morphometric
parameters in all trabecular ROIs, the limits of agreement contain zero mean bias error, and the predicted and
reference values are highly correlated (R2  0.97). In the tibial subchondral bone plate ROIs, the limits of
agreement overlap with zero, indicating no bias for both Sc.BMD and Sc.Th. In the femoral subchondral bone

plate ROIs, the limits of agreement do not overlap with zero and indicate over-prediction of Sc.Th (+0.15 mm,
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Figure 5.5: Linear correlation and Bland-Altman plots showing results on the external test datasets. On the
linear correlation plots, the black line is y=x, the solid red line is a regression line, and the dashed red lines
indicate the con dence interval for the regression. On the Bland-Altman plots, the black line is zero bias, the
solid red line is the mean bias, and the dashed red lines are the limits of agreement.
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compared to an approximate range of 0.35 to 0.85 mm) and under-prediction of Sc.BMD (-80 mg HA/cm?,
compared to an approximate range of 500 to 800 mg HA/cm?®). Predicted and reference values are highly
correlated for Sc.BMD in the femur (R? = 0.95) and Sc.Th in the tibia (R? = 0.94), while the correlations are
weakest, though still quite strong, for Sc.BMD in the tibia (R? = 0.86) and Sc.Th in the femur (R? = 0.88).

Figure 5.6: Sample visualizations of the compartments with the largest over-estimation of Sc.Th, median
absolute disagreement in Sc.Th, and under-estimations of Sc.Th in the femur (top three rows, respectively) and
tibia (bottom three rows). In the left-most column we show axial projections of the predicted and reference
ROIs, combined into a single compartmental ROI, where green represents true positives, red represents false
positives, and yellow represents false negatives. In the two center columns, the predicted (left) and reference
(right) ROIs are overlaid on the gray-scale image of a central sagittal slice (the location of which is indicated
by a black line in the left-most column). Here, green is the subchondral bone plate and yellow, orange, and
red are the shallow, middle, and deep trabecular bone ROIs, respectively. ROI errors are shown in red in the
right-most column and are de ned as any voxel where the predicted and reference ROI labels disagree.

115



5. Automated Quantitative Analysis of Peri-articular Bone in HR-pQCT Knee Images

Figure 5.6 shows sample visualizations of the compartments with the largest positive errors, the largest
negative errors, and the median absolute disagreement in Sc.Th in the femur and tibia, with one row per
image. There are two potential sources of disagreement: articular contact surface labelling, and subchondral
bone plate segmentation. In each image, both types of error are present, with substantial disagreements
at the medial and lateral edges of the image as well as at the endosteal boundary, which separates cortical
bone, or subchondral bone plate, from trabecular bone. Notably, disagreements at the periosteal boundary
are minimal, and correspondingly the di erences at inter-ROI boundaries are also minimal. Finally, both
the axial projections and sagittal slice overlays show good qualitative agreement between the predicted and

reference ROIs, even for these four images with the largest errors in Sc.Th.

5.3.4.2 Precision

Table 5.1 contains RMS%CV and LSC values for all morphological parameters in all peri-articular ROIs
in the tibia, computed in both cross-sectional and longitudinal analysis modes with the repeat-measure
precision dataset. RMS%CV values are  3.5% for all parameter-ROI combinations, indicating excellent
reproducibility of morphometric measurements across repeat imaging with repositioning. Precision is best
for Th.BMD (0.8% to 1.5%) and Th.Th (0.7% to 1.3%), while Sc.Th shows the relative worst precision (2.2%
to 3.5%). For all but two parameter-ROI combinations, the di erences in precision between cross-sectional
and longitudinal analysis modes are not statistically signi cant. The exceptions are Sc.Th in the medial tibial
plateau, where the precision is signi cantly improved with the longitudinal mode (RMS%CV improves from
3.5% to 2.2%) and Th.N across all trabecular ROIs, where precision is statistically signi cantly worse with
the longitudinal mode, though the e ect is quite small (RMS%CV worsens from 2.8% to 2.9%). For nearly
all ROIs across all parameters except Th.N, the trend is for precision to be improved when the analysis is
performed in the longitudinal mode compared to the cross-sectional mode, while this trend is reversed for

Th.N.

5.4 Discussion

We have developed and validated a robust, automated protocol for peri-articular analysis of bone microarchi-
tecture with HR-pQCT knee images. We found that of the segmentation models considered, the UNet++

trained by transfer learning achieved the most accurate segmentation of the subchondral bone plate in  ve-fold
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Table 5.1: RMS%CV and LSC values for all microarchitectural parameters in all compartments of the tibia,
compared between the cross-sectional and longitudinal modes. Di erences in RMS%CV between modes
were tested using Wilcoxon signed-rank tests.

. Cross-sectional Longitudinal .
Parameter [units] ROI RMS%CY LsC RMS%Cg:V LSC Wilcoxon p Value
All 2.2 37.3 2.2 36.6 0.980
[S;;MAD/ cmd] Late_ral 2.2 38.2 2.3 39.5 0.957
Medial 2.1 36.4 1.9 335 0.957
Se.Th All 34 0.079 2.8 0.063 0.242
[mm] Late_ral 3.4 0.066 3.3 0.066 0.980
Medial 35 0.091 2.2 0.059 0.0359
All 1.3 9.1 11 8.1 0.730
Shallow Lateral 15 12.4 1.2 10.9 0.803
Middle Lateral 1.4 8.8 1.3 8.7 0.980
Err:é;Bl—'}AAD/ em?] Deep Lateral_ 1.3 5.8 1.2 5.4 0.961
Shallow Medial 0.9 9.6 0.8 8.4 0.980
Middle Medial 12 9.9 1.0 8.4 0.980
Deep Medial 1.2 6.6 1.0 5.4 0.250
All 2.8 0.038 2.9 0.039 0.242
Shallow Lateral 2.6 0.032 2.7 0.030 0.458
Tb.Sp Middle Lateral 3.1 0.045 3.2 0.044 0.659
[mm] Deep Lateral_ 2.7 0.043 2.7 0.044 0.980
Shallow Medial 2.6 0.028 2.6 0.027 0.957
Middle Medial 3.2 0.043 35 0.047 0.242
Deep Medial 2.3 0.036 24 0.037 0.980
All 1.0 0.0086 1.0 0.0085 0.242
Shallow Lateral 1.2 0.0099 1.2 0.0092 0.980
Tb.Th Middle Lateral 1.0 0.0072 0.9 0.0071 0.250
[mm] Deep Lateral_ 0.9 0.0059 0.9 0.0059 0.957
Shallow Medial 1.3 0.0123 1.3 0.0114 0.980
Middle Medial 1.0 0.0092 12 0.0106 0.250
Deep Medial 0.7 0.0048 0.7 0.0048 0.730
All 2.8 0.15 2.9 0.16 0.035%
Shallow Lateral 2.5 0.16 25 0.17 0.250
Tob.N Middle Lateral 3.2 0.17 3.3 0.18 0.327
[mm 1] Deep Lateral_ 2.9 0.14 3.0 0.14 0.980
Shallow Medial 2.2 0.14 2.3 0.16 0.241
Middle Medial 3.2 0.18 3.4 0.19 0.358
Deep Medial 2.6 0.13 2.6 0.13 0.980

p values were corrected for multiple testing using the Benjamini, Krieger, and Yekutieli two-step false discovery rate correction procedure with a
signi cance threshold of 0.05 and 34 tests.

O Precision is statistically signi cantly better with longitudinal method.

1 precision is statistically signi cantly better with cross-sectional method.
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cross-validation, though many of the models performed nearly as well, while atlas-based registration by the
di eomorphic demons algorithm produced preliminary compartmental segmentations with DSCs of 0.81
to 0.84 in leave-one-out cross-validation. Using a held-out external validation test set, we found excellent
accuracy and precision in standard bone morphometric analysis outputs when compared to the previous
labour-intensive analysis work ow.

This isthe rst study to present an automated protocol for the analysis of peri-articular bone morphometry
with in vivo HR-pQCT knee images and lays the foundation to leverage this technology more widely. While
the application of HR-pQCT for studying bone quality in the human knee is relatively recent, there have
been several studies demonstrating semi-automated protocols for both in vivo and ex vivo HR-pQCT knee
images. These include the in vivo study of knee microarchitecture in OA patients and controls by dividing the
tibial plateaus into four compartments (anterior, central, posterior, and medial or lateral) (Chiba et al., 2017;
Shiraishi et al., 2020; Okazaki et al., 2017), the ex vivo study of resected human femurs by manually creating
volumes of interest, based on visual inspection (Rapagna et al., 2019), and the in vivo protocol developed in
our lab and described in the introduction (Kroker et al., 2017Db).

Comparing predicted to reference morphometric parameters in the test dataset (Figure 5.5), we observe
strong correlation and high accuracy for all trabecular parameters (R>  0.96) while for the subchondral
bone plate parameters, the correlations are still strong but relatively weaker (0.86 R2  0.95). Sample
visualizations (Figure 5.6) for the femur and tibia images show one of the biggest challenges is measuring the
Sc.Th. This is not unexpected because the subchondral bone plate is extremely thin, which is evident both
visually in Figure 5.6 and in the ranges of Sc.Th in Figure 5.5 (femur: 0.25 Sc.Th [mm] 1.2; tibia: 0.25
Sc.Th[mm] 2.5). An extremely thin structure combined with endemic measurement artifacts (e.g. motion,
partial volume e ects, etc.) presents a di cult segmentation problem, and this is worsened by the possible
presence of ambiguities in the de nition of the boundary of the structure such as those caused by adjacent
thickened trabeculae and porosities and/or breaks in the subchondral bone plate. The smaller the structure,
the greater the marginal e ect will be of incorrectly labelled voxels on density and thickness measurements.
Compared to the subchondral bone plate, the bone as a whole and the articular contact surfaces are much
easier to segment accurately (see Figure 5.4) All these e ects combine to explain the greater accuracy in the
trabecular parameters when compared to the subchondral bone plate parameters.

It is important to keep in mind that the correctness of the reference segmentations used to train and

evaluate the model is subjective. These segmentations were generated using a semi-automated procedure with
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a human operator intervening to visually inspect and correct the periosteal and endosteal boundaries where
required. Corrections were made using a manufacturer-provided tool (“CT_Evaluation, Scanco Medical
AG, Br tisellen, Switzerland) in which surface contours are inspected and adjusted laborously. A particular
challenge is that in the knee the articular contact surfaces are predominantly oriented parallel to the axial
plane and the proprietary software does not allow editing contours in other more convenient orientations. As
such, itis di cult to ascertain which of the reference or predicted segmentations is objectively more correct
when disagreements arise, or whether the idea of an objectively correct subchondral bone plate segmentation
is even meaningful.

In practical usage, it is most important that a measurement has a su cient degree of self-consistency, or
precision, such that di erences can be reliably detected across groups or across time. When we apply our
novel technique to a triple-repeat-measures dataset with N=29, we nd excellent measures of reproducibility
across all parameters and all compartments: 0.7 RMS%CV [%] 3.5, compared to 0.3 RMS%CV
[%] 3.0 for similar parameters measured by a similar automated work ow at the distal radius and tibia in
Chapter 3. Importantly, these measures of precision include not just the e ects of the segmentation work ow
but also e ects caused by repositioning and rescanning. By comparison, the semi-automated procedure used
to generate the reference segmentations was evaluated for inter- and intra-operator precision by comparing
analysis results on a single set of images either performed by one operator twice (intra) or by two operators
separately (inter), and this resulted in intra-operator precision values of 0.5 RMS%CV [%] 3.5 and
inter-operator precision values of 0.5 RMS%CV [%] 7.9 (Kroker et al., 2018b). The fully automated
work ow we present in this work has, by construction, zero inter- or intra-operator precision error.

Finally, while we did not nd an across-the-board improvement of the precision of using rigid registration
for repeat measures, we did observe a trend towards lower precision error, particularly in Sc.Th. One of the
main bene ts of rigid registration is to ensure that the projection of the ROIs from the articular contact surface
into the bone occurs in the same direction in each image. In our precision data, repositioning was well aligned
between scans, but in cases where there is a greater di erence in the knee angle between measurements,
it is presumed that registration would be an important tool to maximize precision (Kemp et al., 2020). In
our precision dataset, all participants were healthy and had no di culty in keeping their knee close to 0 of

exion consistently in each measurement. This is often not the case for injured participants with limited knee
mobility.

There are limitations to this study to be acknowledged. All study participants were recruited locally in
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Calgary, AB, Canada and therefore the geographic and ethnographic heterogeneity of the study population is
limited. It is not expected that this will limit its application, but that remains to be con rmed. All images
were obtained using the same XtremeCTII scanner and all of the reference segmentations were generated by
only two operators (one for radius and tibia images and one for knee images). Due to limitations of radiation
dose, the knee image data for precision quanti cation contained only images of proximal tibia and excluded
the distal femur. There was also a relative paucity of knee images with reference segmentations to be used for
training and testing, since the application of HR-pQCT to the study of the knee is quite a new development
compared to the well-established application to the distal radius and tibia.

There are elements of the work ow that could be improved by the incorporation of additional tools and/or
techniques, or alternative measurement approaches. While the segmentation and ROI generation is fully
automated, currently a user rst spends approximately two minutes placing bounding boxes to crop out the
distal femur and proximal tibia from a full knee image. This step saves memory and computation time in
subsequent steps and is an opportunity to perform basic visual data checking and metadata entry before
processing (e.g., to ensure the image has been reconstructed properly, to perform motion scoring, to make
sure the image is from the correct side, etc.). However, it could potentially be automated to further streamline
data processing. So-called ‘stack shift’ artifacts are a problem in any HR-pQCT measurement produced
by performing multiple sequential measurements and stacking them together, and knee images are no
exception. These artifacts can be particularly troublesome if the stack shift occurs at or near the articular
contact surface, but could be ameliorated by incorporating a stack shift-correcting registration approach
(Whittier et al., 2023b). The thickness of the subchondral bone plate is approaching, or at, the resolution
limits of HR-pQCT. An alternative to the standard measurement technique of segmentation and estimation of
Sc.Th by Hildebrand’s method for calculating structure thickness (Hildebrand and R egsegger, 1997) could
be to utilize the dual step function model- tting approach originally proposed for measuring cortical thickness
of the proximal femur in clinical CT (Treece et al., 2012). Additionally, multi-task learning approaches have
been shown in recent years to dramatically improve the performance of deep learning models (Zhang and
Yang, 2018), particularly as a solution to data scarcity (Thung and Wee, 2018). Multi-task learning could be
applied to further improve subchondral bone plate segmentation by simultaneously training a model to predict
additional holistic or voxel-wise characteristics of the input image, such as the motion score, the subchondral
bone plate and trabecular thickness map, the marrow space thickness map, morphometric parameters, or even

strength-based parameters derived from nite element modelling.
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5.5 Conclusions

We have presented and characterized a novel work ow for automating the peri-articular analysis of bone at
the knee with in vivo HR-pQCT images. The algorithm runs fully automatically, requiring no human input
after an initial cropping step, and can be operated in either a cross-sectional or longitudinal con guration as
needed for a given study. We have demonstrated the accuracy of the work ow when compared to the best
available reference data, and have evaluated the short-term precision and shown that it compares favorably to
the precision of a similar work ow for obtaining similar measurements on radius and tibia HR-pQCT images.
In its current form, it could be integrated directly and seamlessly into a standard HR-pQCT data analysis
work ow, and the code, atlases, and trained models have been made available for anyone to use. Future work

will focus on the practical application of the work ow on clinical data to investigate osteoarthritis etiology.
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Chapter 6

Advancing Cortical Bone Mapping with
Global Optimization

Truth is much too complicated to

allow anything but approximations.

John Von Neumann

This chapter was originally written for this thesis, though it is a multi-authored work in collaboration with

my supervisor, and has been submitted to Computers in Biology and Medicine for peer review.

Contributions

I developed the idea for this project (though obviously inspired by Graham Treece’ prior work, as well as a
conversation with Dr. Bryce Besler many years ago), implemented the methods, executed the experiments,

performed the analysis, analyzed the data, generated the visualizations, and wrote and revised the text.
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6.1 Introduction

6.1.1 Background

The identi cation of the cortical bone compartment and the quanti cation of the thickness of cortical bone are
of critical importance in many areas of bone research including osteoporosis diagnosis (Grampp et al., 1997),
fracture prediction (Li et al., 2010; Rodr guez-Soto et al., 2010; Whittier et al., 2023a), quanti cation of bone
strength (Augat and Schorlemmer, 2006), the e ect of diabetes on bone (Samelson et al., 2018; Nakamura
et al., 2018; Verroken et al., 2017), osteoarthritis (Kroker et al., 2019; Lajeunesse, 2004), and the stability
of implants in both orthopedic (Wirth et al., 2011) and orthodontic (Marquezan et al., 2014) surgery. An
established method for estimating cortical thickness in clinical computed tomography (CT) is a model- tting
approach developed and re ned by Treece et al. (2012), commonly referred to as Cortical Bone Mapping
(CBM). CBM will be described in detail in the subsequent sub-section, but in brief, CBM nds the thickness
of the cortical bone at each point on a surface by sampling intensities along a line normal to the surface and

tting an intensity pro le model, in which cortical thickness is a parameter, to this sampled data. This is in
contrast to measuring cortical thickness by rst segmenting the cortical bone (equivalently, determining the
endosteal and periosteal surfaces) and measuring the cortical thickness as the thickness of this segmentation.
CBM has been validated and applied to study cortical bone in clinical CT in a variety of contexts and at a
variety of skeletal sites (Treece and Gee, 2018).

The identi cation of the cortical compartment is the central challenge in the quantitative analysis of
bone microarchitecture in high resolution peripheral quantitative computed tomography (HR-pQCT). The
standard analysis protocols require cortical and trabecular segmentation for compartment-speci c¢ analysis
(Boutroy et al., 2005), and the precision and accuracy of the resulting microarchitectural parameters are
directly dependent on the quality of the segmentations. This, in turn, is dependent on the robustness
of the (semi-)automated work ow generating the segmentations and/or the skill level of the individual
correcting the segmentations (Whittier et al., 2020d). The current gold standard is to use a dual-thresholding
technique (Buie et al., 2007; Burghardt et al., 2010) combined with manual inspection and correction of the
output segmentations. There have been a number of alternative methods proposed using machine learning
(Valentinitsch et al., 2012) or active contours (Hafri et al., 2016; Ohs et al., 2021), and more recently, deep
learning methods have been developed, such as the work by Folle et al. (2021) and the work presented in

Chapters 3 and 5. Some researchers opt to focus on analysis of trabecular bone in knee HR-pQCT images and
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exclude the cortical bone (Shiraishi et al., 2020), perhaps owing to the challenge of accurately segmenting the
thin subchondral bone plate (see chapter 5).
Curiously, while CBM has been applied to HR-pQCT images to validate the accuracy of CBM in clinical
CT (Treece and Gee, 2018), it has not gained traction in the HR-pQCT research community and to our
knowledge, the accuracy and precision of CBM-derived thicknesses have not been characterized on HR-pQCT
data using either reference data (such as from histology or “CT) or with repeat-measures datasets. Instead,
the near-universal standard for the measurement of thicknesses in HR-pQCT is the sphere- tting algorithm
developed by Hildebrand and R egsegger (1997), which requires both a periosteal and endosteal contour
to measure cortical thickness. It is well-established that de ning the endosteal boundary is subjective
and operator dependent, and Whittier et al. (2020d) have demonstrated the signi cant e ects of operator
experience level on both precision and error bias with manually corrected endosteal contours.
The objective of this work is to advance the model- tting CBM approach for cortical thickness estimation
in HR-pQCT by introducing two novel extensions that allow for the control of the local spatial variation in the
tted parameters. We quantify the overall and local precision of the algorithms applied to the measurement
of cortical thickness and subchondral bone plate thickness in radius, tibia and knee HR-pQCT images,

respectively.

6.1.2 Estimation of Cortical Thickness by Model Fitting
The smooth model for the pro le of densities as sampled on a straight line normal to the bone surface that
passes from the soft tissue through the cortical bone out to the trabecular compartment is:

. . do dg G <n,C2 di dy G < (2
5.6j< ¢ dg d; ¥ =dg, 5 1, erf P - 1,erf—fpz— (6.1)

Here, 5 is the modelled density as a function of the distance G from the surface node, dg is the average
density of the soft tissue adjacent to the bone, d, is the density of the cortical bone, d1 is the average density
of the trabecular compartment (including both marrow and trabeculae), < is the distance between the surface
node and the mid-point of the cortical bone along the sampled pro le at the surface node, and C is the thickness
of the cortical bone at the surface node. Finally, ¥ is the standard deviation of a Gaussian smoothing kernel
convolved with the two step functions to approximate the cumulative blurring incurred on the image densities

by the processes of measurement (Treece et al., 2012). The model tis demonstrated in Figure 6.1.
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For more e cient optimization, it is useful to analytically compute the gradient of the modeled densities as
a function of the model parameters, noting that d, is xed because the system is potentially under-determined
when dy and F are simultaneously free (Treece et al., 2012). The gradient of 5,6” with respect to the free

model parameters is:
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Equation 6.2 gives the continuous gradient as a function of G for a given set of model parameters. Now,

we shift to a discrete frame where G is replaced by Gy and 5,6 is replaced by 5, where 8 indexes over surface

Figure 6.1: The left image shows a 100 x 100 voxel slice sampled from the subchondral bone plate region of
a proximal tibia HR-pQCT knee image annotated with the sample line in red and tted cortical bone extent
in blue. The middle image shows the sampled intensity pro le, the tted model (with d, = 1000 mg HA /
cm?), and the tted locations for the cortical center (<) and the periosteal and endosteal boundaries (< ¢ 2,
<, 0 2). The tted model parameters were < =0 65 mm, ( =0 66 mm, dz = 84 mg HA/cm3, d; = 340 mg
HA/cm?, and F = 0 24 mm. The right image shows how the model-derived cortical thickness varies (when

t to the same intensity pro le) with di erent speci ed cortical densities, with a red dot indicating the t
shown in the middle plot and a dashed line showing a power-law relationship tto ¢ and d; using ordinary
least squares. ( and d» are approximately inversely proportional.
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nodes and 9 indexes over points sampled along the density pro le normal to the surface. 5% is an #
matrix where there are # surface nodes and " densities sampled (and modeled) at each node.

The original approach for estimating cortical thickness by model tting ts an independent model to
each surface node in isolation (and as such is technically a "perfectly parallelizable™ problem). However, in
this work, we propose a new global approach and t a single model to all density pro les from all surface
nodes simultaneously, xing ds and d; as spatially constant across the image but creating arrays of model
parameters <g, (g, T to represent individual parameter values at each surface node. We impose additional

constraints on the spatial relationships of these model parameters with two separate approaches:

1. A multigrid method in which model parameters are speci ed at (relatively) sparse control points and

interpolated to surface nodes, and a hierarchy of optimization problems are solved sequentially, and
2. A spatial regularization method in which a new term is introduced to the global cost function.

In both approaches, the optimization is treated as a minimization problem, where we seek to minimize
the squared errors, averaged over all sample points and all surface nodes. For this we de ne a global

mean-squared-error (MSE) cost function, Lpsg:

Lo ,
Lmse = 5++ Wy B9 g (6.3)
2# A
with gradient:
#
mlmse _ 1 m S5
o #ZT Wy B S TR (6.4)

8 9

where 59 are the densities sampled from the image, | is a model parameter (1 2 f< ( dg d; Fg) and Wy
are residual weights, required to incentivize the model to t the steps to the edges of cortical bone rather than

to trabeculae (Treece et al., 2010):

1 W

Wo =W,
! 0 max Gy

(6.5)

where Wy (recommended: 1) is the ratio of the weight of errors at Gy = 0 versus errorsat Gg = max Gy .
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6.1.2.1 Multigrid Method

In this method, we de ne a subset of the points to be the control points. A set of control points, Q, are

randomly sampled from the set of surface points, P, with the following procedure, given a minimum control

point separation, B, and a distance metric, 3, " (in this case the Euclidean distance):
1. Initialize Q as an empty list. Q
2. Select a random point ?g from P. ?02- P
3. Add the point 2 to the set Q. Q QLf?g
4. Remove all points ? from P that are within B of 2. P Pnf?22Pj3,? 2" Bg
5. If P still has points in it, then return to step 2, otherwise terminate.  jPj § 0 =) Return to Step 2

Next, a sparse # & interpolation matrix, Og-, is created using nearest-neighbours Gaussian kernel
distance weighting, where & is the number of control points (& = jQj). First, a :-d tree is used to e ciently
nd the nearest = control points (the neighbours), and their respective distances 3;-, to each surface node.

Each element is calculated as follows:

R 'B” .
EL > 2 neighbours
6!738:1.8”
0g: = g : 2neighbours (6.6)

20 otherwise

where 6,,6jB” is a Gaussian with zero mean and variance B?:

. 1 &
6,GJB" = 4p—4 282 (6.7)
B 2c
The model parameters <. and (- are de ned on the control points, and then interpolated to the points as
follows:
& &
<§ = Og-<: (= 0g-C- (6.8)

where 8 and : index over the points and control points, respectively. We assign dg and d3 across the
image and de ne individual <., (-, and F. at each control point, so the # " matrix of modeled intensities,

59, is calculated as:

n — — '#
; d2 ds Gy %0p.<.,i %050

g9 = s, 1,erf = p—

" . 0. F: 2', 1 (6 9)
d]_ dz G9 &08 <: % &08:0'- .
R 1, erf = p—
2 O8:f: 2
The global multigrid minimization problem is:

argmin »LMmsE.- (6.10)

<1 <gb@ C(gdgds i Fg
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with ,3& , 2" model parameters, and the full gradient of the MSE cost is:

— —

mL A o#g LET)
e e 5 0% oW %y G g2
mlwsed Bl #g) Ty B 5. M
=g #— § VYgs 9 9 Y89 89 m<g
mL mse 1 #Hp) m g
ey H 8 013 9 W9 559 589 Mg

. —fmlmsey = g1 #p) T Lk

Flwse = gnbwser = foto #0) "Wy By G o (6.11)
mLvse 1 # b mg;ig
“mds 2 7 o Wy % S s
mLmse 1 # oo m 59
“md; 7= 5 ¢ W 5%9 %9 mdy
mL mse 1 #0) " m 839
m¥; # 8 018 g We 5A89 %9 i
mLmse 1 ”# T m Sgg
Tt b Qe 6 0% o W %o B G

The solution procedure is as follows. Given the sampled density matrix, 5%, a set of control point
separations, By B- (whereBs_;  Bg), and bounds and an initial guess for all model parameters, we rst
obtain an initial guess for <y and (3 by globally tting the model with a single < and ¢ at all points. We
then solve the minimization problem once with each control point separation, following the procedures
described above for obtaining control points, de ning an interpolation matrix (equation 6.8), and de ning the
minimization problem (equation 6.10). At each step, the solution from the previous problem is used as the
initial guess for the model parameters. The nal control point separation, B-, de nes the smallest physical

length scale over which the modeled cortical thicknesses are allowed to freely uctuate.

6.1.2.2 Spatial Regularization Method

In this method, we assign dg and dz across the image and de ne individual <g, (3, and F; at each surface

node, so the # ** matrix of modeled intensities, 5, is calculated as:

Gy <g. 032 Gy <p (52
d2 dg 1. erf i"J—s ’d12d2 1. erf 0 S

%9 = dp , —
f82 fgz

(6.12)

Subsequently, we augment the cost function by adding regularization terms that penalize spatial variation

in <g, (g, and F; to develop a spatially regularized cost function, L g, as follows:
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#

1 2
I—reg —2#.. Wy 5%9 59
8 9
@2 #* Y2 @2 # # Y2 @2 H* H2 (6.13)
T _22 <. ,_22 Bs-C: ,_22 s T.
2# CO 8 : CO 8 : fO 8

where (g and Fy are model values from the initializing global optimization step, _ is a spatial regularization

coe cient that must be speci ed, and Bgq are the coe cients of a sparse # # spatial regularization matrix:

6 3T,
I.. = £: 1 reg : 2 neighbours 14
8-~ 6 3g:jTreg (6.14)

: 2neighbours

20 otherwise
where Freq is the standard deviation of the regularization Gaussian, 8 and : both index over the points, the

neighbours are computed using a : -d tree, and the neighbours of a point do not include the point itself. The

global regularization minimization problem is:

argmin Lreg (6.15)

<t <ul (gpdgdy F Fg

with ,,3# , 2" model parameters, and the full gradient of the spatially regularized cost function is:

—

2
ML reg 1 m_g\lg _ g #1) #p. . <.
= = We 519 5y - A FFR
ML reg 1 M5 g _ﬁ # 1) P
= P 9”W9 Sy Swg n<w * FQ I#;” 7..<.
Mlreg = E_— mhs B ) #
m, #z= o Wy B9 1 TR K '1; 1.0
. = gMbregy = § _1_ T M5 g B # ) T
Plog= bl =haie oW Syo 5w T20. 5% D) YL (6.16)
ML reg 1 I m g
mdg #708 g Wy 5%9 59 mds
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We rstglobally tthe model with asingle < and( at all points. We then proceed to solve the minimization
problem in equation 6.15 using the solution from the global optimization as an initial guess. The parameter
_ determines the relative in uence of the spatial regularization compared to the tendency to t the model
perfectly to the sampled densities at each surface node, while the number of neighbours and Feq control the

length scale over which the regularization is applied.

6.1.2.3 Summary of Thickness Estimation Methods

In the rest of this work, we refer to the method described in subsection 6.1.2.1 as the multigrid method,
the method described in subsection 6.1.2.2 as the regularization method, and our reimplementation of the
original method developed by Treece et al. (2012) as the local method. All three methods have the same
inputs and outputs. The inputs are a 3D image where each voxel contains an intensity (whether calibrated
to density or not) and a 3D image containing a binary segmentation of the periosteal surface of bone. The
output is a discrete 2D surface embedded in 3D space with a measured cortical thickness and distance to the
center of the cortex stored at each vertex. An additional 3D image with a binary segmentation of a sub-mask
may optionally be provided, in which case the thicknesses will be estimated on the surface of the bone only

for vertices within the sub-mask (e.g., in a contact region of an articular joint such as the knee).

6.2 Methods

6.2.1 Model Fitting Algorithm Implementation

All image processing steps are implemented with PyVista (v0.38.6) (Sullivan and Kaszynski, 2019). The
image, bone mask, and optional sub-mask are read in and the bone segmentation is converted to a surface
using a contour Iter then smoothed using Taubin smoothing (Taubin, 1995). The smoothed surface can be
optionally thresholded using the sub-mask to yield the portion of the surface within the sub-mask. After
smoothing, the surface normals are computed at each vertex and ipped so they point inwards. The normals
can optionally be constrained to lie on a speci c¢ plane or to be aligned with a speci ¢ axis. Using the normals,
intensities are sampled in parallel from the image with a probe Iter using a speci ed starting point from
outside the bone, an ending point within the bone, and sampling resolution. The sampled intensities can
optionally be Itered using a 1D Gaussian Iter. The (optionally smoothed) sampled intensity pro les and

vertex coordinates are given as inputs to one of the local, multigrid, or regularized model- tting algorithms.
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The optimization problem is solved using the L-BFGS-B algorithm (Zhu et al., 1997) in the minimization
solver from SciPy (v1.7.0) (Virtanen et al., 2020). The output is a list of scalars representing tted thicknesses,
model standard deviations, and distances to the cortical center for each surface vertex (or restricted to a
sub-mask, if applicable), which are saved to disk in a standard discrete surface format (i.e., a VTK le
containing a PolyData). The mean and standard deviation of measured thicknesses are reported ina log le.

All methods additionally require the speci cation of the bounds and initial guesses for soft tissue and
trabecular density, model standard deviation, cortical thickness, and distance to cortical center. The assumed
cortical density must be provided, as must the maximum number of iterations, function tolerance, and gradient
tolerance for the least squares optimizer. For the multigrid method, the list of control point spacings must be
given, as well as the number of neighbours per point in the sparse interpolation matrix. For the regularization
method, the regularization coe cient and standard deviation must be given, as must the number of neighbours

per point in the sparse regularization matrix.

6.2.2 Knee HR-pQCT Data

The knee HR-pQCT data used in this chapter is the same repeat-measures precision dataset used in chapter
5: the TRIKNEE dataset (see Table Al in Appendix A). Brie y, adult participants were recruited using
convenience sampling (N=29). Knee scans by HR-pQCT (XtremeCT I, Scanco Medical AG, Br tisellen,
Switzerland) were performed on their non-dominant knee three times, with repositioning between scans,
within a two week period. Scans followed the established protocol (Kroker et al., 2017b); however, to limit
the total radiation dose, each scan contained only three stacks covering the proximal tibia and did not cover
the distal femur.

Each of the three model- tting algorithms are applied to the knee HR-pQCT data using the subchondral
bone plate segmentations created using the work ow described in Chapter 5 as sub-masks, with the parameters
shown in Table 6.1. The sphere- tting algorithm-based thicknesses shown in Chapter 5, computed using the

masks generated by the novel automated method, are used for comparative purposes.

6.2.3 Radius and Tibia HR-pQCT Data

The radius and tibia HR-pQCT data used in this chapter is the same repeat-measures precision dataset as

used in chapter 3: the PRECXTII dataset in Table A1 in Appendix A. Brie v, the precision dataset contains
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Table 6.1: Parameter speci cations for the application of the model- tting thickness estimation algorithms to
the Knee and Radius & Tibia HR-pQCT datasets. Where not speci ed, additional optional parameters of the

Multigrid method-speci ¢ parameters
Control point spacings [vox]

(256, 128, 64, 32, 16)

various lters and functions used are left as default.

Parameter Knee Radius & Tibia
Taubin smoothing parameters

Iterations 100 100

Passhand 0.01 0.1
Sampling parameters

Outside sampling distance [mm] 5 5

Inside sampling distance [mm] 15 15

Sampling resolution [mm] 0.0607 0.0607
Thickness parameters

Initial guess [mm] 1 1

Lower bound [mm] 0.0607 0.0607

Upper bound [mm] 12 12
Cortical center parameters

Initial guess [mm] 0 0

Lower bound [mm] -3 -3

Upper bound [mm] 6 6
Soft tissue intensity parameters

Initial guess [mg HA / cm?] 0 0

Lower bound [mg HA / cm?] -200 -200

Upper bound [mg HA / cm®] 400 400
Trabecular bone intensity parameters

Initial guess [mg HA / cm?] 0 0

Lower bound [mg HA / cm?] -200 -200

Upper bound [mg HA / cm®] 400 400
Model F parameters

Initial guess [mm] 0.1 0.1

Lower bound [mm] 0.01 0.01

Upper bound [mm] 2 2
Miscellaneous parameters

Intensity smoothing standard deviation [-] 3 3

Cortical density [mg HA / cm?3] 1000 1000

Residual boost factor (Wo) 10 10

Surface normal constraint axial direction axial plane
Optimizer parameters

Max iterations 400 400

Function tolerance 10 6 10 6

Gradient tolerance 10 6 10 6

(128, 64, 32, 16)

Neighbours 5 5
Regularization method-speci ¢ parameters

Regularization coe cient 1 1

Regularization standard deviation [mm] 1.924 1.924

Neighbours 1000 500
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85 tibiae and 71 radii from 90 participants (46 men, 44 women). The images were collected following the
standard in vivo protocol (Manske et al., 2015; Whittier et al., 2020c) at standard scan sites for the distal
radius and tibia (Manske et al., 2017).

Each of the three model- tting algorithms are applied to the radius and tibia HR-pQCT data using the
common region masks from intra-participant rigid registration as sub-masks, with the parameters shown in
Table 6.1. The sphere- tting algorithm-based thicknesses shown in Chapter 3, computed using the masks

generated by the novel automated method, are used for comparative purposes.

6.2.4 Analysis

For each dataset, with each method, the precision is quanti ed by computing and reporting the root-mean-
squared percentage coe cient of determination (RMS%CYV) and least signi cant change (LSC) (Gl er
et al., 1995). With the knee HR-pQCT data, the precision metrics are quanti ed at two levels: overall and
spatial. The overall precision metrics use the mean subchondral bone plate thickness for each image. The
spatial precision metrics are computed rst for each participant by using iterative closest point registration
(pre-processing the surfaces by decimating with a decimation fraction of 0.9 and using 10,000 landmarks for
the registration) to align the surfaces from each repeated image, interpolating thicknesses to a single surface
using nearest-neighbour interpolation with 5 neighbours, and computing the RMS%CYV and LSC for each
image set using the triplet of thickness estimates at each surface vertex. The spatial precision metrics are
averaged across the cohort. With the radius and tibia HR-pQCT data, precision metrics are computed at
the overall level only (spatial variation of cortical thickness is not typically utilized at the radius and tibia).
Wilcoxon signed-rank tests are used to test for signi cance of di erences between methods at the overall level
with a signi cance threshold of 0.05.

Correspondence between model- tting and sphere- tting thickness estimation approaches is visualized
with scatterplots and Bland-Altman plots, generated using matplotlib (Hunter, 2007). The coe cients of
determination, mean bias errors, and limits of agreement are also computed and reported for each model- tting
method with respect to the current gold standard sphere- tting method (Hildebrand et al., 1999) with masks
generated by automated work ows using combinations of deep learning, morphological post-processing,
and atlas-based registration. SciPy (v1.7.0) is used for all statistical testing and regression tting (to obtain

coe cients of determination) (Virtanen et al., 2020).
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6.2.5 Clinical CT Data

The original CBM method was implemented for clinical CT, so here we demonstrate the universal applicability
of the newly devised extended CBM methods with clinical CT scans that were obtained at the University of
Calgary’s Centre for Mobility and Joint Health. One is an abdominal scan obtained following the standard
clinical CT imaging protocol for the Kidneys, urinary tract, and bladder (KUB) and one is a dual-energy
lower-body scan covering the knees, both using a research-dedicated clinical CT scanner (Revolution GSI,
GE Healthcare, Waukesha, WI, USA). Imaging parameters for the clinical CT scans are provided in Table I1
(Appendix 1). The bones are segmented in the KUB scan using a nnUNet model (Isensee et al., 2021) trained
on a reference dataset of approximately 80 clinical CT images and in the knee CT scan using thresholding
and morphological ltering. The cortical thicknesses were estimated using the local and regularized methods

separately for each bone in each scan using the parameters in Table 12 (Appendix I).

6.3 Results

Table 6.2 shows the results of precision analysis on the knee HR-pQCT data at the overall and spatial levels
and the distal radius and tibia data at the overall level, while Figure 6.2 shows scatterplots and Bland-Altman
plots directly comparing estimated thicknesses from the model- tting algorithms to those estimated with the

sphere- tting algorithm on each image in each dataset.

Table 6.2: Results of precision analysis on the knee HR-pQCT data at the overall and spatial levels (for spatial,
reported as mean (SD)) and on the radius and tibia HR-pQCT data at the overall level. Reported p values are
for the comparison between the corresponding model- tting variant and the standard sphere- tting algorithm
at the overall level.

Overall Spatial
Method RMS%CV  LSC[mm] Wilcoxon p Value RMS%CV  LSC [mm]
Knee (Proximal Tibia)
Hildebrand 2.8 0.063 - - -
Local 1.7 0.045 <0.001° 46(SD7) 1.0(SD0.2)
Multigrid 2.3 0.057 0.651 21(SD7) 0.3(SD0.1)
Regularized 2.6 0.060 0.898 19(SD 7) 0.2 (SD0.1)
Distal Radius
Hildebrand 0.79 0.023 -
Local 0.95 0.030 0.848
Multigrid 1.2 0.033 0.340
Regularized 14 0.033 0.930
Distal Tibia
Hildebrand 0.60 0.026 -
Local 0.42 0.016 <0.001°
Multigrid 0.44 0.017 <0.001°
Regularized 0.43 0.017 <0.001°

Hildebrand: the sphere- tting thickness estimation algorithm.
O Precision is statistically signi cantly better with model- tting than with sphere-  tting.
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Figure 6.2: Scatterplots (left column) and Bland-Altman plots (right column) for the comparison of model-

tting algorithm-derived (local, multigrid, regularized) to sphere- tting algorithm-derived (Hildebrand)
cortical thicknesses for the knee (top row), distal radius (middle row), and distal tibia (bottom row) HR-pQCT
data. On the scatterplot, individual thickness values are shown in gray and the line of unity is shown in black.
On the right, individual means and di erences of thicknesses are shown in light grey, the horizontal line of
zero bias is shown in black, the mean bias for each model- tting method is shown as a horizontal black line,
and the limits of agreement (LOA) for each method are shown as grey horizontal lines.
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6.3.1 Knee HR-pQCT Data

Referring to Table 6.2, at the overall level, the overall-level short-term precision errors are lower with the
local model- tting method than with the sphere- tting method (2.3% versus 2.8%; p < 0.001), while the
di erences are not statistically signi cant between the sphere- tting method and either of the multigrid (p
=0.651) or regularized (p = 0.898) methods. At the spatial level, the multigrid and regularized methods
both have less than half of the mean precision error as the local method (21 (SD 7) % and 19 (SD 7) %
versus 46 (SD 7) %). The top row of Figure 6.2 shows scatter plots and Bland-Altman plots comparing each
of the model- tting methods to the sphere- tting method on individual medial and lateral contact surface
masks from the knee HR-pQCT dataset. For the local, multigrid, and regularized methods, respectively, the
coe cient of determinations are 0.868, 0.680, and 0.674, the mean biases are +0.09 mm, +0.11 mm, and
+0.09 mm, and the LOA indicate that the biases are not signi cantly di erent from zero.

Figure 6.3 shows a sample visualization of the spatial thickness map generated by the sphere- tting
method and each of the model- tting approaches on a medial tibia subchondral bone plate contact surface
region, demonstrating the high-frequency spatial noise in the thickness measurements that is typical of the
model- tting method when there is no spatial regularization in the model and the image is not spatially

smoothed prior to model tting (Treece et al., 2012).

6.3.2 Radius and Tibia HR-pQCT Data
6.3.2.1 Radius

Referring to Table 6.2, at the overall level, there were no statistically signi cant di erences between the
sphere- tting method and any of the model- tting methods on the radius images (0.340 p 0.930). The
middle row of Figure 6.2 shows scatter plots and Bland-Altman plots comparing each of the model- tting
methods to the sphere- tting method on individual distal radius periosteal surfaces from the radius and
tibia HR-pQCT dataset. For the local, multigrid, and regularized methods, respectively, the coe cient of
determinations are 0.982, 0.981, and 0.984, the mean biases are -0.04 mm, -0.06 mm, and -0.07 mm, and the

LOA indicate that the biases are not signi cantly di erent from zero.
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Figure 6.3: Sample visualizations of estimated subchondral bone plate thickness distributions for a sample
image from the knee HR-pQCT precision data created by the sphere- tting algorithm (top left), the local
model- tting algorithm (top right), the multigrid model- tting algorithm (bottom left), and the regularized
model- tting algorithm (bottom right).

6.3.2.2 Tibia

Finally, referring again to Table 6.2, at the overall level, all three of the model- tting methods had statistically
signi cantly lower RMS%CV (local: 0.42%; p < 0.001, multigrid: 0.44%; p < 0.001, regularized: 0.43%; p
< 0.001) than the sphere- tting method on the tibia images (0.60%). The bottom row of Figure 6.2 shows
scatter plots and Bland-Altman plots comparing each of the model- tting methods to the sphere- tting
method on individual distal tibia periosteal surfaces from the Radius and Tibia HR-pQCT dataset. For the
local, multigrid, and regularized methods, respectively, the coe cient of determinations are 0.978, 0.984,

and 0.985, the mean biases are -0.06 mm, +0.05 mm, and -0.07 mm, and the LOA indicate that the biases are
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not signi cantly di erent from zero.

6.3.3 Sample Visualizations with Clinical CT Data

Figure 6.4: Sample posterior rendering of the cortical thickness distributions of the proximal femurs, hip
bones, sacrum, and vertebra visible in a KUB clinical CT scan, estimated by the local (right) and regularized
(left) model- tting algorithms.

Figure 6.4 shows a sample posterior visualization of the local and regularized model- tting cortical
thickness estimation methods applied to a standard KUB clinical CT image, comparing the modelled thickness
maps for the proximal femurs, pelvic bones, sacrum, and lumbar vertebrae. The regularized thickness map
shows the expected increased degree of spatial smoothness. For example, in the local thickness distribution
there is a region of discontinous low thickness on the left femur and the appearance of banding in the
thicknesses on the posterior lip of the left pelvic bone, neither of which are present in the regularized thickness
distribution. Figure 6.5 shows a sample visualization of the local and regularized model- tting cortical

thickness estimation methods applied to the distal femur and proximal tibia of the right leg from a standard
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Figure 6.5: Sample visualizations of cortical thickness distributions of the right leg’s distal femur and
proximal tibia from a lower body clinical CT scan. Left and middle: the local and regularized model- tting
algorithm, respectively, frontal view. Top right and bottom right: the local and regularized model- tting
algorithm, respectively, with a view of the articular contact surfaces on the femoral condyles (upper) and
tibial plateaus (lower)
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lower body clinical CT image. The thickness maps are compared with a frontal view on the left and with a
rotated view of the contact surfaces on the right. The regularized thickness distributions on the tibia and the
femur display markedly increased smoothness and decreased noise when compared with those of the local
thickness distributions, particularly on the femoral condyles and tibial plateaus and on both the femoral and

tibial diaphyses.

6.4 Discussion

In this study we have implemented a model- tting approach for cortical thickness estimation, based on the
original articles (Treece et al., 2010, 2012), and extended the method in two novel ways: (1) constructing model
parameters by interpolating from values at grid points with progressively decreasing separation (multigrid),
and (2) introducing a spatial regularization term to the global minimization cost function (regularization).
We evaluated the accuracy and precision of all three model- tting approaches for estimating subchondral
bone plate thickness and cortical thickness in knee, radius and tibia HR-pQCT data, respectively, with two
repeat-measures datasets, and demonstrated the universality of the approach on clinical CT imaging.
Across the knee, radius, and tibia, all of the model- tting approaches considered in this study had either
statistically signi cantly superior or statistically equivalent short-term precision for computing mean cortical
or subchondral bone plate thickness when compared to the reference thickness data generated using the
standard sphere- tting method. However, an important advantage of the model- tting methods is they derive
the cortical thicknesses using only a periosteal surface de nition (derived from a binary bone segmentation),
while the sphere- tting method requires both a periosteal and endosteal surface (derived from a semantic
segmentation of the cortical and trabecular bone). This is a signi cant advantage because the periosteal
surface is relatively easy to obtain computationally by either classical image processing (Burghardt et al.,
2010) or using machine learning (Folle et al., 2021). Furthermore, the conceptual de nition of the periosteal
surface is not controversial because it is simply the boundary between bone and background. By contrast,
the endosteal surface is relatively challenging to accurately identify (Table 3.1) and there is a lack of a
consensus in the eld on a speci ¢ conceptual de nition for the endosteal surface that would allow for
standardized manual contouring protocols or automated segmentation (Whittier et al., 2020d). With the
proposed extensions to the model- tting method and a consensus on the correct optimization parameters

(e.g., prescribed cortical density, the bounds and initial guesses for the model parameters, and the degree of
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spatial regularization), the de nition of the endosteal surface could be standardized. This eliminates the need
to manually correct endosteal contours and improves consistency by removing subjective manual correction.

Our repeated-measures assessment of the knee demonstrated there is a trade-o  between overall and
spatial precision between the three model- tting algorithms. With the knee HR-pQCT dataset we found that
the local method has a mean spatial RMS%CV of 46%, whereas the multigrid and regularized methods have
mean spatial RMS%CV:s that were much lower at 21% and 19%, respectively. This is in contrast to the 1.7%
overall RMS%CYV for the local method and the higher 2.3% and 2.5% RMS%CVs for the multigrid and
regularized methods, respectively. In work ows where the only desired measurement is the mean cortical
(or subchondral bone plate) thickness, the local method may be optimal. However, in work ows where the
spatial distribution of thicknesses will be utilized, the regularized method provides improved results. One
application where spatial-level precision would be more important than overall-level precision would be in
the extension of the method by Treece et al. (2012) to measure cortical bone mineral density in addition to
cortical thickness. Another would be if the model- t thicknesses and cortical centers were to be used to
derive a cortical and trabecular segmentation for the full distal or periarticular morphological analyses.

The spatial-level precision errors are higher than might be expected from sample visualization in Figure
6.3, particularly for the multigrid and regularized methods, but this may be due to factors other than the
model- tting itself. For the local method, the obvious presence of high-frequency noise in the thickness
distribution is a clear contributor to the mean spatial RMS%CV of 46%. For the multigrid and regularized
methods, it is likely that registration errors play a signi cant role. As described in Chapter 5, the images are
rigidly registered to de ne the contact surfaces consistently in all timepoints (or repeated images). However,
this registration is performed with images downsampled by a factor of four, and therefore registration errors
on the order of a few voxels could be magni ed and result in non-negligible discrepancies in contact surface
de nition. Errors in the ICP registration to align the surfaces could also exacerbate apparent inconsistencies
between repeated images. Finally, as documented in Table 6.1, the surface normals are constrained to the
axial direction for the knee HR-pQCT data. However, the thickness estimation occurs in the reference frame
of each image, which are not aligned across timepoints (or across repeated images) and therefore the normals
are not pointed in physically consistent directions in each image. It may be advantageous to incorporate the
longitudinal registration transformations to adjust the constrained normals, similar to the work performed
by Plett et al. (2021) for longitudinal HR-pQCT-based nite element modelling. Alternatively, it may be

bene cial to not constrain the surface normals and simply employ su cient surface smoothing to ensure
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consistent and sensible normals.

There are important limitations to this study that should be considered. The knee HR-pQCT data contains
images only of proximal tibiae and does not include distal femurs, which was due to a practical choice to limit
radiation exposure to participants having the three repeated scans. All of the segmentations used to de ne the
periosteal surface for analysis (and the endosteal surface to obtain cortical thicknesses with the sphere- tting
method for comparison) were generated by in-house developed automated work ows with machine learning
components trained on reference data generated by two operators: one for the radius and tibia data (Chapter
3), and one for the knee data (Chapter 5). The novel methods were evaluated on the basis of short-term
precision on HR-pQCT data only using the method of Hildebrand et al. (1999) as the gold-standard reference,
but are not compared to ground truth reference data, e.g. from “CT or histology, to validate accuracy. Finally,
we validate the accuracy and precision with HR-pQCT data only and do not quantitatively validate the novel
extensions with clinical CT data.

There are also many possible directions for future work to continue exploring and improving model- tting
based methods for measuring cortical thickness in HR-pQCT and clinical CT. We have assumed that d;
must be prescribed and cannot be a free parameter, as discussed by Treece et al. (2010). However, d, has a
signi cante ect on the measured thickness, as shown in Figure 6.1 and by Treece et al. (2010), and it is not
trivial to either prescribe a universal true value a priori or to computationally determine an appropriate image-
or participant-speci c value prior to model- tting. Therefore, it would be worth exploring the feasibility of
allowing d» to vary in the global optimization framework either as a regularized, spatially resolved parameter
(like €, <, and F) or as a global parameter (like dz and d1). Another area worth exploring is to develop a
work ow that produces a model-based cortical and trabecular segmentation and evaluates the precision and
accuracy of the resulting standard distal and periarticular morphological analyses. We have used a simple
distance-based interpolation scheme with a Gaussian distance kernel to construct both the interpolation
matrices and the spatial regularization matrix, but another possible extension would be to investigate other
kernels or other forms of interpolation. A fourth area that would be particularly promising is to explore
computing the distance between points along the surface, rather than in 3D space, for example with conformal
mapping (Nehari, 2012) or by utilizing the surface mesh topology (e.g. nding the nearest neighbours, and
their distances, by marching through the network). Finally, the spatial regularization terms developed in
this work are similar to a discrete spatial Laplacian operator (computing the average of the neighbours and

subtracting the central value), implying that the Laplacian of ¢, <, and F should be approximately suppressed.
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A logical evolution would be to instead construct a curvature regularization term that is directly based
on penalization of excess curvature of the periosteal and endosteal surfaces, much like the curvature loss
function presented in Chapter 3. This could be approximated from  and < using the geometric de nition of
curvature of a parameterized 2D surface in 3D space (K hnel, 2006) combined with the requisite discrete
di erential operators for arbitrary network topologies, which can readily be derived using the divergence

theorem (Sukumar and Bolander, 2003).

6.5 Conclusions

In this work we have developed, implemented, and validated two novel extensions for Cortical Bone Mapping.
These extensions modify the optimization procedure for model tting from a local to a global framework,
either interpolating cortical thicknesses (and other model parameters) from sparse grid points or introducing a
spatial regularization term to the global cost function. We have validated the accuracy of the methods against
reference data and compared the precision of the methods against the precision of the current state-of-the-art
methodologies, nding either the same or superior levels of short-term precision error. Finally, we also
qualitatively demonstrate the applicability and advantages of the new methods on sample clinical CT data.
The new (and old) methods have been implemented in an open-source format and are currently available for

anyone to use, as the bl TreeceThickness command-line utility in the bonelab package.
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Chapter 7

Changes In Periarticular Bone Density and

Microarchitecture in the Human Knee One

Year After Acute ACL Injury and One Year
After ACL Reconstruction Surgery

It is a good morning exercise for a
research scientist to discard a pet
hypothesis every day before

breakfast: it keeps [them] young.

Konrad Lorenz

This chapter was originally written for this thesis, though it is a multi-authored work in collaboration with
Annabel R. Bugbird (ARB), Callie Stirling (CS), Nina Pavlovic (NP), Sarah L. Manske (SLM), Richard E. A.
Walker (REAW), and Steven K. Boyd (SKB; my supervisor). It has been submitted to Bone for peer review.
Contributions
The greater on-going longitudinal study from which data was sampled (SALTACII) was conceptualized

and initiated by SKB (in collaboration with SLM and REAW) and was in process before | started my
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PhD. However, | conceptualized this speci ¢ study of the one year changes in collaboration with SKB. |
processed the data with the assistance of ARB and CS, while NP coordinated the study (including tracking
recruitment and attrition) and pulled data from surgical records. | conceptualized the data reduction solution
and developed and executed the statistical analysis with feedback from all other coauthors. Finally, | generated
all visualizations (except for the participant owchart created by NP) and wrote and revised the text, again

with input from all co-authors.

7.1 Introduction

ACL tears are a common injury with an incidence of 68.6 per 100,000 person-years (Sanders et al., 2016b) and
that are strongly linked to the development of osteoarthritis (OA). Post-traumatic OA (PTOA), estimated by
Brown et al. (2006) to account for approximately 12% of all OA cases, has been found in meta-analysis to have
sub-population prevalences of 34% and 36% ten years after ACL injury and reconstruction surgery (ACLR),
respectively (Luc et al., 2014). This is double the prevalence of OA in the global population, estimated
at 16% by Cui et al. (2020). There is mixed evidence regarding whether ACLR reduces the post-injury
prevalence of PTOA. Ostensibly, ACLR restores joint function, e.g. by restraining unnatural tibial translation
and rotation (Wang et al., 2020), but meta-analyses have consistently shown insu cient evidence for the
preventative e ect of ACLR on PTOA (Friel and Chu, 2013; Luc et al., 2014; Smith et al., 2014). Conversely,
a recent meta-study found that ACLR performed with su cient anatomic technique (AARSC  8) results in
signi cantly reduced post-surgery PTOA prevalence of 23%, compared to 44% with non-anatomic technique
(AARSC 8) (Rothrau etal., 2020), indicating that ACLR may reduce PTOA prevalence under the right
conditions.

Many additional PTOA risk factors have been identi ed, including age (OR = 2.4 for age j 35 years), sex
(OR = 1.2 for women) (Bodkin et al., 2020), meniscal tear (OR = 3.0; Englund et al. (2009)) and resection
(RR =14.0; Roos et al. (1998)), delay between injury and surgery (“'chronicity") (Cinque et al., 2018), patellar
instability (Carbone and Rodeo, 2017), body mass index (BMI) and physical activity level (Whittaker and
Roos, 2019), education, and smoking (\Wang et al., 2020), among many others. Meniscus tears have ACL
injury comorbidity rates as high as 79% (Hagino et al., 2015), have an immediate deleterious impact on knee
mechanobiology, and lead to higher rates of total knee arthroplasty long-term (Chang and Brophy, 2020).

The speci c cause of PTOA is an open and active question, and while the complete picture may involve a
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mixture of mechanisms at various tissue levels (Dilley et al., 2023), pathological bone remodeling is one
hypothesized component of the biomechanical event cascade linking joint trauma to PTOA pathogenesis
(Li et al., 2013). While magnetic resonance imaging can be used to investigate soft tissue structure,
morphology, and pathology (e.g. ligaments, cartilage and meniscus, infrapatellar fat pad, bone marrow lesions
(BMLs), etc.), and clinical computed tomography (CT) can measure coarse-grained bone densities and cortical
thicknesses (Treece and Gee, 2018), high-resolution peripheral quantitative computed tomography (HR-pQCT)
has su cient spatial resolution to resolve the trabecular microstructure and investigate microarchitectural
di erences between groups and changes over time in vivo (Boutroy et al., 2005). The in vivo application of
HR-pQCT to the knee is relatively young, having been rst demonstrated in 2017 by Kroker et al. (2017b).
Since then, cross-sectional knee HR-pQCT studies at approximately ve years-post ACLR have found
compartmentally asymmetric increases in subchondral bone plate thickness and trabecular separation and
decreases in bone density and the number of trabeculae (Kroker et al., 2018a; Bhatla et al., 2018) and
that meniscal resection and repair is associated with elevated subchondral bone plate thickness ve years
after surgery (Kroker et al., 2018b). Further, longitudinal knee HR-pQCT studies have found that in the
rst eight months after ACL injury there is a loss of bone density and structural degradation in the injured
knee, peaking at around seven months post-injury and with a possible subsequent recovery phase (Kroker
et al., 2019), and an exploratory pilot study of changes four years post-ACLR indicated a partial recovery in
trabecular microarchitecture and density, albeit with large variations in trends and absolute changes between
participants, caused in part by the small sample size (Knowles et al., 2022b). HR-pQCT has also been used to
study bone microarchitecture in advanced OA in addition to post-ACL injury and post-ACLR populations: a
cross-sectional case control knee HR-pQCT study of tibia density and microarchitecture in elderly female
participants with OA found signi cant correlations between Kellgren-Lawrence scores (Kohn et al., 2016)
and trabecular density and microarchitectural parameters (Shiraishi et al., 2020).
There have been in vivo observations of the bone microarchitecture changes that occur in the rst
eight months after injury and there have been cross-sectional comparisons of bone microarchitecture both
ve-to-twelve years after ACLR and in advanced OA. However, there is a gap in our understanding of the
di erences in longitudinal bone changes in the rst year after injury compared to the rst year after surgery,
and how these bone changes may depend on PTOA risk factors. In this study, we will investigate in vivo
changes in periarticular bone density and microarchitecture in the human knee one year after ACL injury

without surgery and one year after ACLR. Based on prior ndings, we hypothesize that in both groups, the
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injured knees will be a ected, while bone in the contralateral knees will remain stable. We expect modest
de cits in trabecular density and structural degradations one year after injury and increased subchondral bone
plate sclerosis, worsened by an impaired meniscus, one year after surgery. Finally, we expect deleterious
periarticular bone adaptations to be exacerbated by increases in both age and surgery delay and to be more
severe in female than in male participants. The objective of this study is to test these hypotheses by statistically
modeling the microarchitectural changes that occur in the human knee one year after a complete ACL tear and
one year after ACLR, adjusting for the e ects of age, sex, surgery delay, and meniscal status. We sample in
vivo HR-pQCT knee imaging data from an on-going multi-modal longitudinal study, and use factor analysis

combined with mixed-e ects modeling to maximize statistical power while maintaining interpretability.

7.2 Methods

7.2.1 Participants

This study is part of an on-going longitudinal prospective observational cohort study, which was approved by
the Conjoint Health Research Ethics Board at the University of Calgary (REB19-1184). All participants
provided written consent prior to data collection, and all methods were carried out in accordance with
relevant guidelines and regulations. Participants were recruited to the study through several partner clinics
following an acute ACL tear with the following inclusion criteria: between 14 and 55 years of age, a unilateral,
full-thickness complete ACL tear (based on expert clinical diagnosis and con rmed with MRI), and able
to extend their injured knee to within 5-10 degrees of exion, necessary to allow HR-pQCT scanning.
Participants were excluded if they meet any of the following exclusion criteria: radiographic con rmation
of intra-articular fracture(s), prior knee ligament tear(s) in either leg, pregnancy (current or planned within
the next year), knee diameter in excess of second-generation HR-pQCT eld of view (14 cm; con rmed in
clinic using a custom knee sizer), recent (<12 months) history of disease and/or treatment that a ects bone
turnover, radiographic evidence of skeletal immaturity, metal in scan region of either leg, or previous injuries
or implants that are not MRI-safe.

Participants are recruited following ACL injury and have their baseline imaging performed within six
weeks of injury and annual follow-up imaging thereafter. This study is observational, so we do not intervene
in treatment and the decision regarding if and when to undergo ACL reconstructive surgery is made by each

participant with their physician. If a participant undergoes ACL reconstruction surgery (ACLR) during the
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course of the study, new post-surgical baseline imaging occurs within six weeks of the surgery, follow-up
imaging timing is reset to occur on the anniversary of the surgery (rather than the injury), and annual follow-up
imaging continues. Additional data that was recorded for participants, and of relevance to the present study,
includes: height, weight (and therefore BMI), age (at time of injury), biological sex, and chronicity, which is
the time delay between injury and surgery. Surgical reports were reviewed to determine whether meniscal

resection or repair was performed during ACLR.

7.2.2 Imaging

At each imaging appointment, participants received bilateral scanning with second-generation HR-pQCT
(XtremeCT II, Scanco Medical AG, Br tisellen, Switzerland) using the protocol developed in our lab for the
knee (Energy: 68 kVp, tube current; 1,470 “A, integration time: 100 ms. Radiation dose per visit: 50 “Sv)
by Kroker et al. (2017b). Participants extended their knee as close to fully as possible and it was positioned in
the scanner by an imaging technician using a custom-built brace. Six standard image ‘stacks’ (6 168 = 1008
axial slices) were acquired with a nominal isotropic voxel size of 60.7 “m, covering approximately 40 mm of
the distal femur and 20 mm of the proximal tibia. Image acquisition takes approximately 18 minutes per side.
Each participant’s injured leg was scanned at baseline with sagittal, axial and coronal proton density MRI
and sagittal fat-suppressed T2-weighted MRI (GE Optima MR430S, 1.5 T, Waukesha, WI, USA), and these
images were reviewed by our team musculoskeletal radiologist to con rm a complete ACL tear and to assess
concomitant meniscal injury (medial and lateral meniscus tears), additional ligament tears, chondral injuries,

and other relevant tissue pathologies.

7.2.3 Study Design

The present longitudinal study included imaging data that was collected on or before January 10th, 2024.
Figure 7.1 shows the three possible cases of imaging appointment ordering for participants who were included
in the present study. In all cases, the participant is recruited following ACL injury (ACLT) and has baseline
imaging within six weeks of injury.

Case 1: Participant had one-year follow-up imaging, and either did not have ACLR or did not yet have
subsequent baseline and follow-up imaging by January 10, 2024.

Case 2: Participant had ACLR before their one-year follow-up imaging, then had their new post-surgical
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Figure 7.1: Each participant follows one of the three possible cases shown depending on if and when they
have ACLR. White and striped circles represent injury and surgery events, respectively. Blue circles represent
post-injury imaging appointments, while red circles represent post-surgery imaging appointments.

baseline imaging and follow-up imaging one year after surgery.

Case 3: Participant had one-year follow-up imaging, then had ACLR, then had their new post-surgical
baseline imaging and follow-up imaging one year after surgery.

Participants in Case 1 had their baseline and one-year follow-up imaging data included in the post-injury
group, while participants in Case 2 had their post-surgical baseline imaging and the next follow-up imaging
included in the post-surgery group. Participants in Case 3 were included in both groups, with each set of
baseline and follow-up imaging data partitioned into the corresponding groups. Any participants without the

required set of baseline and follow-up imaging data to qualify for either group were excluded from this study.

7.2.4 Periarticular Microarchitectural Analysis

All HR-pQCT images were processed using the automated methods presented in Chapter 5, treating each
baseline-follow-up image pair as a two-timepoint time series. Periarticular regions of interest (ROIs) were
manually checked after processing using a custom GUI application (PyQT v5.15.9), and minor corrections
were made as necessary to intermediate processing outputs (contact surface masks, bone segmentations;
ITK-SNAP v4.0.0 (Yushkevich et al., 2006)). In each leg there are four weight-bearing compartments: medial
and lateral condyles of the femur, and medial and lateral plateaus of the tibia. As shown in Figure 7.2, in each

weight-bearing compartment we analyzed the subchondral bone plate and three trabecular layers: shallow (O -
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Figure 7.2: A typical in vivo scan of the knee is shown. The weight-bearing contact surfaces’ subchondral
bone plate and adjacent periarticular trabecular layers, and the associated depths from the surface and
computed microarchitectural parameters.

2.5 mm), middle (2.5 - 5.0 mm), deep (5.0 - 7.5 mm). In the subchondral bone plate we measured subchondral
bone plate bone mineral density (Sc.BMD; mg HA/cm?) and thickness (Sc.Th; mm) and in each trabecular
layer we measured trabecular bone mineral density (Th.BMD; mg HA/cm?), thickness (Tb.Th; mm), and
separation (Th.Sp; mm), resulting in a total of eleven outcome parameters per weight-bearing compartment.
Morphological analyses were performed using standard functions (IPL, v5.42) following the established
protocol for in vivo periarticular analysis of knee HR-pQCT images (Kroker et al., 2017b).

Cropped femur and tibia images were scored for motion on a 1 - 5 scale using standard grading criteria
(Pauchard et al., 2012) with the additional condition that a visible discontinuity intersecting any articular
contact surface resulted in an automatic assigned motion score of 4. Femur or tibia images assigned a motion

score 4 were excluded, necessarily along with their corresponding baseline or follow-up pair image.
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7.2.5 Exploratory Factor Analysis

We applied exploratory data analysis and factor analysis with the longitudinal dataset prior to statistical
testing due to the large number of measured parameters and consequent concerns about the e ects of multiple
testing (and corrections for multiple testing) on the type | (and type II) error rate. Microarchitectural data
from all four compartments, in both knees, and across both the post-injury and post-surgery groups were
combined into a single dataset, in which the pair-wise correlations of all microarchitectural parameters
were examined (SciPy v1.7.0 (Virtanen et al., 2020), seaborn v0.12.2 (Waskom, 2021)). Next, the pooled
microarchitectural parameter data were normalized across all compartment samples and Principal Component
Analysis (PCA) was applied (scikit-learn v1.0.2 (Pedregosa et al., 2011)) to estimate the optimal number of
factors based on how many principal components were required to explain 90% of the variance in the dataset.
Finally, factor analysis was executed on the factorable parameters of the normalized microarchitectural data (R
v4.1.2 (R Core Team, 2021), psych v2.4.3 (William Revelle, 2024)) with the maximum likelihood estimation
factor method, ‘oblimin’ rotation (Carroll, 1957), and the factor score estimation method of ten Berge et al.
(1999). We created scatterplots and performed linear regressions (seaborn v0.12.2 (Waskom, 2021), SciPy
v1.7.0 (Virtanen et al., 2020)) with the factors as the independent variables and the microarchitectural
parameters loaded on each factor as the dependent variables to assist with interpretation of the biomechanical
signi cance of a step change in a given factor. To further contextualize changes in factor scores, we used
the repeat-measures tibia HR-pQCT dataset from Chapter 5 to compute the least signi cant change (LSC)
for each factor. Finally, longitudinal data factor scores were extracted for each compartment and used for
subsequent statistical modelling, along with any independent microarchitectural parameter(s) that could not

be bundled with other parameters into a common factor.

7.2.6 Mixed-E ects Models

To simultaneously detect changes over time in bone density and structure, assess the potential di erences
between groups, sexes, and injured versus contralateral legs, and to quantify the e ects of age, surgery delay,
and meniscal status, we t mixed-e ects models to the one-year changes in each dependent variable in the
femur and tibia (i.e., the factors and independent parameter(s), if any). The exibility of mixed-e ects models
allows for missing data, typical in HR-pQCT studies due to motion exclusions, and random e ects compensate

for the pseudo-replication of samples across groups that can occur in observational data (i.e., case 3).
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Table 7.1: Explanation of xed e ect labels used in the statistical analysis. Chronicity is only meaningful in
the post-surgery group, Meniscus Tear is only meaningful for the injured knee, and Meniscus Resected and
Meniscus Repaired are both only meaningful for the injured knee in the post-surgery group.

Fixed E ect Type De nition

Injured factor (2 levels) leg / side; O: contralateral, 1: injured
PostSurgery factor (2 levels) study group; 0: post-injury, 1: post-surgery
Age continuous covariate age of participant at time of injury [years]
Female factor (2 levels) sex; 0: male, 1: female
Chronicity continuous covariate delay between injury and surgery [days]
Meniscus Tear factor (2 levels) 0: normal, 1: tear

Meniscus Resected factor (2 levels) 0: no resection, 1: resection (or debridement)
Meniscus Repaired factor (2 levels) 0: no repear, 1: repair

In each model, the one-year change in the factor or parameter was the outcome, adjusting for a set
of interacting factors and continuous covariates (the xed e ects, described in Table 7.1) that include the
baseline value, with a random intercept grouped at the participant level. The xed e ect structure was side
(injured, contralateral) and group (post-injury, post-surgery) crossed individually with each risk factor (sex,
age, chronicity, mensicus tear, meniscus resection, and meniscus repair) and the baseline microarchitectural
factors and independent parameter(s). We include the microarchitectural factors and independent parameter(s)
to adjust modeled changes for side- and/or group-speci ¢ bone changes that are, or could be, driven by the
pre-existing state of the bone microarchitecture. Model formulae are reported in full in Appendix J. The
(rounded) means and standard deviations of chronicity in the post-surgery group and age for all participants
(Table 7.2) were used to center and scale the respective covariates to improve model convergence.

All models were t with restricted maximum likelihood (REML) optimization (R v4.1.2 (R Core
Team, 2021), Ime4 v1.1.34 (Bates et al., 2014)). With each model, for each combination of side (injured,
contralateral) and group (post-injury, post-surgery), we compute the average marginal predictions (AMPS)
and the average marginal contrasts (AMCs) separately for each risk factor and each baseline microarchitectural
factor/parameter using the ‘counterfactual’ resampling method (marginaleffects v0.21.0 (Arel-Bundock
etal.)). For each AMP and AMC, p values are computed with the null hypothesis that the change (or di erence
in change) is zero and these p values are adjusted for multiple testing across all models using the Benjamini
and Hochberg (1995) procedure with a signi cance threshold (U) of p  0.05 (statsmodels v0.13.5 (Seabold
and Perktold, 2010)). We tabulate all model coe cients and standard errors of the estimates (SEES) in an
appendix for reference. The AMPs and AMCs, their SEEs (not adjusted for multiple testing), and their
adjusted p values are tabulated and reported in the main text and used to identify statistically signi cant

predicted one-year changes and statistically signi cant predicted di erences in changes that are attributable to
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PTOA risk factors and/or baseline microarchitecture.

7.3 Results

7.3.1 Participants

Table 7.2 reports sample sizes, ages, sex distribution, chronicity, BMI, and meniscal status for the participants
in each group and for all participants in the study. Figure 7.3 shows the recruitment process. Of the 41
post-enroliment withdrawals, 19 (46%) were caused by a mandatory non-essential research facility closure

during the COVID-19 global pandemic.

7.3.1.1 Motion Exclusions

In total there were eighteen femur and twelve tibia image pairs excluded for excess motion. In the post-injury
group, no single participant was fully excluded due to excess motion. There were eight femur image pairs
(three injured, ve contralateral) and two tibia image pairs (one injured, one contralateral) excluded due to
motion. In the post-surgery group, two participants were fully excluded due to excess motion in their image
data. In addition, one tibia image pair (injured) was excluded due to a sensor artifact, one femur image pair
(injured) was excluded due to improper eld of view, and there were seven femur image pairs (four injured,

three contralateral) and seven tibia image pairs (two injured, ve contralateral) excluded due to motion.

Table 7.2: Sample sizes and demographic data for all the participants included in the study and for each of
the post-injury and post-surgery groups. Note that two participants are present in both groups (both male
participants).

Post-injury Post-surgery All
Sample size 19 45 62
Age at Injury [years] 40.4 (SD 8.3) 33.1(SD9.2) 35.2 (SD 9.6)
Sex 10F, 9M 33F, 12M 43F, 19M
Chronicity [days] - 180.0 (SD 120.0) -
BMI [kg / m?] 25.0 (SD 3.5) 24.8 (SD 2.6) 24.9 (SD 2.9)
Meniscus Tears 4M, 7L, 4B (15T) 13M, 4L, 15B (32T) 17M, 10L, 18B (45T)
Meniscus Resections - 1M, 4L, 0B (5T) -
Meniscus Repairs - 10M, 8L, 3B (22T) -

Sex: F: female, M: male.
Meniscus: M: medial, L: lateral, B: both compartments, T: total.

153



7. Changes In Bone in the Knee One Year Post-ACLT and -ACLR

Figure 7.3: Recruitment, imaging, exclusion, and withdrawal owchart for the on-going longitudinal
prospective observational cohort study, at the time of cut-o .
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Figure 7.4: The median percentage change from baseline to follow-up is reported for all parameters in each
compartment of each bone of the injured (left column) and contralateral (right column) leg for the post-injury
group (top row) and the post-surgery group (bottom row). Boxes are green for increased parameters, red for
decreased parameters, and white where the absolute value of the median percentile change was not greater
than the corresponding RMS%CV value computed in Table 5.1 (Sc.BMD: 2.2%, Sc.Th: 2.8%, Th.BMD;
1.1%, Tb.Th: 1.0%, Th.Sp: 2.9%). Boxes represent the longitudinal change at subchondral bone plate, and
the shallow, middle, and deep layers. The background image is a frontal maximum intensity projection of the
femur and tibia from a knee HR-pQCT image.

7.3.2 Bone Density and Microarchitecture

Figure L1 in Appendix L shows individual trajectories of Th.BMD versus time since injury for both the
post-injury and post-surgery groups for the injured and contralateral knee, the tibia and femur, and at all
trabecular depths of both compartments. Figure 7.4 shows the median percentage change from baseline to
follow-up for all microarchitectural parameters computed in each compartment in each bone. The median is
computed across all data within each leg (injured, contralateral) in each group (post-injury, post-surgery) to

describe the overall patterns of changes observed. In both groups, the magnitudes of the percentage changes
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in density and microarchitecture are greater across the injured knees than in the contralateral knees. The
patterns of change also di er between the injured knees of the post-injury and post-surgery groups, where in
the injured legs of the post-injury group there are decreases in Th.BMD (-1.3% to -10.4%) and increases in
Th.Sp (+3.0% to +9.5%) across all depths of both compartments of the femur and tibia, with relatively minor
changes in the subchondral bone plate (-5.3% to +1.7%). By contrast, in the injured legs of the post-surgery
group, changes in trabecular density or structure are sparse and relatively lower in magnitude (-5.6 % to
+2.5%), while there are relatively large increases in subchondral bone plate density (+4.5% to +8.7%) and

thickness (+4.1% to +6.0%) across both compartments of the femur and tibia.

7.3.3 Exploratory Data Analysis

Figure 7.5 shows pair-wise correlations between all of the microarchitectural parameters computed in each
weight-bearing compartment. There were three identi able blocks of inter-correlated parameters, marked in
the gure with hatched boxes: (1) Sc.Th and shallow and middle Th.BMD and Tb.Th, (2) shallow, middle,
and deep Th.Sp, and (3) deep Th.BMD and Th.Th. Sc.BMD correlates weakly with all other parameters
(A 046). Figure 7.6 shows explained and cumulative variances for PCA applied to the normalized
microarchitectural parameters, with and without Sc.BMD included. In each case, the nal four principal
components (PCs) explained negligible amounts of variance. With Sc.BMD, j90% of the variance was
explained by the rst four PCs, and without Sc.BMD, j90% of the variance was explained by the rst three
PCs. Together, correlation analysis and PCA suggested that Sc.BMD could be treated as an independent

parameter while factor analysis could be used to combine the remaining parameters into three factors.

7.3.4 Factor Analysis

Bartlett’s test of sphericity (p < 0.001) indicated the parameters were not all independent and the measure
of sampling adequacy (MSA) was 0.53, meeting the minimum MSA j 0.5 criteria (Hair, 2006) for the
factorizability of the data. Table 7.3 shows the results of factor analysis, where correlations with absolute
value 0.3 are bolded. The communalities for all trabecular microarchitectural parameters are  0.73, while
the communality of Sc.Th is only 0.56. The sums of the squared correlations are 1 for all three factors,
indicating that all three factors are worth keeping. Figure 7.7 shows scatterplots, coe cients of determination,

and tted slopes for each factor and the respective microarchitectural parameters that load on it. The factors
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Figure 7.5: Correlation heatmap for the eleven morphological parameters measured in each compartment
in the periarticular knee HR-pQCT analysis. Each cell shows the Pearson correlation coe cient, A, for the
corresponding pair of parameters labelled for each row and column, with negative correlations coloured red
and positive correlations coloured blue. There are three distinct blocks of parameters that each collectively
associate, which are each marked with a hatched box. Sc.BMD correlates only weakly with the other
parameters.
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Figure 7.6: Explained variance and cumulative explained variance for principal components (PCs) of the
standardized longitudinal knee dataset, performed with Sc.BMD (left; 11 parameters) and without Sc.BMD
(right; 10 parameters). With Sc.BMD, the rst 4 PCs cumulatively explain 91.5% of the total variance, while
without Sc.BMD, the rst 3 PCs explain 90.2% of the total variance.

were assigned post-hoc names inspired by their dominant loadings: Sclerosis was primarily based on Sc.Th
(72 = 051; slope: 0.21 mm), shallow and middle Tb.BMD (”2 = 0 55 0 56, slopes: 31, 33 mg HA/cm®),
and shallow and middle Th.Th (*2 =0 77 0 94, slopes: 0.027, 0.042 mm). Separationwas primarily based
on shallow, middle, and deep Th.Sp (2 =075 j 099 0 87, slopes: 0.048, 0.074, 0.094 mm). Finally,
Deep Density was primarily based on deep Th.BMD (”?2 = 0 85, slope: 42 mg HA/cm®) and deep Th.Th
(72 =063, slope: 0.022 mm). Sclerosis has only weak correlations to the other two factors (jAj 0 24),
while Separation and Deep Density are moderately-to-strongly negatively correlated (A = 0 51). The LSCs
for each factor are given in Table 7.4. The Separation factor had the largest precision error of the three factors

in both tibial compartments.

7.3.5 Mixed-E ects Models

The xede ectcoe cientsofthe tted mixed-e ects models for the one-year changes in Sclerosis, Separation,
Deep Density, and Sc.BMD are reported in Appendix K. The average marginal predictions (AMPs; Predictions)
and average marginal contrasts (AMC; Contrasts) for one-year changes in Sclerosis, Separation, Deep Density,
and Sc.BMD are reported in Tables 7.5, 7.6, 7.7, and 7.8, respectively.

There were statistically signi cant decreases in the Sclerosis factor in the injured tibia one year after ACL

injury (-0.33 [SEE 0.09]; p < 0.001) and in the injured femur one year after ACL reconstruction surgery (-0.14
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Figure 7.7: Scatterplots and linear regressions comparing the three factors named Sclerosis, Separation and
Deep Density (one per column) to the respective microarchitectural parameters (one per row) on which they
are primarily loaded, annotated with coe cients of determination and estimated slopes (the change in the
parameter for a one unit change in the factor), to assist with interpretation of the physical meaning of unit
increases and decreases of a given factor. Each data point represents one set of eleven microarchitectural
parameters that are measured in each weight-bearing compartment. In the scatterplot of Sc.Th versus
Sclerosis, the horizontal red line at 0.2428 mm (4 voxels) shows the oor of the thickness of the subchondral
bone plate that is imposed by the post-processing algorithm (Chapter 5).
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Table 7.3: Exploratory factor analysis results for three factors loaded on Sc.Th and Shallow, Middle and
Deep Th.BMD, Tbh.Th, and Th.Sp. Factors were renamed as Sclerosis, Separation, and Deep Density
after inspecting the loadings. The top third of the table shows correlation coe cients between factors
and parameters (correlation coe cients with absolute value 0.3 are bolded) as well as the communality,
uniqueness, and complexity for each parameter. The middle of the table shows the sum of the squared
correlations for each factor and the bottom third of the table shows the correlation matrix for the factors.

Variable Sclerosis  Separation  Deep Density ~ Communality — Uniqueness  Complexity
Sc.Th 0.77 0.00 -0.25 0.56 0.44 121
Th.BMD, Shallow 0.69 -0.42 0.11 0.77 0.23 1.70
Th.BMD, Middle 0.65 -0.44 0.31 0.97 0.03 2.25
Th.BMD, Deep -0.15 -0.41 0.75 1.00 0.00 1.64
Th.Th, Shallow 0.86 0.07 0.03 0.76 0.24 1.02
Tb.Th, Middle 0.94 0.15 0.09 0.93 0.07 1.07
Tb.Th, Deep 0.28 0.17 0.81 0.73 0.27 1.34
Th.Sp, Shallow -0.16 0.91 0.10 0.77 0.23 1.08
Th.Sp, Middle -0.01 0.99 -0.02 1.00 0.00 1.00
Th.Sp, Deep 0.28 0.83 -0.23 0.96 0.04 1.40
Sum of squared loadings 3.39 3.31 1.75
Sclerosis ~ Separation  Deep Density

Sclerosis 1.00 -0.04 0.24

Separation -0.04 1.00 -0.51

Deep Density 0.24 -0.51 1.00

Communality is the proportion of a parameter’s variance that is explained by the factors.

Uniqueness is the proportion of a parameter’s variance that is not explained by the factors.

Complexity is an approximate measure of how many factors explain a parameter (Thurstone, 1931, 1934).
Kaiser-Meyer-OlKkin test overall measure of sampling adequacy (MSA) (Dziuban and Shirkey, 1974): 0.53 (> 0.5).
Bartlett test of sphericity (Bartlett, 1951): p < 0.001.

Table 7.4: Least signi cant change values for the three factors in each compartment of the tibia.

LSC [-] Medial Lateral
Sclerosis 0.16 0.16
Separation 0.60 0.57

Deep Density 0.33 0.34

[SEE 0.04]; p = 0.003). There were no detected one-year changes in the Sclerosis factor in the contralateral
knees or in the femur after injury or the tibia after surgery, and there were no signi cant contrasts in the
change in Sclerosis for any of sex, age, surgery delay, or meniscus involvement. However, there were small
but signi cant e ects of baseline microarchitecture on the one-year changes in Sclerosis. In the injured
femur, for a one unit increase in the Separation factor at the time of surgery, there was a slight corresponding
increase in Sclerosis one year later (+0.11 [SEE 0.03]; p < 0.001). In the contralateral femur, for an increase
in Sc.BMD of +49 mg HA/cm? at the time of injury, there was a small corresponding decrease in Sclerosis
one year later (-0.20 [SEE 0.07]; p = 0.018) (Table 7.5).

The Separation factor was found to increase modestly in both the injured femur (+0.59 [SEE 0.14]; p

< 0.001) and injured tibia (+0.61 [SEE 0.15; p < 0.001]) one year after injury, but remained unchanged
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Table 7.5: Average marginal predictions (Predictions) and average marginal contrasts (Contrasts) for one-year
change in the Sclerosis factor, with SEEs and adjusted p values. Statistically signi cant predictions and
contrasts are bolded.

Sclerosis Femur Tibia
Prediction Estimate p Value Estimate p Value
Injured, Post-Injury
Prediction -0.15 (SEE 0.08)  0.098 -0.33 (SEE0.09) <0.001*
Contrast: Female -0.22 (SEE 0.10)  0.081 -0.25 (SEE 0.15)  0.168
Contrast: Age (+10 years) -0.05 (SEE 0.06) 0.808 +0.03 (SEE 0.09)  0.880
Contrast: Meniscus Tear +0.06 (SEE 0.09) 0.874 +0.02 (SEE 0.10)  0.909
Contrast: Baseline Sclerosis (+1) +0.4 (SEE 0.2) 0.178 -0.06 (SEE 0.09)  0.761
Contrast: Baseline Separation (+1) +0.04 (SEE 0.13)  0.821 -0.18 (SEE 0.11)  0.304
Contrast: Baseline Deep Density (+1) -0.16 (SEE 0.14) 0.510 -0.01 (SEE 0.09)  0.903
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.06 (SEE 0.07) 0.459 +0.12 (SEE 0.10)  0.459
Injured, Post-Surgery
Prediction -0.14 (SEE0.04)  0.003 * -0.02 (SEE0.05) 0.688
Contrast: Female +0.00 (SEE0.08)  0.997 -0.12 (SEE0.09) 0.415
Contrast: Age (+10 years) +0.00 (SEE 0.04)  0.977 -0.00 (SEE 0.05)  0.977
Contrast: Surgery Delay (+120 days) -0.00 (SEE 0.03) 0.906 -0.03 (SEE 0.04)  0.614
Contrast: Meniscus Tear +0.13 (SEE 0.06)  0.227 +0.10 (SEE 0.07)  0.336
Contrast: Meniscus Resection +0.08 (SEE 0.11)  0.867 +0.08 (SEE 0.12)  0.867
Contrast: Meniscus Repair +0.01 (SEE 0.07)  0.853 +0.05 (SEE 0.08)  0.809
Contrast: Baseline Sclerosis (+1) -0.05 (SEE 0.09) 0.632 -0.03 (SEE 0.05)  0.632
Contrast: Baseline Separation (+1) +0.11 (SEE0.03) <0.001* +0.08 (SEE0.04) 0.126
Contrast: Baseline Deep Density (+1) -0.11 (SEE 0.07) 0.188 -0.01 (SEE 0.06)  0.926
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) +0.01 (SEE 0.03)  0.828 +0.06 (SEE 0.04) 0.164
Contralateral, Post-Injury
Prediction +0.18 (SEE0.09) 0.122 +0.04 (SEE 0.08) 0.876
Contrast: Female +0.12 (SEE0.12) 0.756 +0.11 (SEE 0.13) 0.756
Contrast: Age (+10 years) +0.08 (SEE 0.06)  0.912 +0.00 (SEE 0.08) 0.994
Contrast: Baseline Sclerosis (+1) +0.20 (SEE 0.17)  0.375 +0.10 (SEE 0.08)  0.375
Contrast: Baseline Separation (+1) +0.25 (SEE 0.12)  0.115 +0.05 (SEE 0.08) 0.813
Contrast: Baseline Deep Density (+1) -0.02 (SEE 0.12) 0.984 +0.03 (SEE 0.08) 0.984

Contrast; Baseline Sc.BMD (+49 mg HA/cm3)  -0.20 (SEE 0.07)  0.018 * -0.07 (SEE 0.08)  0.583
Contralateral, Post-Surgery

Prediction +0.05 (SEE0.03)  0.247 +0.02 (SEE 0.05) 0.778
Contrast: Female -0.01 (SEE 0.07) 0.850 +0.02 (SEE 0.09) 0.850
Contrast: Age (+10 years) -0.01 (SEE 0.04) 0.931 +0.02 (SEE 0.05) 0.931
Contrast: Surgery Delay (+120 days) -0.01 (SEE 0.03) 0.922 -0.02 (SEE 0.04)  0.922
Contrast: Baseline Sclerosis (+1) +0.02 (SEE 0.08)  0.828 +0.05 (SEE 0.05)  0.506
Contrast: Baseline Separation (+1) -0.03 (SEE 0.05) 0.636 -0.02 (SEE0.04)  0.636
Contrast: Baseline Deep Density (+1) -0.01 (SEE 0.05) 0.873 +0.01 (SEE 0.06) 0.873
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) +0.00 (SEE 0.03)  0.991 -0.03 (SEE 0.06)  0.991

* One-year changes, or di erences in one-year changes, are statistically signi cant after adjustment for multiple testing.

For continuous predictors, the amount of change in the predictor associated with the predicted contrast in one-year change in Sclerosis is shown in
parentheses.

The Prediction for each group and side combination is computed by replicating the entire dataset, xing side and group to the respective values,
preserving the values of all other predictors, computing unit-level model predictions, and aggregating the predictions for each side and group
combination.

The Contrast for each risk factor is computed following the same strategy as for the Prediction, with the added steps of replicating the dataset at two
levels of the risk factor, nding the unit-level di erences between the two levels of the risk factor, and aggregating the di erences for each side and
group combination.
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Table 7.6: Average marginal predictions (Predictions) and average marginal contrasts (Contrasts) for one-year
change in the Separation factor, with SEEs and adjusted p values. Statistically signi cant predictions and

contrasts are bolded.

Separation Femur Tibia
Prediction Estimate p Value Estimate p Value
Injured, Post-Injury
Prediction +0.61 (SEE0.15) <0.001* +0.59 (SEE 0.14) <0.001*
Contrast: Female +0.43 (SEE0.19)  0.081 -0.0 (SEE 0.2) 0.981
Contrast: Age (+10 years) -0.01 (SEE 0.11) 0.944 +0.25 (SEE 0.15)  0.714
Contrast: Meniscus Tear -0.27 (SEE 0.15) 0.573 +0.02 (SEE 0.16)  0.909
Contrast: Baseline Sclerosis (+1) -1.9 (SEE 0.3) <0.001* +0.11(SEE0.14) 0.761
Contrast: Baseline Separation (+1) +0.4 (SEE 0.2) 0.304 +0.36 (SEE 0.18)  0.304
Contrast: Baseline Deep Density (+1) +1.3 (SEE 0.2) <0.001* -0.14 (SEE 0.15) 0.535
Contrast: Baseline Sc.BMD (+49 mg HA/cm3)  +0.49 (SEE 0.13) <0.001* -0.17 (SEE 0.17) 0.459
Injured, Post-Surgery
Prediction +0.08 (SEE 0.07)  0.337 +0.05 (SEE 0.08)  0.577
Contrast: Female +0.01 (SEE0.14)  0.997 +0.18 (SEE0.15) 0.415
Contrast: Age (+10 years) +0.12 (SEE 0.07)  0.186 +0.07 (SEE 0.08)  0.553
Contrast: Surgery Delay (+120 days) -0.02 (SEE 0.06) 0.897 +0.13 (SEE 0.06)  0.153
Contrast: Meniscus Tear -0.06 (SEE 0.09) 0.628 -0.18 (SEE 0.11) 0.336
Contrast: Meniscus Resection +0.15 (SEE 0.18)  0.867 +0.04 (SEE 0.19)  0.867
Contrast: Meniscus Repair -0.03 (SEE 0.11) 0.853 +0.22 (SEE 0.13)  0.345
Contrast: Baseline Sclerosis (+1) +0.56 (SEE 0.16)  0.002 * -0.04 (SEE 0.07) 0.632
Contrast: Baseline Separation (+1) -0.52 (SEE 0.04) <0.001* -0.13 (SEE 0.07) 0.126
Contrast: Baseline Deep Density (+1) -0.16 (SEE 0.11) 0.230 +0.08 (SEE 0.10)  0.490
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.09 (SEE 0.05) 0.164 -0.08 (SEE 0.06) 0.255
Contralateral, Post-Injury
Prediction -0.10 (SEE0.16)  0.876 +0.00 (SEE0.13)  0.986
Contrast: Female -0.1 (SEE 0.2) 0.877 +0.1 (SEE 0.2) 0.790
Contrast: Age (+10 years) -0.00 (SEE 0.11) 0.994 +0.01 (SEE 0.12)  0.994
Contrast: Baseline Sclerosis (+1) +0.4 (SEE 0.3) 0.375 -0.17 (SEE 0.12) 0.375
Contrast: Baseline Separation (+1) +0.1 (SEE 0.2) 0.867 -0.02 (SEE 0.13) 0.867
Contrast: Baseline Deep Density (+1) -0.35 (SEE 0.19) 0.541 +0.03 (SEE 0.14)  0.984
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) +0.05 (SEE 0.12)  0.685 +0.08 (SEE 0.14)  0.652
Contralateral, Post-Surgery
Prediction -0.15 (SEE 0.06)  0.062 -0.00 (SEE 0.08) 0.978
Contrast: Female +0.03 (SEE 0.12)  0.850 -0.08 (SEE 0.15) 0.850
Contrast: Age (+10 years) +0.04 (SEE0.07) 0.931 -0.04 (SEE0.09)  0.931
Contrast: Surgery Delay (+120 days) -0.06 (SEE 0.06) 0.922 +0.04 (SEE 0.06)  0.922
Contrast: Baseline Sclerosis (+1) +0.40 (SEE 0.14) 0.019* +0.02 (SEE 0.08)  0.828
Contrast: Baseline Separation (+1) -0.24 (SEE 0.08)  0.017 * -0.12 (SEE 0.07) 0.277
Contrast: Baseline Deep Density (+1) -0.23 (SEE 0.09)  0.036 * -0.16 (SEE 0.10) 0.321
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.07 (SEE 0.05) 0.551 -0.01 (SEE 0.09) 0.991

* One-year changes, or di erences in one-year changes, are statistically signi cant after adjustment for multiple testing.

For continuous predictors, the amount of change in the predictor associated with the predicted contrast in one-year change in Separation is shown in
parentheses.

The Prediction for each group and side combination is computed by replicating the entire dataset, xing side and group to the respective values,
preserving the values of all other predictors, computing unit-level model predictions, and aggregating the predictions for each side and group
combination.

The Contrast for each risk factor is computed following the same strategy as for the Prediction, with the added steps of replicating the dataset at two
levels of the risk factor, nding the unit-level di erences between the two levels of the risk factor, and aggregating the di erences for each side and
group combination.
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Table 7.7: Average marginal predictions (Predictions) and average marginal contrasts (Contrasts) for one-year
change in the Deep Density factor, with SEEs and adjusted p values. Statistically signi cant predictions and

contrasts are bolded.

Deep Density Femur Tibia
Prediction Estimate p Value Estimate p Value
Injured, Post-Injury
Prediction -0.16 (SEE0.12)  0.255 -0.38 (SEE 0.11)  0.002 *
Contrast: Female -0.14 (SEE 0.15)  0.563 -0.42 (SEE0.19)  0.081
Contrast: Age (+10 years) -0.06 (SEE 0.09) 0.808 +0.12 (SEE 0.12)  0.808
Contrast: Meniscus Tear +0.16 (SEE 0.14)  0.573 -0.16 (SEE0.12)  0.573
Contrast: Baseline Sclerosis (+1) +0.5 (SEE 0.3) 0.178 +0.05 (SEE 0.10)  0.761
Contrast: Baseline Separation (+1) +0.19 (SEE 0.19)  0.486 +0.03 (SEE 0.14) 0.821
Contrast: Baseline Deep Density (+1) -0.2 (SEE 0.2) 0.510 -0.14 (SEE0.11)  0.510
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.05 (SEE 0.11) 0.658 +0.22 (SEE 0.13)  0.355
Injured, Post-Surgery
Prediction -0.16 (SEE 0.06)  0.023 * +0.08 (SEE 0.06) 0.337
Contrast: Female +0.19 (SEE0.12) 0.415 -0.33 (SEE0.12)  0.039 *
Contrast: Age (+10 years) +0.16 (SEE 0.06)  0.038 * +0.06 (SEE 0.06)  0.553
Contrast: Surgery Delay (+120 days) -0.05 (SEE 0.05) 0.614 -0.09 (SEE 0.05)  0.193
Contrast: Meniscus Tear +0.02 (SEE 0.08)  0.764 -0.05 (SEE 0.08)  0.628
Contrast: Meniscus Resection +0.06 (SEE 0.16)  0.867 +0.02 (SEE 0.14)  0.867
Contrast: Meniscus Repair +0.10 (SEE 0.10)  0.663 +0.12 (SEE 0.10)  0.537
Contrast: Baseline Sclerosis (+1) +0.42 (SEE 0.14)  0.006 * +0.05 (SEE 0.06)  0.632
Contrast: Baseline Separation (+1) +0.01 (SEE 0.04)  0.745 +0.09 (SEE 0.05)  0.157
Contrast: Baseline Deep Density (+1) -0.45 (SEE0.10) <0.001* -0.13(SEEO0.08) 0.188
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.10 (SEE 0.05) 0.088 +0.02 (SEE 0.04) 0.763
Contralateral, Post-Injury
Prediction +0.27 (SEE0.13)  0.122 -0.00 (SEE0.10)  0.986
Contrast: Female +0.17 (SEE0.18)  0.756 +0.10 (SEE 0.16)  0.790
Contrast: Age (+10 years) +0.11 (SEE 0.09)  0.912 +0.03 (SEE 0.10) 0.994
Contrast: Baseline Sclerosis (+1) +0.3 (SEE 0.3) 0.375 +0.00 (SEE 0.09) 0.974
Contrast: Baseline Separation (+1) +0.47 (SEE 0.18)  0.060 +0.02 (SEE 0.10)  0.867
Contrast: Baseline Deep Density (+1) -0.06 (SEE 0.17) 0.984 +0.03 (SEE 0.11) 0.984
Contrast; Baseline Sc.BMD (+49 mg HA/cm3)  -0.27 (SEE 0.10)  0.020 * -0.12 (SEE 0.10)  0.400
Contralateral, Post-Surgery
Prediction +0.08 (SEE0.05)  0.247 +0.03 (SEE 0.06) 0.778
Contrast: Female -0.02 (SEE 0.10)  0.850 -0.07 (SEE0.12)  0.850
Contrast: Age (+10 years) -0.01 (SEE 0.05) 0.931 +0.03 (SEE 0.07)  0.931
Contrast: Surgery Delay (+120 days) -0.03 (SEE 0.05) 0.922 -0.02 (SEE 0.05)  0.922
Contrast: Baseline Sclerosis (+1) +0.06 (SEE 0.12)  0.804 +0.09 (SEE 0.06)  0.427
Contrast: Baseline Separation (+1) -0.04 (SEE 0.07) 0.636 -0.06 (SEE 0.05)  0.490
Contrast: Baseline Deep Density (+1) -0.06 (SEE 0.08) 0.662 -0.11 (SEE 0.08)  0.348
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -0.04 (SEE 0.05) 0.783 -0.02 (SEE 0.07)  0.991

* One-year changes, or di erences in one-year changes, are statistically signi cant after adjustment for multiple testing.

For continuous predictors, the amount of change in the predictor associated with the predicted contrast in one-year change in Deep Density is shown
in parentheses.

The Prediction for each group and side combination is computed by replicating the entire dataset, xing side and group to the respective values,
preserving the values of all other predictors, computing unit-level model predictions, and aggregating the predictions for each side and group
combination.

The Contrast for each risk factor is computed following the same strategy as for the Prediction, with the added steps of replicating the dataset at two
levels of the risk factor, nding the unit-level di erences between the two levels of the risk factor, and aggregating the di erences for each side and
group combination.
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Table 7.8: Average marginal predictions (Predictions) and average marginal contrasts (Contrasts) for one-year
change in Sc.BMD, with SEEs and adjusted p values. Statistically signi cant predictions and contrasts are
bolded.

Sc.BMD [mg HA/cm?3] Femur Tibia
Prediction Estimate p Value Estimate p Value
Injured, Post-Injury
Prediction -6 (SEE 9) 0.599 +1 (SEE 5) 0.840
Contrast: Female -6 (SEE 11) 0.696 -7 (SEE9) 0.572
Contrast: Age (+10 years) +6 (SEE 7) 0.808 +3 (SEE 6) 0.836
Contrast: Meniscus Tear +3 (SEE 9) 0.909 +6 (SEE 6) 0.573
Contrast: Baseline Sclerosis (+1) +0 (SEE 20) 0.940 -2 (SEE 5) 0.761
Contrast: Baseline Separation (+1) +9 (SEE 12) 0.600 -9 (SEE 7) 0.389
Contrast: Baseline Deep Density (+1) +7 (SEE 14) 0.674 -5 (SEE 6) 0.535
Contrast: Baseline Sc.BMD (+49 mg HA/cm3) -7 (SEE7) 0.459 +6 (SEE 6) 0.459
Injured, Post-Surgery
Prediction +29 (SEE 4) <0.001* +16(SEE3) <0.001*
Contrast: Female +10 (SEE 9) 0.415 +1 (SEE 6) 0.997
Contrast: Age (+10 years) -1 (SEE 4) 0.977 +6 (SEE 3) 0.154
Contrast: Surgery Delay (+120 days) -3 (SEE 3) 0.614 -7 (SEE 2) 0.020 *
Contrast: Meniscus Tear +3 (SEE 5) 0.628 -2 (SEE 4) 0.628
Contrast: Meniscus Resection -3 (SEE 11) 0.867 +6 (SEE 7) 0.867
Contrast: Meniscus Repair +3 (SEE 6) 0.853 +17 (SEE5) 0.002 *
Contrast: Baseline Sclerosis (+1) -5 (SEE 9) 0.632 +10 (SEE3) 0.002 *
Contrast: Baseline Separation (+1) +6 (SEE 2) 0.037 * +4 (SEE 3) 0.157
Contrast: Baseline Deep Density (+1) +6 (SEE 6) 0.430 -7 (SEE 4) 0.188

Contrast: Baseline Sc.BMD (+49 mg HA/cm3)  -17 (SEE 3) <0.001* -20(SEE2) <0.001*
Contralateral, Post-Injury

Prediction +19 (SEE 9) 0.122 +2 (SEE 5) 0.876
Contrast: Female +31 (SEE 13) 0.137 -0 (SEE 8) 0.988
Contrast: Age (+10 years) +4 (SEE 7) 0.994 +4 (SEE 5) 0.994
Contrast: Baseline Sclerosis (+1) +12 (SEE 17) 0.585 +3 (SEE 5) 0.585
Contrast: Baseline Separation (+1) +29 (SEE 12)  0.060 +6 (SEE 5) 0.355
Contrast: Baseline Deep Density (+1) +8 (SEE 11) 0.984 -0 (SEE 5) 0.996

Contrast: Baseline Sc.BMD (+49 mg HA/cm3)  -21 (SEE 7) 0.017* -6 (SEE 5) 0.400
Contralateral, Post-Surgery

Prediction +9 (SEE 4) 0.062 +4 (SEE 3) 0.247
Contrast: Female +10 (SEE 8) 0.850 +4 (SEE 6) 0.850
Contrast: Age (+10 years) -3 (SEE 4) 0.931 -0 (SEE 3) 0.931
Contrast: Surgery Delay (+120 days) -2 (SEE 3) 0.922 +0 (SEE 2) 0.939
Contrast: Baseline Sclerosis (+1) +40 (SEE 8) <0.001* +3(SEE3) 0.506
Contrast: Baseline Separation (+1) -8 (SEE 5) 0.277 -3 (SEE 3) 0.490
Contrast: Baseline Deep Density (+1) -21 (SEE 5) <0.001* +2(SEE 4) 0.873

Contrast: Baseline Sc.BMD (+49 mg HA/cm3)  -18 (SEE 3) <0.001* -11(SEE3) 0.008*

* One-year changes, or di erences in one-year changes, are statistically signi cant after adjustment for multiple testing.

For continuous predictors, the amount of change in the predictor associated with the predicted contrast in one-year change in Sc.BMD is shown in
parentheses.

The Prediction for each group and side combination is computed by replicating the entire dataset, xing side and group to the respective values,
preserving the values of all other predictors, computing unit-level model predictions, and aggregating the predictions for each side and group
combination.

The Contrast for each risk factor is computed following the same strategy as for the Prediction, with the added steps of replicating the dataset at two
levels of the risk factor, nding the unit-level di erences between the two levels of the risk factor, and aggregating the di erences for each side and
group combination.
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following surgery and in the contralateral knees. Again, there were no signi cant contrasts in the change in
Separation for any of sex, age, surgery delay, or meniscus status, but the one-year changes in the Separation
factor in the femur did vary greatly depending on the baseline microarchitecture. In the injured femur in the
post-injury group, a unit increase in Sclerosis at time of injury led to an out-sized decrease in Separation one
year later (-1.9 [SEE 0.3]; p < 0.001), a unit increase in Deep Density led to a large increase in Separation
one year later (+1.3 [SEE 0.13]; p < 0.001), and an increase in Sc.BMD of +49 mg HA/cm?2at the time of
injury led to a modest increase in Separation one year later (+0.49 [SEE 0.13]; p < 0.001). In the injured
femur in the post-surgery group, unit increases in Sclerosis and Separation lead to modest increases (+0.56
[SEE 0.16]; p = 0.002) and decreases (-0.52 [SEE 0.04]; p < 0.001) in Separation one year later, respectively.
There were also modest relationships between changes in Separation and baseline Sclerosis, Separation, and
Deep Density in the contralateral femur of the post-surgery group (Table 7.6).

There were statistically signi cant predicted decreases in Deep Density in the injured tibia one year after
injury (-0.38 [SEE 0.11]; p = 0.002) and in the injured femur one year after surgery (-0.16 [SEE 0.06]; p
= 0.023), and there were no detected average changes in Deep Density in the contralateral femur or tibia
in either group. While there were no signi cant predicted average changes in Deep Density in the injured
tibia following surgery, there was a signi cant sex contrast here (Female: -0.33 [SEE 0.12]; p = 0.039) and
independently computed average marginal predictions for male and female participants were +0.29 [SEE
0.11] and -0.04 [SEE 0.07], respectively, indicating a modest increase in male participants and no change
in female participants. There was an additional slight, but signi cant, contrast in change in Deep Density
depending on the age at time of injury (per +10 years: +0.16 [SEE 0.06]; p = 0.038) in the injured femur one
year after surgery. Finally, there were signi cant contrasts for the one-year change in Deep Density in the
injured femur for unit increases in Sclerosis (+0.42 [SEE 0.14]; p = 0.006) and Deep Density (-0.45 [SEE
0.10]; p < 0.001) at time of surgery, and in the contralateral femur for Sc.BMD at time of injury (-0.27 [SEE
0.10]; p = 0.020) (Table 7.7).

There were no signi cant predicted changes, or contrasts for changes, in Sc.BMD in the injured femur or
tibia one year after injury. However, there were modest average predicted increases in Sc.BMD post-surgery
in both the femur (+29 [SEE 4] mg HA/cm®; p < 0.001) and tibia (+16 [SEE 3] mg HA/cm®; p < 0.001). In the
injured tibia, there were small but signi cant contrasts for both surgery delay (per +120 days: -7 [SEE 2] mg
HA/cm?; p = 0.020) and a meniscus repair at surgery (+17 [SEE 5]; p = 0.002). Further, there were numerous

statistically signi cant contrasts indicating a complex relationship between the baseline microarchitecture and
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the one-year changes in Sc.BMD in the injured knee in the post-surgery group and across both groups in the
contralateral knee. Notably, the one year change in Sc.BMD had a modest negative relationship with itself at
baseline in the injured femur and injured tibia in the post-surgery group and the contralateral femur in the
post-injury group and the post-surgery group, with an approximate relationship of -20 mg HA/cm? change

per +49 mg HA/cm? at baseline across these cases (Table 7.8).

7.4 Discussion

In this study, we investigated the longitudinal changes in bone density and microarchitecture at the knee
in the rst year following ACL injury (post-injury) and ACL reconstructive surgery (post-surgery) using
in vivo HR-pQCT image data, exploratory factor analysis, and mixed-e ects models. One year after ACL
injury, we observed evidence of small but persistent de cits in trabecular bone density in the tibia and severe
periarticular structural degradation in both the injured femur and tibia. One year after ACL reconstructive
surgery, we observed small but persistent de cits in trabecular bone density in the femur, no evidence of
persistent structural alterations, sex-dependent changes in density in the injured tibia, and possible evidence
of early subchondral bone plate sti ening in both the injured femur and tibia.

Although prior studies have examined post-ACL-injury bone alterations both longitudinally and cross-
sectionally (Kroker et al., 2019, 2018a; Shiraishi et al., 2020), this study lls in a gap in our understanding in
the changes that occur after the theorized transient bone resorption phase that follows ACL injury and of the
contrast between the trajectories of periarticular bone density and microarchitecture that occur following injury
and following reconstructive surgery. The general pattern of changes in bone density and microarchitecture
we have observed are consistent with the early stages of the pathological bone remodelling mechanism
theorized by Teichtahl et al. (2015) and Li et al. (2013) to link ACL injury and PTOA pathogenesis. In the

rst year after injury, the small losses in density and indicators of structural degradation (lowered Th.Th,
increased Th.Sp) that we observe are consistent with prior ndings (Kroker et al., 2019; Kannus et al.,
1992; Marigi et al., 2021; Van Meer et al., 2014), and provide further evidence of ACL injury inciting a
transient phase of bone resorption and a subsequent healing phase. One year after surgery, we observe further
persistent de cits in trabecular bone density but no evidence of further irreparable structural degradation on
average. However, we have observed a complex set of interdependencies between the post-surgery evolution

of the bone microarchitecture (particularly Th.Sp and deep Th.BMD and Th.Th) and the overall state of the
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microarchitecture at the time of surgery, or soon after. This suggests that the changes in periarticular bone
density and microarchitecture that occur between injury and surgery have important implications for the
subsequent changes that follow surgery. However, from our observations it is di  cult to ascertain whether the
bone remodelling processes that follow ACL reconstructive surgery are, on average, similar or dissimilar
to those that follow ACL injury. It is equally possible that (1) surgery is followed by a similar resorption
and recovery phase progression as may follow injury, but the post-injury changes have already destroyed
the vulnerable microarchitecture and therefore further irreparable structural degradation does not occur, or
(2) that bone density and microarchitectural changes that follow ACL reconstruction surgery are much less
severe than those that follow the initial injury. For example, while studies have shown elevated cytokine
concentrations in synovial uid post-surgery as compared to post-injury (Hunt et al., 2021; Kingery et al.,
2022), traumatic bone marrow lesions are found after injury but not after surgery, and the in ammatory
response within the subchondral bone may be less severe following surgery than after injury. However, the
observed positive relationship between post-surgical one-year increases in periarticular Th.Sp and higher
near-surface Th.BMD and Th.Th at the time of surgery is suggestive that the former is possible.

Our factor analysis (Tavakol and Wetzel, 2020) approach revealed that microarchitectural changes could
be e ciently summarized, by bundling the numerous periarticular knee HR-pQCT parameters into ‘factors,’
so that we can more easily interpret the complex changes that occur in bone following ACL injury and
surgery. There have been similar applications of data reduction to avoid testing redundant hypotheses in prior
HR-pQCT studies. Patsch et al. (2017) performed factor analysis on the standard parameter set from distal
radius and tibia HR-pQCT images and chose to only use the highest-loaded parameter on each factor for
statistical testing, and Fujii et al. (2021) applied PCA to the standard parameter set and used only the rst 2
PCs as the dependent variables in subsequent regression analyses. There are trade-0 s to each approach, but
the unique advantage of using factor analysis with an oblique rotation over PCA, which uses an orthogonal
rotation, is that oblique rotations can reduce the magnitude of cross-loadings between input variables and
output factors and lead to more separable and interpretable factors, particularly when the factors are expected
to be correlated (Fabrigar et al., 1999), as is the case in this study (see Figure 7.5 and Table 7.3).

Upon examining the e ects of common PTOA risk factors (sex, age, surgery delay, and meniscus injury,
resection, and repair) we found that these factors were not particularly predictive of di erences in one-year
changes in periarticular bone density and microarchitecture. Conversely, we found that the state of the baseline

microarchitecture was strongly predictive of subsequent changes in bone density and microarchitecture in
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both the post-injury and post-surgery groups, but with distinct patterns. We found these relationships in both
the injured and contralateral knees, but for all parameters except Sc.BMD, these relationships were greater in
both quantity and magnitude in the injured knee. It is well-known that local bone remodelling is driven by
load distributions (Katsimbri, 2017; Christen et al., 2014), that ACL injury impacts biomechanics and load
distributions in the knee (Goerger et al., 2015), and that these changes often persist, or are not fully restored,
following ACL reconstructive surgery (Georgoulis et al., 2010). If the e ects of altered biomechanics on
subsequent bone remodelling are dependent on baseline microarchitecture but not independently predicted by
sex, age, and surgery delay, it is possible that the e ects of these risk factors on periarticular bone changes
are mediated through the initial state of the microarchitecture. That initial state is likely a ected by the fact
that bone density decreases with age (Whittier et al., 2020a), that there are signi cant site-dependent sex
di erences in bone density (Eckstein et al., 2007; Ho-Pham et al., 2018), and that the state of the periarticular
bone following injury depends on the time since injury (Kroker et al., 2019). Untangling the relationship
between baseline microarchitecture, PTOA risk factors, and changes in bone density and microarchitecture is
worth further study but would require both more data (more longitudinal timepoints and possibly a larger
cohort) and a modelling approach more suitable to evaluating causal directed relationships (Pearl, 2010).
Finally, the signi cant negative marginal contrasts observed for all parameters with respect to their own values
at baseline, most notably for Sc.BMD (in 5 out of 8 prediction categories; Table 7.8) could be explained
by regression to the mean: the tendency for an extreme sample of a random variable to be followed by a
sample that is closer to the mean (Barnett, 2004). Mean reversion e ects could be expected to be greater in
parameters with more random measurement error, could potentially be estimated by modelling "change™
using repeated-scan data (where the expected change is zero), and could be ameliorated by developing or
using measurement techniques with better precision.

There are important limitations to this study that must be acknowledged. One is that for the number of
risk factors we have considered and the overall model complexity, we have a relatively low total sample size
(N =62), asigni cant group imbalance (post-injury: 19, post-surgery: 45), and a signi cant sex imbalance in
the post-surgery group (33F, 12M). While we have not detected statistically signi cant contrasts for changes
in periarticular bone density for the PTOA risk factors under consideration, particularly for indicators of
persistent or permanent structural degradation (Separation), it is worth recalling that an absence of evidence is
not an evidence of absence (Altman and Bland, 1995). These risk factors may yet be shown to have signi cant

e ects on periarticular bone remodeling processes that are not necessarily mediated through the state of the
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bone microarchitecture at the time of injury or surgery. A second limitation is that apparent bone densities
on HR-pQCT imaging can be a ected by in ammation (de Bakker et al., 2022) and out-of- eld-of-view
artifacts (Wu et al., 2020), both relevant factors when imaging a recently injured knee, and this may have a
confounding in uence on the detected changes in bone density and microarchitecture in the injured knees.
Further, our baseline and follow-up measurements did not occur precisely at the time of injury or one year
later: in the post-injury group the baseline and follow-up imaging occurred at means of 30 (SD 8) and 402
(SD 21) days after injury, respectively, and in the post-surgery group the baseline and followup imaging
occurred at means of 45 (SD 12) and 415 (SD 47) days after surgery, respectively. A major limitation in
longitudinal repeated-measures ANCOVA-like model designs is that baseline and follow-up measurements are
treated as though all unit-level measurements occurred at exactly the same times, or with the same separation
in time, but avoiding this by measuring change with time as the independent variable requires at least three
measurements to estimate a linear change (Ho man, 2015). Finally, there are a number of additional PTOA
risk factors that we have not considered in our analysis and that merit consideration in future work, including
BMI (both at baseline and the change over time), local e ects of bone marrow lesions, the surgical method
and/or anatomic classi cation (Rothrau et al., 2020), and the physical activity level (including rehabilitation
protocol; Frobell et al. (2010)) of participants in the year after injury or surgery, among others.

While our approach to data reduction was useful for controlling the false discovery rate and maintaining
study power by eliminating redundant hypotheses and avoiding overly conservative multiple testing corrections,
there are other approaches that could also be considered going forward for in vivo analysis of periarticular
knee bone density and microarchitecture. The factor analysis MSA for our dataset, 0.53, was on the boundary
of acceptability (Hair, 2006) and classi ed as ‘miserable’ (0.50 to 0.59) on the scale given by Kaiser and Rice
(1974). When only considering Sc.Th, Th.Th, and Tb.Sp (at all three depths), the MSA increases to 0.65
(“‘mediocre’), indicating that the simultaneous positive and negative correlations between Th.BMD and Th.Th
and Th.BMD and Th.Sp (Figure 7.5) pose non-negligible issues for the factorizability of the data. Finally, we
would like to make clear that we have used factor analysis for data compression only, and do not advocate
that the factors we labelled Sclerosis, Separation, and Deep Density are true underlying latent factors (or
‘constructs’) that should be used in future studies as de ned here. Our factors are speci c to this dataset and
this particular periarticular analysis work ow.

The amount of information from an HR-pQCT scan of the knee is overwhelming and there is signi cant

opportunity to consider alternative approaches for analysis. This may include, for example, increasing the
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depths of the trabecular layers or combining the trabecular layers into a single trabecular ROIl. The ndings
of Shiraishi et al. (2020) suggest that OA-related bone microarchitectural changes may involve topological
alterations to the network, including the degree of anisotropy (DA) and connectivity density (Conn.D), and
so it may also be worthwhile to expand the list of parameters that are measured in the trabecular layers and
incorporate them into the data reduction pipeline. Also, it has been suggested that a hierarchical false discovery
rate control methodology (Yekutieli, 2008) could be applied to analysis of HR-pQCT microarchitectural data
by assuming that the hypotheses that are changes in structural parameters in a given region are nested within
the hypothesis that there are changes in density in that region (Whittier et al., 2020c). In the speci c context
of measuring post-ACL injury remodelling, where we hypothesize loss and recovery of density along with
permanent structural changes, this assumption is not supported by theory and may not hold, depending on the
time-scales over which changes are measured and how changes are modelled. However, it may be a viable
alternative statistical analysis strategy for managing the false discovery rate with knee HR-pQCT data in other
contexts where structural changes or di erences are expected to always be accompanied by concomitant

density changes or di erences, or alternative hypothesis nesting structures may also be worth considering.

7.5 Conclusions

The observed one-year changes after injury and after surgery both indicated persistent losses in density,
with additional evidence of structural degradation following injury only. These observed changes were
coupled with small increases in subchondral bone plate density after surgery, and overall are consistent
with pathological bone remodelling theories for PTOA pathogenesis (Teichtahl et al., 2015; Li et al., 2013).
Importantly, we also found that PTOA risk factors were not predictive of bone changes compared to the
importance of baseline microarchitectural conditions, suggesting that the state of the bone microarchitecture

at the time of injury may mediate the relationship between PTOA risk factors and PTOA pathogenesis.
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Chapter 8

Discussion

No book can ever be nished. While
working on it we learn just enough to
nd it immature the moment we turn

away from it.

Karl Popper

8.1 Summary

Knee OA is a degenerative joint disease that causes pain, reduced mobility, and overall degraded quality
of life (Arden et al., 2014). While the etiology of knee OA is complex and not well-understood, there is a
signi cant association between ACL injury and early knee OA incidence (Dare and Rodeo, 2014; Lohmander
et al., 2007), which provides a window for in vivo investigation of biomechanical theories for knee OA
pathogenesis. One such theory holds that pathological adaptation of the periarticular bone microarchitecture
at the osteochondral junction of the femoral condyles and tibial plateaus is an integral component of the
biomechanical event cascade that culminates in cartilage degradation (Li et al., 2013; Teichtahl et al., 2015).
HR-pQCT is uniquely positioned to measure in vivo cross-sectional di erences and longitudinal changes in
human bone microarchitecture, and measurement methodologies for imaging the knee with HR-pQCT have
been developed recently (Kroker et al., 2017a; Shiraishi et al., 2020).

The three top-level goals of this thesis were (1) to establish a framework for robust, fully automated

guantitative analysis of knee HR-pQCT images, (2) to develop algorithms to use in this framework and
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advance the processing and analytical protocols used for analyzing bone microarchitectural data, and (3)
to apply these tools to investigate longitudinal changes in periarticular bone microarchitecture at the knee
following ACL injury and reconstructive surgery.

These goals were addressed in several stages. First, a large normative dataset of expert-segmented radius
and tibia images was leveraged to automate segmentation of cortical and trabecular bone in radius and tibia
HR-pQCT images, and a similar approach was used to automate segmentation of knee HR-pQCT images with
a relatively much smaller dataset of segmented reference images. Each of these methods were validated using
held-out test datasets for both accuracy and precision, and each of these methods were found to have good
accuracy and superior precision when compared to that of the prior standard protocols. At the same time, the
large normative radius and tibia dataset and some synthetic data were used together to nd that trabecular
thickness, separation, number, and bone volume fraction are inter-related and probably together describe only
approximately two unique degrees of freedom of the trabecular microarchitecture. An atlas-based approach
was also developed for designating the weight-bearing contact surfaces of the femoral condyles and tibial
plateaus, which had previously been a fully manual process. The last methodological advancement was
the investigation of a global reformulation of Cortical Bone Mapping, a cortical thickness measurement
technique invented by Treece et al. (2010), where two new methods were introduced for regularization of the
cortical bone model parameters to control the smoothness of the tted surfaces. Finally, the automated knee
HR-pQCT analysis tools developed in this thesis were applied to investigate in vivo longitudinal changes in
periarticular bone microarchitecture in the human knee following ACL injury (N=19) and ACL reconstructive
surgery (N=45). Changes were modelled using exploratory factor analysis for data reduction and mixed
e ects models with counterfactual marginal predictions for inferential testing of main e ects and OA risk

factor-based contrasts.

8.2 Contributions

8.2.1 Signi cance

The semantic segmentation of the cortical and trabecular compartments is a critical element of the quantitative
analysis work ows for both the standard distal sites and the knee. Whittier et al. (2020d) showed that there
are signi cant systematic biases introduced to study data by the isolated use of the manufacturer-provided

automated segmentation work ow, and that operator experience level has a major impact on systematic

172



8. Discussion

and random biases in study data when manual contour correction is applied to the automatically generated
segmentations. In Chapters 3 and 5, deep learning and morphological post-processing were used to automate
the segmentation task for both the distal radius and tibia and the knee. On a held-out test dataset, the
new work ow achieved Dice scores of 0.98 (SD 0.02) and 0.99 (SD <0.01) for the cortical and trabecular
compartments on the distal radius and Dice scores of 0.97 (SD 0.02) and 0.99 (SD <0.01) for the cortical and
trabecular compartments on the distal tibia 3.2. Most signi cantly, the new work ow achieved statistically
signi cantly superior precision (quanti ed using RMS%CV (Gl er et al., 1995) and LSC) for a variety of
cortical and trabecular microarchitectural parameters when compared to the gold standard work ow (as
executed by a single expert) on a large repeat-measures dataset (radius: N=71, tibia: N=85). In Chapter 5 a
deep learning and morphological post-processing bone segmentation work ow was paired with an atlas-based
segmentation work ow for identi cation of weight-bearing surfaces on the femoral condyles and tibial
plateaus, culminating in a robust, fully automated protocol for generating peri-articular ROIs (subchondral
bone plate and shallow, middle, and deep trabecular bone) for the lateral and medial femoral condyles and
tibial plateaus from an HR-pQCT image, with either cross-sectional or longitudinal data. The end-to-end
work ow was tested on several separate held-out test datasets and shown to have excellent accuracy for the
trabecular parameters, some systematic di erences for the cortical parameters, and comparable precision
to the end-to-end work ow for the radius and tibia. While the precision of the new knee work ow was not
directly compared to that of the prior semi-automated knee work ow on the same dataset, the measures of
precision on the new triple repeat-measures dataset were much lower with repositioning between imaging
(0.5% to 3.5%) than those that had been previously estimated for the semi-automated method for inter- and
intra-operator precision using the exact same image for each repeat (0.5% to 7.9%) (Kroker et al., 2018b). To
integrate these work ows directly into the standard HR-pQCT work ow, client-server software was developed
(using DCL for the client and Python for the server) so that distal radius and tibia images can be automatically
segmented by a user directly from uct_evaluation, the GUI data processing program on the HR-pQCT
system. While these methods have now become the de facto standard for processing HR-pQCT images for
users of our system at the University of Calgary, there has been limited-to-no adoption at external research
centres. Future sections will explore the limitations of these methods and what can be done to continue
developing more universally adopted standard work ows.

In Chapter 4, Principal Component Analysis (PCA) was leveraged and multiple linear regressions were

tted to geometrically informed relationships between Th.Th, Th.Sp, Th.N, and BV/TV to demonstrate with
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both in vivo and synthetic data that these parameters are fundamentally related. This implies that hypotheses
about changes in three or more of these parameters are necessarily inter-dependent, and simultaneous testing of
these hypotheses violates the basic assumptions of the common inferential tests, elevating the false discovery
rate (FDR), and also the assumptions of the typical multiple testing correction methods for FDR control (i.e.
independence of the multiple hypotheses) (Emerson, 2020; Benjamini and Hochberg, 1995; Benjamini et al.,
2006). With PCA applied to Th.Th, Tb.Sp, Th.N, and BV/TV, the rst two PCs explained 92.7% and 92.3% of
the variance in the in vivo and synthetic datasets, respectively (see Figure 4.3). These ndings are reinforced
by Monte Carlo simulations (see Appendix G) of the true Type | and Il errors rates for various multiple testing
scenarios where Th.Th and Th.Sp are presumed independent and the hypothesized relationships for Th.N
and BV/TV are assumed true: If all four parameters are tested for signi cance simultaneously with a study
design with a target power of 80% (Type Il error rate of 0.2) and signi cance level of 5% (Type | error rate
of 0.05), without FDR control the Type | error rate more than doubles from 5% to j 13%, and with FDR
the Type Il error rate increases from 20% to  25%. Knee HR-pQCT research is young, and it isdi cult to
estimate e ect sizes for a priori power analysis. Combined with the fact that due to the di cult inclusion
criteria, stringent exclusion criteria, and di culty with retention, knee HR-pQCT studies are often likely
to be under-powered relative to the variety of e ects we would like to model. It is therefore of the utmost
importance that statistical analyses using knee HR-pQCT be carefully designed to minimize the likelihood of
false positives while maximizing the positive insight that can be gained from the available data. This study
demonstrated that at least one trabecular parameter from the set that had been used in prior studies (Tb.Th,
Th.Sp, Th.N) was unnecessary and likely adversely a ecting the false discovery rate.

Chapter 6 advanced Cortical Bone Mapping (CBM) by moving from a sequential global optimization
approach to a parallel global optimization approach, allowing for the introduction of global regularization of
the model- tting procedure by introducing additional terms to the loss function that depend on the spatial
variations in tted parameters, or by tting parameters only at control points and spatially interpolating values
to individual nodes. Preliminary experiments showed that using CBM to measure subchondral bone plate
thickness improves precision over using the standard method of Hildebrand and R egsegger (1997) with
the segmentations generated using the methods of Chapter 5. It was also found that the novel regularization
approaches dramatically improved the voxel-level precision of the thickness measurements, while slightly
worsening the global-level precision across the whole ROI. This work is preliminary, and further development

of the regularization approach and optimization strategy could yield more improvements in the precision of

174



8. Discussion

subchondral bone plate thickness. Further, this new method could be extended to generate new segmentations
for the cortical and trabecular bone, and if combined with a robust method for generating a rough binary
segmentation of the whole bone, could supplant deep learning-based approaches as the most reliable and
physiologically informed method for automatic segmentation of cortical (or subchondral) and trabecular bone
compartments in HR-pQCT images.

Finally, in Chapter 7, the methods of Chapter 5 were applied to a subset of data from an on-going
longitudinal study to experimentally investigate the in vivo periarticular bone microarchitectural changes that
occur between ACL injury and one year follow-up and between ACL reconstructive surgery and one-year
follow-up. Quantitative analysis of bilateral knee HR-pQCT images produces a large number of measured
parameters per individual: two knees, two bones per knee, two compartments (medial/lateral) per bone,
two cortical parameters (Sc.BMD, Sc.Th) and nine trabecular parameters (Th.BMD, Th, Sp in each of the
shallow, middle, and deep layers) per compartments, for a total of 88 parameters per individual. To reduce
false positives, insights from Chapter 4 were leveraged to determine that modelling Th.N along with Th.Th
and Th.Sp was unnecessary. Further, exploratory factor analysis (EFA) was used to combine the eleven
parameters per compartment into three factors: Sclerosis, Separation, and Deep Density, along with one
remaining factor: Sc.BMD. This reduced the per-participant parameter count from 88 to 24, ameliorating
the adverse e ects of correcting inferential test statistics for multiple testing. Using mixed e ects models
with counterfactual marginal predictions and contrasts to make inferences about the one-year changes in the
factors (and Sc.BMD), the main e ects were in general agreement with both the predictions of the bone
adaptation hypotheses for OA pathogenesis and with prior observations with HR-pQCT and clinical CT.
Following injury, small but persistent de cits in trabecular bone density were found in the injured tibia along
with severe periarticular structural degradation in the injured femur and tibia. Following surgery, small but
persistent de cits in trabecular density and thickness were found in the injured tibia with tentative evidence
of early subchondral bone plate densi cation in the injured femur and tibia. Most strikingly, there were no
statistically signi cant or clinically pertinent contrasts for bone microarchitectural changes that depended
on any of the controlled-for OA risk factors, which included sex, age at time of surgery, meniscus injury,
resection, or repair, and time delay between injury and surgery. However, there were signi cant contrasts that
depended on the state of the microarchitecture at the time of baseline imaging, approximately six weeks from
injury or surgery. This novel combination of observations suggests that the e ect some OA risk factors on

pathological bone adaptations may be mediated through the baseline microarchitectural state.
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8.2.2 Challenges and Limitations

The unilateral development of automated tools for data analysis with the intention of dissemination and
hope for adoption outside of one’s research center introduces several challenges. First and foremost is data
availability, both for training deep learning models and for validating work ow outputs. In this thesis, all
data was exclusively sourced from the University of Calgary and all reference segmentations and analyses
were generated or performed by a small handful of local graduate students. While the geographic and
ethnic homogeneity of our training and testing datasets is not a problem for inferences made on our local
population, it may be a problem if applied to other centers around the world. Further, the models are trained
to create outputs that emulate those produced by the individuals that created the training data, which poses a
problem for potential adopters where existing protocols and standard operating procedures di er from ours.
The development and validation of the methods was conducted with limited or no feedback or input from
external stakeholders in the larger HR-pQCT research community, a typical research practice for preliminary
development or proof-of-concept projects, but perhaps not su cient for the development of tools intended to
standardize data processing methodologies across centers. The work ows lack rigorous quality control and
assurance structures, including methodologies for post-implementation performance monitoring, automated
output quality checks, or standard procedures for updating components of the work ow to compensate for
future data or concept drift. Finally, the performance of the work ows have been evaluated in a global
context, but have not been evaluated for fairness and bias to determine if there are di erences in performance
dependent on sex, age, ethnicity, geographic location, scanner, etc. The lack of bias evaluation could be
partially solved by using training and testing data from multiple research centers, but future projects should
also leverage a relevant Al fairness framework or protocol to safeguard against the possibility of degraded
performance for under-represented groups (Jui and Rivas, 2024). All of these factors combine to limit external
adoption of the methods developed in this thesis to date.

A major challenge when working with knee HR-pQCT images is the size of the datasets. Every knee
HR-pQCT image is six times larger axially, and two to four times larger in each transverse direction, than a
standard distal radius or tibia image. This size di erence introduces computational challenges in automatic
processing in terms of storage and processing requirements and wall clock time for data transfers and
computations. However, this size also introduces signi cant challenges for manual processing work ows

originally developed for much smaller images, including standard data checking, motion scoring, contour
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correction, etc. For example, it is not clear whether a standard operating procedure for motion scoring
developed for the standard distal sites can be readily applied to knee images that are composed of six ‘stacked’
individual images, each of which may have di erent overall severity of motion (having been imaged minutes
apart), and within which the e ect of motion may be spatially heterogeneous. In addition, standard protocols
for segmentation inspection and correction for distal sites were developed with the certainty that the endosteal
and periosteal surfaces were axially aligned deformed cylinders and as such could be edited as lines on axial
slices, and smoothly interpolated over multiples of axial slices. These assumptions are violated by the highly
3D tibial plateaus and femoral condyles, and the extremely high resolution and large size of these images
also make standard voxel-painting segmentation correction programs (e.g. ITK-Snap, ITK-Gem, 3D Slicer)
not particularly appealing or tenable alternative solutions for generating large volumes of highly accurate
segmentations.

A corollary challenge is the size of the anatomy itself: both the femur and tibia are two to four times as
wide as the radius or tibia in the transverse plane, and of course this is the direction through which X-rays are
projected during imaging. It has been shown by Wu et al. (2020) that excess tissue can cause beam hardening
on HR-pQCT imaging, leading to non-physical spatial uctuations in apparent density. These uctuations
were also shown to be exacerbated by out-of- eld-of-view artifacts, which are a common problem when
imaging larger knees with HR-pQCT, or when a recent injury or surgery prevents full extension of the knee to
0 of exion (resulting in large portions of the injured-side patella escaping the eld of view even for some
individuals whose contralateral knee ts comfortably within the eld of view). It has also been recently
shown by de Bakker et al. (2022) that edema-like concentrations of uid in bone marrow (e.g. traumatic
BMLs, typical following ACL injury) can have unpredictable e ects on apparent densities on HR-pQCT.
The con uence of these e ects bring in to question the physical validity of measurements of trabecular bone
segmentation-based parameters, i.e. Th.Th, Tb.Sp, Th.N, BV/TV, SMI, Conn.D, etc. While a preliminary
validation study using cadavers by Keen et al. (2021) found that parameters measured at a nominal spatial
resolution of 60.7 “m corresponded well to those measured at 30.3 “m with an ex vivo imaging protocol,
the same systematic errors caused by beam hardening would be present in both imaging modes and are not
accounted for by this validation study design. Knee HR-pQCT quantitative metrics of bone microarchitecture
measured in vivo have yet to be validated against true gold standard reference imaging methods such as 3D
histology or “CT. The accuracy of the trabecular bone segmentation would be of critical importance for the

future application of voxel-based “FE to the knee, which has been preliminarily demonstrated by Shtil (2019),
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Knowles et al. (2021), and Knowles et al. (2022a).

Finally, there were numerous challenges and limitations with the study presented in Chapter 7. First, the
‘chronicity’ variable (time delay between injury and surgery) was confounded due to the design of the one-year
study: chronicity described not just the time delay between injury and surgery but also the time between the
post-surgery follow-up and the initial injury (plus one year). Therefore, chronicity-based contrasts could be
attributable to the surgery delay, or could be related to normal bone adaptations that occur further in time
from the original injury. Second, the measurements taken at baseline in the post-injury and post-surgery
groups were in reality taken an approximate average of 30 and 45 days after injury and surgery, respectively.
Given the ndings of Kroker et al. (2019) that peak changes in bone density occur as soon as a few months
after injury, it is likely that some changes have occurred in the rst month and are unaccounted for by this
statistical design. This limitation will be mitigated in the future when additional data points are available and
a true longitudinal change model can be used. The use of EFA to bundle parameters into factors is likely a
somewhat conservative approach that precludes the possibility of detecting subtle di erences in changes in
microarchitectural parameters that have been bundled together. An alternative approach to avoid this could
be to modify the number and de nition of the periarticular ROIs to produce non-correlated parameters (if
possible). For example, Figure 7.5 and Table 7.3 show that for Tb.BMD, Th.Sp, and Th.Th, the respective
Shallow and Middle compartments values are highly correlated (R2 = 0.85, 0.86, 0.82), indicating that these
compartments could be combined, or that the shallow compartment could be extended. Alternately, it may be
fruitful to reduce the measured parameter count to focus exclusively on the parameters required to test the
study-speci ¢ hypotheses (in this case, Sc.BMD, Sc.Th, Th.BMD, and Th.Sp), or to use hierarchical nested
hypotheses, as suggested by Whittier et al. (2020c). Further, the communality of Sc.Th in the EFA is only
0.56, which would ideally be higher to indicate it is more related to shallow Th.BMD and Th.Th, or lower to
indicate it is independent and should be separated from the EFA along with Sc.BMD. This quasi-correlation
is likely at least partially attributable to endosteal segmentation issues, and in future work it would be worth
exploring methods to improve the the subchondral bone plate segmentation (e.g. the methods of Chapter 6)
to mitigate this. In this study, the e ects of traumatic BMLs were not considered, nor were changes in medial
versus lateral compartments modelled separately. While the e ects of BMLs on their own local environment is
well-established (Kroker et al., 2019), it is not clear if the presence of a BML a ects the long-term periarticular
bone adaptations within the compartment (or even in both compartments). Future studies could incorporate

the presence, locality, and size of BMLs into the microarchitectural parameter models as additional xed
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e ects. While BMI is a pertinent risk factor for OA development, a major limitation of imaging the knee
with HR-pQCT is the restrictive eld of view, which limits clinical cohorts to individuals at a small range of
BMIs. Further, while surgical technique scoring has shown promise for predicting post-surgical OA incidence
(Rothrau et al., 2020), it could not be included in the statistical models for this study as the surgical reports

did not consistently contain su cient information to assign a reliable score for all surgeries in the cohort.

8.3 Future Directions

There are many exciting possibilities for future work to address the above limitations and to further build on

the work in this thesis.

8.3.1 Automated HR-pQCT Analysis
8.3.1.1 AutoML Approaches

The landscape of biomedical image segmentation has changed signi cantly since the start of this research
project. Today, the default approach for green eld development of an image segmentation model should
be to rst leverage one of the many ‘auto ML’ tools available, such as nnU-Net (Isensee et al., 2021), with
a preliminary focus of e ort on data curation and quality management before moving to development of
more complex segmentation models. If more complex segmentation models are required, it is interesting
to note that each of the ve segmentation models described in the literature review, and used in Chapter
5, share in common that they have an encoder that takes an input image and encodes its salient features
into a latent space with low spatial resolution and a high feature dimensionality, a decoder that converts the
latent space to a segmentation with a high spatial resolution and a (relatively) low feature dimensionality,
and some method(s) for supervising the output using a combination of the input and target outputs. In
each speci ¢ model, the components are instantiated in a speci ¢ way, but we can notice that many of
these instantiations are theoretically modular and could be mixed and matched between architectures. For
example, one could imagine a UNet++ or UNET-R that has a VAE attached to the latent space (as in the
SegResNetVVAE), and any segmentation model, not just a standard UNet, could be used as the segmentor
within the SeGAN optimization framework. In the future, with easier access to computational resources
and relatively stable computational requirements for training a segmentation model for a given task, it may

be feasible to do away with selecting a speci c architecture and instead search over the space of possible
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combinations of architectural components. This has been implemented in a primordial format by Isensee
et al. (2021) with nnU-Net, which uses a basic UNet structure and selects an optimal depth and sequence of
features, between 2D and 3D, and between a standard con guration and between a standard or a ‘cascading’
UNet framework (Liu et al., 2019). Future iterations of ‘auto-ML’ solutions for medical image segmentation
could be developed to expand the architecture search to include the above-mentioned architectural variations

in the encoder, decoder, overall framework, and more.

8.3.1.2 Foundation Models

There are also starting to be ‘“foundation’ models available for medical image segmentation, such as MedSAM,
which was trained on 1.5 million image-segmentation pairs across many modalities (Ma et al., 2024), or
Med-SAM 2 (Zhu et al., 2024), which leverages the one-shot promptable capability of Meta’s SAM2 to
segment arbitrary structures in videos towards medical image segmentation, treating the 3D sequence of
slices in a medical image as a video. These foundation models can be used as-is, if performance is su cient,
or can be ne-tuned for speci c tasks using either existing (relatively smaller) well-annotated datasets, or
using active learning by performing inference on new images, correcting the outputs as required, and updating
the model continuously. These transfer learning techniques combined with active learning strategies and
multitask objectives could lower the barriers to entry and lead to rapid advances in the generalizability and
reliability of deep learning models for biomedical image analysis, including for HR-pQCT. There are also
emerging prototype large generalist vision-text fusion models, such as BiomedGPT (Zhang et al., 2024),
trained on large datasets of images with associated text and classi cations. As available datasets scale, it may
one day be feasible for large promptable generalist models to be capable of segmenting arbitrary structures in
medical images (e.g. bone, cartilage, contact surfaces, erosions, osteophytes, etc.) to facilitate automated and

easily extensible quantitative analysis of HR-pQCT images.

8.3.1.3 Multicenter Collaboration

The challenges with unilateral development of automated work ows could be addressed by enhanced
multicenter collaboration. One possibility is for more centers to make their datasets publicly available, to
facilitate the assemblage of a large heterogeneous dataset for developers to use for training and validation.
Alternatively, a coordinated multicenter research initiative could use federated learning to train a large model

on siloed data from many participating centers. To improve public trust in the developed automated methods,
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Figure 8.1: The deviation between the measured Th.BV/TV and the predicted Th.BV/TV assuming plate-like

or rod-like trabeculae (plate geometry or cylinder geometry) versus SMI, Conn.D, and the measured Th.BV/TV

itself. The measured data are scattered in light grey and a locally weighted scatterplot smoothing (LOWESS)
tted line is shown in grey.

portions of datasets could be kept private to validate the nal model developed, if developed collaboratively,
or for nal validation of submitted models and/or work ows from many centers via an organized competition.
Finally, it would be necessary to establish a formal governance structure for standardized analysis models,
engaging stakeholders across the eld to have input into how the performance of these segmentation models
and analysis work ows is evaluated before and after implementation and release and constructing protocols

for adverse event tracking and continuous model updates to compensate for drift-related performance changes.

8.3.2 Trabecular Microarchitectural Parameters

In Chapter 4 it was demonstrated that Th.BV/TV is fundamentally linked to Th.Th, Th.Sp, and Th.N by

geometry and it was argued that these four parameters in reality only represent only two degrees of freedom
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of the trabecular microarchitecture. However, in retrospect it is possible that one or more additional degree of

freedom are embedded in the geometric relationships. For example, it was claimed that:

TbTh Y
Th.BV/TV = ToTh . ThSp (8.1)
with 1 c2and1l U 2. Thereisroom for variation for and U within those inequalities, and

it could be argued that therefore Th.BV/TV remains a meaningful independent parameter whose variation
within those bounds provides insight into the topology of the trabecular network. However, there already exist
parameters that quantify the topology of the network, if one is speci cally interested in this, e.g. structural
model index (SMI), connectivity density (Conn.D), degree of anisotropy (DA), etc. It would therefore be very
interesting to instead posit, for example:

TbTh M

Th.BV/TV = 6,SMI ToTh . TbSp (8.2)

where 6 and 5 are functions that smoothly map from SMI to appropriate values of and U corresponding
to the geometry described by that value of SMI. Figure 8.1 shows plots of the di erence versus observed
Th.BV/TV and the models, assuming fully cylindrical (rods) or plate-like trabecular geometry. While some
portion of the discrepancy is likely due to measurement error, partial volume e ects, and other random
errors, these plots are suggestive that a component of the discrepancy is systematic and due to network
topology. Development and investigation of further, more complex hypotheses for the physical and statistical
interdependencies of a larger set of trabecular microarchitectural parameters is an interesting avenue for

further research.

8.3.3 Cortical Bone Mapping

Chapter 6 introduces a global approach for Cortical Bone Mapping, facilitating regularization of the tted
parameters based on their spatial relationships. While the interpolation and distance-weighted interpolation
methods worked reasonably well, there are many opportunities for evolution and improvements on the

implementation and the regularization methods.
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8.3.3.1 Implementation and Gradient Derivations

A substantial portion of the development e ort for Chapter 6 was dedicated to deriving analytical gradients for
the metric and for the novel regularization constructions (both the interpolation and spatial weighted-distance
regularizations). The need for gradients to be analytically derived, translated to code, and rigorously tested is
a major barrier to experimentation and extension of the global CBM method with new formulations for the
model, the form of the main error term, or new regulatizations. However, many libraries exist that allow
for the automatic computation of analytical gradients of functions with respect to a set of model parameters
including torch, jax, and sympy. Porting components of, or the entire, current open-source implementation
of global CBM to one of these libraries would facilitate more e cient further development of novel CBM

advancements.

8.3.3.2 Angle Defect Curvature Approximation

In the conclusion of Chapter 6, it is suggested that a sensible direction for future work would be to regularize
the model parameters based on the surface curvature, rather than by simply penalizing the di erence between
the value of a parameter at a node and the distance-weighted average of parameter values at nearby nodes. One
justi cation for this would be that local variations in the parameter < (distance from preliminary surface to
the center of the cortical bone) are dependent on variations in the preliminary segmentation, while variations
in curvature are intrinsic to the surface itself. Another justi cation would be that regularizing the model based
on curvature connects the selection and justi cation of the model- tting parameters (including regularization)
parameters to anatomy, allowing for empirically derived, site-speci c standards that could concievably be
modality- and resolution-independent.

Arguably the simplest way to approximate Gaussian curvature is to use the angle defect approximation
(Borrelli et al., 2003):

l 13
N —>2C Wsg - fi (8.3)
8

« .9 2"2np,8" <

where %y is the approximate Gaussian curvature at surface node 8, np,8” is a list of index pairs of surface
nodes that form triangles with node 8 (‘neighbour pairs’), Wgg- is the angle \ 98:, and  is an area associated
to surface node 8. The angles can be computed from the 3D point coordinates using the Euclidean de nition

of the dot product (rearranged):
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!
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where 7?3, ?4, ?. are the surface node coordinate vectors. Each of these coordinate vectors can be

computed from the parameters of the CBM model:

_ gﬁe, <3,

NS>

%3 periosteal node;
(8.6)

i =

gﬁg , <s 2 % endosteal node

Here, Bg is the coordinate of the original surface node 8§, <g and (3 are CBM parameters (distance to the
center and thickness of the cortical bone, respectively), and #; is the normal vector at surface node 8. These
equations could all be substituted back to the angle defect formula to derive an expression for the approximate
Gaussian surface curvature at each surface node in terms of the surface mesh geometry and CBM parameters?.
There are at least two possible methods to incorporate the Gaussian curvature into the CBM model
objective function for regularization. One would be to de ne a regularization loss based on the total curvature:

L = Ng (87)

Motal —
8

Conversely, it may be that curvatures within a certain range are physiologically common and should
be allowable, while ‘extreme’ curvatures beyond a certain threshold should be penalized. A second option
for integrating curvature as a regularization loss would then be similar to the curvature regularization loss

function introduced in Chapter 3 (equation 3.10), to penalize surface curvatures that exceed a threshold

(Athresh ) .

A 2
Lr, . =_  RelLU d

A,
thresh A
8 thresh

1 (8.8)

1Using the cross-product 3D triangle area formula and assigning one third of the area of each triangle to each of its nodes.
2This substitution is not performed here because it is quite unwieldy and unnecessary at this conceptual stage.
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The threshold for curvature penalization, "“wresh, Ccould be selected based on a combination of the
(site-speci c) tolerable / expected curvature of the endosteal or periosteal surface and also on an estimate

(possibly even a local estimate) of the angle defect approximation error (Hartig, 2021).

8.3.3.3 An Alternative Method For Bone Segmentation Correction

In addition to the possibility discussed in the above section, it is likely that other methods could be
developed using more sophisticated Gaussian curvature approximations. However, regardless of the method
of regularization, based on the results in Chapter 6, it seems plausible that the best route to robust, accurate,
physiologically valid, and tunable segmentation of bone in CT lies in the combination of a highly robust
automated segmentation algorithm that can achieve a crude preliminary segmentation, paired with a tunable,
regularized implementation of CBM to re ne the segmentation according to a physiologically informed prior
about the properties of the surface. While in this thesis, only the precision and accuracy of the thickness
measurements themselves were validated, it would also be interesting to develop CBM-based work ows for
segmentation that do not rely on highly accurate segmentations either from deep learning models or from
human inspection and correction, and investigate both the accuracy and repeatability of the CBM-based

segmentations and the accuracy and precision of the subsequent quantitative morphological analyses.

8.3.3.4 Automated Detection of Erosions or Osteophytes

Detection and morphometric analysis of erosions is important in the study of hand OA, and an automated
method for detecting and labelling osteophytes (bony outgrowths) on knee HR-pQCT images would be
valuable for detecting signs of OA development. Methods for automatic erosion detection have been recently
developed by Lauze et al. (2019), Figueiredo et al. (2018), Zhao et al. (2022), and Zhang et al. (2023). These
methods generally either use a tight periosteal segmentation combined with a curvature threshold (de ning an
erosion as a region of high concavity), or use a loose segmentation combined with morphometric operations
to nd erosions (and cortical breaks) within the segmentation. The CBM method could potentially also be
utilized to identify erosions by progressively tightening or relaxing the regularization of the model parameters
and detecting regions where there are large changes in surface curvature: at erosion or osteophyte sites an
under-regularized CBM-derived periosteal surface should conform to the contours of the pathological feature,

while with over-regularization, the surface should smoothly pass through the osteophyte or over the erosion.
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Distance-based thresholds for surface deformity paired with curvature-based osteophyte/erosion classi cation

could be an e ective method for automated detection and segmentation.

8.3.4 Quantitative Analysis of Knee HR-pQCT Image Data

There are several avenues for further research into improvements in the methodologies for measurement and
analysis of bone microarchitecture in knee HR-pQCT images, and in further application of these methodologies
to investigate biomechanical theories for OA pathogenesis.

First, as mentioned previously, there are unique challenges in the knee HR-pQCT image data, including
edema-like uid concentration, beam hardening, and out-of- eld-of-view artifacts, that prevent well-veri ed
methods for trabecular bone segmentation at distal sites from translating to the knee with the assumption that
the same level of accuracy and consistency will hold. There are two possible strategies for alleviating these
concerns, which could be applied in isolation or in concert. One approach would be to incorporate beam
hardening compensation (and possibly other artifact compensation techniques) into either post-reconstruction
post-processing, or into the reconstruction algorithm itself. HR-pQCT images are still reconstructed using

Itered backprojection (FBP), but iterative reconstruction algorithms that incorporate beam hardening
correction have been developed in the past few decades (Jin et al., 2015; Hsieh et al., 2000; Kyriakou et al.,
2010; Van Gompel et al., 2011). By incorporating information about the imaging system, scattering physics,
and other models, iterative reconstruction techniques are able to improve image quality and/or reduce the
required dose for a given image quality. Development, implementation, comparison (to FBP and gold standard
reference imaging methods), and validation of iterative reconstruction algorithms could mitigate the image
quality issues prevalent in knee HR-pQCT images. Another approach could be to develop and validate new
methods for trabecular bone segmentation that are less sensitive to global and/or local density uctuations.
While the standard method of Gaussian smoothing and global threshold binarization works well for the
distal sites, given the unique challenges in segmenting trabecular bone in knee HR-pQCT images, more
sophisticated methods may be required. Candidate trabecular bone segmentation algorithms could include
the Laplace-Hamming segmentation lter (Sadoughi et al., 2023), Otsu’s method (Goh et al., 2018), Gaussian
mixture modelling (Nguyen and Wu, 2013), or adaptive local thresholding (Mys et al., 2022). Investigations of
these methods could use existing datasets for evaluation of improvements in in vivo repeat-imaging precision

and ex vivo convergence with increasing spatial resolution, and could also incorporate strength metrics from
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Figure 8.2: Imaging protocol for the SALTACII longitudinal observational cohort study from which data was
sampled for Chapter 7.

voxel-based “FE.

Figure 8.2 shows the imaging schedule for the SALTACII study: the on-going longitudinal observational
cohort study that recruits participants approximately within six weeks from ACL injury and follows them
annually for three years, including participants who opt to undergo ACL reconstructive surgery. In the next two
years, the  rst phase of this study will be completed, and true longitudinal modelling approaches can be applied
to investigate the dynamic adaptations of the periarticular bone microarchitecture in the femur and tibia that
follow ACL injury and surgery. Access to multiple timepoints will allow for a statistical model design wherein
the e ect of surgery delay is not confounded and can be analyzed independently, and where the variance
in unit-level imaging appointment timings can be accounted for (unlike in the ANCOVA-like model design
used out of necessity in Chapter 7). The longitudinal analysis can also incorporate recent methodological
developments for automated detection of BMLs (Stirling et al., 2024) and quanti cation of void spaces,
strength-based measures from voxel-based “FE (Knowles et al., 2021), and possibly other measures of the
geometry and topology of the bone, such as statistical shape modelling approaches for quantifying changes in
bone shape (Hunter et al., 2014b). Combined with data reduction techniques, to maintain statistical power,
these measurements could provide a holistic description of the macro- and microarchitectural changes that
occur in the femur and tibia following ACL injury and surgery.

Finally, while investigations of the short-term bone adaptions that occur following ACL injury are

very interesting and well-supported by biomechanical pathogenesis theory, post-injury and/or post-surgery
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microarchitectural adaptations have yet to be directly linked to even early signs of the development of
symptomatic knee OA. The ultimate goal of this line of research is to gain insight into the pathogenesis of
OA, while observations of the patterns of adaptation that directly follow injury are a mere intermediary,
or instrumental, goal. The ultimate goal of investigating OA pathogenesis directly could be addressed by
extending the duration of observational longitudinal studies with post-ACL injury participants, imaging
the early changes at the knee with HR-pQCT and conducting longer-term follow-ups evaluating OA-related
quality of life metrics using questionnaires (which could be delivered and answered digitally) and measuring
clinical OA signs with periodic imaging follow-ups with standard, widely available, and low-burden imaging
modalities, e.g. MRI for evaluating cartilage, clinical radiography for detecting joint space narrowing and
osteophytes. Collecting data on both the early microarchitectural changes and long-term incidences of OA
development (including the delay between injury/surgery and OA incidence) on the same cohort would
allow the application survival analysis methodologies (Whittier et al., 2023a; Lu et al., 2023), facilitating the
development of predictive models and allowing for more direct testing of bone adaptation OA pathogenesis

theories with data that directly connect injury-related bone adaptations to OA development.

8.4 Conclusion

Knee OA is a devastating and proli c disease that is di cult to study experimentally. By the time a
patient is symptomatic, often the damage is irreparable. At the same time, the dynamic and multifactorial
nature of the (theorized) pathogenesis mechanisms is such that it is di cult, or impossible, to identify
early warning biomarkers retrospectively. ACL injuries are strongly linked to early and increased incidence
of OA, and as such, provide a window of opportunity to study tissue changes that may be a part of OA
pathogenesis. HR-pQCT is uniquely positioned to study one speci c, but important, theorized component of
OA pathogenesis: the adaptations of the bone microarchitecture in the vicinity of the osteochondral junction.
The modular framework and methods developed in this thesis for knee HR-pQCT aim to improve the quality
and e ciency of analysis of this image data, to facilitate larger and longer studies. If prior work already laid
the foundation for knee HR-pQCT research, this thesis has ‘framed the house.” There are many exciting
opportunities both for the application of the methods shown here and for the improvement or complete

overhaul or replacement of components.
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Appendix A: Datasets

This appendix documents all of the sources of data used in the thesis.

Table Al: List of datasets with basic demographic data, location of usage in this thesis, and references where
applicable for external data from prior work.

Label N Sex Median Age Images Used In Reference
NORM 1244 772 F 472 M 56 1243 dR, 1245dT  Chapters 3,4,5  Whittier et al. (2020a)
HIPFX 110 85F 25M 72 109 dR, 176 dT Chapters 3, 4,5  Whittier et al. (2020b)

PRECXTII 90 44F, 46 M 64 2x71 dR, 2x85 dT Chapters 3, 6 Manske et al. (2017),
Whittier et al. (2021)
ATHLETES 80 44 F, 36 M 24 103 dR, 111dT Chapter 4 Burt et al. (2022),
Whatt et al. (2023)
SALTAC 31 21F 10M 31 131 dF, 131 pT Chapter 5 Kroker et al. (2019)
KNEEVAL (ex vivo) 12 5F,7M 72 12 dF Chapter 5 Keen et al. (2021)
CONMED 35 14F 21 M 35 70 dF, 70 pT Chapter 5 Kroker et al. (2018b)
PREOA 29 29F,0M 28 58 dF, 58 pT Chapter 5 Kroker et al. (2018a)
TRIKNEE 29 19F, 10 M 24 3x29 pT Chapters 5, 6 N/A
SALTACII 62 43F, 19 M 35 220 dF, 232 pT Chapter 7 N/A

dR: distal radius, dT: distal tibia, dF: distal femur, pT: proximal tibia.
‘XxY” indicates X repeats of each of the Y unique images.
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Appendix B: Supplementary Tables and
Figures for Chapter 3

The subsequent pages contain tables and gures that were originally included in the supplemental material for

Neeteson et al. (2023).
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Appendix B: Supplementary Tables and Figures for Chapter 3

Figure B1: Linear regression and Bland-Altman plots comparing results of morphometric analysis using
predicted and reference masks for Tt.BMD, Ct.BMD, Th.BMD, Ct.Th, Ct.Po, and Th.N.
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Appendix B: Supplementary Tables and Figures for Chapter 3

Figure B2: Linear regression and Bland-Altman plots comparing results of morphometric analysis using
predicted and reference masks for Th.BV/TV, Th.Th, Th.Sp, Tt.Ar, Ct.Ar, and Th.Ar.
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Appendix B: Supplementary Tables and Figures for Chapter 3

Table B1: Results of linear regression and Bland-Altman analysis on the samples in the held-out test dataset
with reference cortical thickness in the bottom 25% for each scan site ( low cortical thickness ), comparing
the predicted morphometric outputs, obtained using predicted segmentations, and the reference morphometric
outputs, obtained using reference segmentations.

Bland-Altman Linear Regression
Mean Error 1 1 2
(95% LOAO) Slope (95% C.I.7) Intercept (95% C.1.7) R

Radius (n=46)

Tt.BMD mg HA/cm® 1.0 (-0.2,2.2) 0.990 (0.987,0.993) 3.4(26,4.2) >0.999
Ct.BMD mg HA/cm®  -8.6 (-31.4, 14.2) 1.010 (0.956,1.065) -17 (-63, 29) 0.968
Th.BMD mg HA/cm®  -0.2 (-3.7, 3.3) 0.986 (0.974,0.998) 1.5(-0.1,3.1) 0.998
Ct.Th mm 0.00 (-0.05, 0.04) 0.921 (0.850,0.991)  0.060 ( 0.004, 0.116) 0.937
Ct.Po % -0.03 (-0.30, 0.23) 0.887 (0.835,0.939)  0.054 ( 0.001, 0.106) 0.962
Th.BVITV % -0.030 (-0.522, 0.462) 0.984 (0.971,0.997)  0.248 (0.008, 0.488) 0.998
Th.N mm 1! 0.000 (-0.002, 0.002) 1.001 (1.000,1.002)  -0.001 (-0.003, 0.000)  >0.999
Th.Th mm -0.000 (-0.006, 0.005) 0.909 (0.845,0.973)  0.020 ( 0.006, 0.034) 0.946
Th.Sp mm -0.000 (-0.003, 0.002) 0.999 (0.998,1.000)  0.000 (-0.000, 0.001) >0.999
Tt.Ar mm? 1.1(-0.3,2.4) 1.000 (0.996,1.005)  0.97 (-0.29, 2.22) >0.999
Ct.Ar mm? 0.9 (-1.9,3.7) 0.955 (0.895,1.016)  2.99 ( 0.13, 5.84) 0.956
Th.Ar mm? 0.1(-2.4,2.7) 0.993 (0.984,1.002)  1.77 (-0.35, 3.88) 0.999
Tibia (n=50)

Tt.BMD mg HA/cm® 0.1 (-0.2, 0.5) 0.998 (0.997,0.999) 0.6 (0.3,0.9) >0.999
Ct.BMD mg HA/cm3 0.3 (-19.6, 20.3) 0.989 (0.960,1.018) 9.3 (-14.5, 33.0) 0.989
Th.BMD mg HA/cm® 0.4 (-3.4,2.6) 0.991 (0.979,1.003) 0.9 (-0.8, 2.6) 0.998
Ct.Th mm 0.002 (-0.069, 0.073) 0.927 (0.856,0.998)  0.083 ( 0.003, 0.163) 0.931
Ct.Po % -0.025 (-0.627, 0.576) 0.984 (0.940,1.028)  0.025 (-0.139, 0.189) 0.976
Th.BVITV % -0.054 (-0.455, 0.347) 0.989 (0.977,1.000)  0.186 (-0.059, 0.432) 0.998
Th.N mm 1 -0.000 (-0.004, 0.004) 0.999 (0.997,1.002)  0.001 (-0.002, 0.004) >0.999
Th.Th mm -0.001 (-0.006, 0.004) 0.917 (0.884,0.951)  0.019 ( 0.011, 0.027) 0.984
Th.Sp mm -0.000 (-0.002, 0.002) 0.999 (0.997,1.000)  0.001 (-0.000, 0.002) >0.999
Tt.Ar mm? 0.4 (-0.4,1.3) 1.000 (0.999,1.001)  0.26 (-0.53, 1.06) >0.999
Ct.Ar mm? 0.3(-5.9,6.4) 0.901 (0.849,0.953)  10.16 ( 4.89, 15.43) 0.960
Th.Ar mm? 0.1(-5.9,6.1) 1.007 (0.999,1.015)  -4.56 (-9.64, 0.52) 0.999

0 95% limits of agreement (LOA) are the mean error plus or minus 1.96 times the standard deviation of the errors. 1 95% con dence interval (C.1.)
are the estimated slope or intercept plus or minus 1.96 times the estimated standard error of the estimate, as reported by statsmodels’ ordinary least
squares (OLS) linear regressor after being t to the data.
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Table B2: Results of linear regression and Bland-Altman analysis on the samples in the held-out test dataset
with reference cortical porosity in the top 25% for each scan site ( high cortical porosity ), comparing the
predicted morphometric outputs, obtained using predicted segmentations, and the reference morphometric
outputs, obtained using reference segmentations.

Bland-Altman Linear Regression
Mean Error 1 1 2
(95% LOAO) Slope (95% C.I.7) Intercept (95% C.1.7) R

Radius (n=46)

Tt.BMD mg HA/cm® 0.5 (-0.6, 1.6) 0.995 (0.993,0.997) 2.1(1.5,2.7) >0.999
Ct.BMD mg HA/cm® 3.5 (-23.4, 30.5) 0.982 (0.919, 1.045)  18.8(-34.1, 71.7) 0.955
Th.BMD mg HA/cm® 1.0 (-4.7, 6.8) 0.994 (0.975,1.013) 2.1(-1.1,5.3) 0.996
Ct.Th mm -0.025 (-0.091, 0.041) 0.946 (0.901, 0.992)  0.033 (-0.017, 0.083) 0.974
Ct.Po % -0.217 (-0.725, 0.291) 0.813 (0.696, 0.929)  0.116 (-0.102, 0.333) 0.810
Th.BVITV % 0.165 (-0.620, 0.950) 0.994 (0.975, 1.012)  0.308 (-0.126, 0.741) 0.996
Th.N mm 1 0.001 (-0.004, 0.006) 1.000 (0.997,1.002)  0.001 (-0.003, 0.005) >0.999
Th.Th mm 0.001 (-0.008, 0.010) 0.968 (0.897, 1.039)  0.008 ( -0.008, 0.025) 0.942
Th.Sp mm -0.001 (-0.005, 0.003) 0.997 (0.995, 0.999) 0.001 (-0.001,0.002) >0.999
TtAr mm? 0.7 (-0.4,1.8) 1.000 (0.998, 1.002)  0.72 (0.07, 1.36) >0.999
Ct.Ar mm? -0.8 (-5.4,3.8) 0.949 (0.917,0.981)  2.59(0.39, 4.79) 0.987
Th.Ar mm? 14(-3.2,6.1) 1.009 (0.999, 1.020)  -0.72 (-3.19, 1.740) 0.999
Tibia (n=50)

Tt.BMD mg HA/cm® 0.0 (-0.2, 0.3) 0.999 (0.998, 1.000) 0.3 (0.0, 0.5) >0.999
Ct.BMD mg HA/cm® 7.2 (-18.8, 33.3) 0.935 (0.883,0.986) 56.0 (17.3,94.7) 0.963
Th.BMD mg HA/cm® 1.4 (-4.0, 6.9) 0.983 (0.964, 1.002) 4.1(1.0,7.2) 0.995
Ct.Th mm -0.034 (-0.145, 0.077) 0.916 (0.879,0.954)  0.088 ( 0.032, 0.144) 0.979
Ct.Po % -0.217 (-1.156, 0.723) 0.893(0.791, 0.994)  0.382 (-0.199, 0.963) 0.861
Th.BVITV % 0.204 (-0.521, 0.930) 0.981 (0.963, 1.000)  0.641(0.192, 1.091) 0.995
Th.N mm 1 0.001 (-0.006, 0.009) 0.997 (0.992, 1.001)  0.006 ( 0.000, 0.011) >0.999
Th.Th mm 0.001 (-0.007, 0.010) 0.982 (0.931, 1.033)  0.006 (-0.007, 0.019) 0.968
Th.Sp mm -0.001 (-0.006, 0.003) 0.997 (0.994, 1.000)  0.001 (-0.002, 0.003)  >0.999
Tt.Ar mm? 0.3(-0.3,0.9) 1.000 (1.000, 1.001)  0.02 (-0.44, 0.48) >0.999
Ct.Ar mm? -3.0 (-13.5, 7.5) 0.947 (0.907, 0.986)  3.98 (-1.40, 9.35) 0.978
Th.Ar mm? 3.2(-7.2,13.6) 0.992 (0.981, 1.004)  7.86 ( 0.91, 14.81) 0.998

0 95% limits of agreement (LOA) are the mean error plus or minus 1.96 times the standard deviation of the errors. 1 95% con dence interval (C.1.)
are the estimated slope or intercept plus or minus 1.96 times the estimated standard error of the estimate, as reported by statsmodels’ ordinary least

squares (OLS) linear regressor after being t to the data.
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Table B3: Root-mean-square standard deviations (RMS SD) compared between the proposed algorithm
(U-Net) and the current semi-automated gold standard (Standard) segmentation protocols on the held-out

precision dataset.

RMS SD

U-Net®  Standard?®
Radius (n=71)
TtBMD  mgHA/cm® 091 2.01
CttBMD  mgHA/lcm® 241 6.90
Tb.BMD  mgHA/cm®  0.68 0.85
Ct.Th mm 0.0081  0.0092
Ct.Po % 0.081 0.089
Tb.BVITV % 0.18 0.20
Tb.N mm ! 0.021 0.021
Tb.Th mm 0.0015  0.0017
Th.Sp mm 0.0078  0.0080
Tt.Ar mm? 2.24 1.81
Ct.Ar mm? 0.53 0.64
Th.Ar mm? 1.93 2.27
Tibia (n=85)
Tt.BMD mg HA/cm®  1.34 1.35
CtBMD  mgHA/cm®  3.02 3.78
Tb.BMD  mgHA/cm®  1.01 1.11
Ct.Th mm 0.0094  0.0115
Ct.Po % 0.27 0.30
Tb.BVITV % 0.18 0.19
Tb.N mm ! 0.041 0.041
Tb.Th mm 0.0015  0.0018
Th.Sp mm 0.016 0.016
Tt.Ar mm? 2.03 0.99
Ct.Ar mm? 0.51 0.87
Th.Ar mm? 1.78 0.97

0 U-Net: automated segmentation algorithm using a U-Net and morphological post-processing.
1 Standard: Current standard semi-automated segmentation protocol.
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Table B4: Root-mean-square percentage coe cient of variation (RMS %CV) compared between the proposed
algorithm (U-Net) and the current semi-automated gold standard (Standard) segmentation protocols on
samples from the held-out precision dataset in the top quartile for Ct.Po (high porosity) and in the bottom
quartile for Ct. Th (low thickness). Quartiles were extracted separately for each scan site.

RMS %CV (low thickness) ~ Wilcoxon ~ RMS %CV (high porosity) ~ Wilcoxon

U-Net© Standard® pValue  U-Net® Standard® p Value
Radius (n=18, 18)
Tt.BMD mg HA/cm3 0.29 0.92 0.550 0.29 0.30 0.740
Ct.BMD mg HA/cm3 0.26 1.13 0.442 0.19 0.32 0.0122
Th.BMD mg HA/cm3 0.63 0.77 0.072 0.51 0.65 0.463
Ct.Th mm 0.54 0.97 0.0162 0.92 0.95 0.347
Ct.Po % 9.14 14.32 0.0182 751 8.88 0.072
Th.BVITV % 1.43 1.52 1.000 0.86 0.89 0.966
Th.N mm-1 0.92 0.98 0.0032 1.45 1.47 0.442
Th.Th mm 0.64 0.64 0.468 0.65 0.93 0.671
Tb.Sp mm 1.00 1.07 0.181 0.97 0.99 0.369
TtAr mm2 0.95 1.06 0.523 0.74 0.34 0.495
Ct.Ar mm2 1.11 1.74 1.000 0.62 0.75 0.932
Th.Ar mm2 0.95 1.46 0.119 0.94 0.58 0.181
Tibia (n=21, 21)
Tt.BMD mg HA/cm3 0.70 0.72 0.301 0.69 0.71 0.756
Ct.BMD mg HA/cm3 0.43 0.48 0.147 0.44 0.52 0.216
Th.BMD mg HA/cm3 0.86 1.02 0.472 0.82 0.93 0.136
Ct.Th mm 0.74 0.89 0.973 0.66 0.90 0.865
Ct.Po % 9.18 10.36 0.575 9.91 9.05 0.683
Tb.BVITV % 0.99 0.97 0.955 1.06 0.99 0.145
Th.N mm-1 1.80 1.81 0.0192 3.10 311 0.0022
Th.Th mm 0.50 0.66 0.432 0.52 0.69 0.191
Tb.Sp mm 1.13 1.15 0.452 2.10 2.10 0.320
TtAr mm2 0.20 0.09 0.0063 0.31 0.17 0.179
Ct.Ar mm2 0.45 0.87 0.0142 0.41 0.76 <0.0012
Th.Ar mm2 0.24 0.14 0.973 0.33 0.17 0.633

0 U-Net: automated segmentation algorithm using a U-Net and morphological post-processing.

1 Standard: Current standard semi-automated segmentation protocol.

2 Wilcoxon signed-rank test indicates signi cantly lower individual standard deviations with automated segmentation algorithm as compared to the
standard semi-automated protocol.

3 Wilcoxon signed-rank test indicates signi cantly higher individual standard deviations with automated segmentation algorithm as compared to the
standard semi-automated protocol.
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Figure B3: Schematic of the iterative binary segmentation Iter, which is based on an alternating sequential

Iter with connected components Itering interposed between dilations and erosions. ‘Remove Islands’ refers
to performing N 3x3x3 erosions, connected component ltering to keep only the largest connected foreground
region, and N 3x3x3 dilations. ‘Fill Gaps’ refers to performing N 3x3x3 dilations, connected component

Itering to keep only the largest connected background region, and N 3x3x3 erosions. These two operations
alternate with iteratively increasing N until N exceeds Nislands or Ngaps. At this point, if either of Nislands
or Ngaps exceed the other the corresponding operation is applied to the binary mask one nal time with the
corresponding number of erosions and dilations.
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Appendix C: Expected relationship between
Th.BV/TV, Th.Th, and Th.Sp (Chapter 4)

Figure C1: Axial schematic of the synthetic data showing the repeating unit cube that composes the
entire volume. The diagonal of the cube’s axial face and the cylinder diameters are labelled in terms of
microarchitectural parameters.

Figure C1 shows a schematic of the repeating unit cube that composes the entire volume of any given
synthetic bone segmentation used in Chapter 4. The diagonal of this cube is the trabecular thickness and
separation combined. Since we are eventually interested in the ratio of two volumes, we may assume the cube
has unit depth without loss of generality. Therefore, the total volume of this cube, as a function of trabecular
thickness and separation, is:

,Tb.Th, Th.Sp™
Ftotal = 5 P (Cy)
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Each unit cube contains one quarter of a trabecula at the corners. Since all trabeculae are identical and
the diameter of a trabecula is the trabecular thickness, by the de nition of the volume of a spherical cylinder

and again assuming unit depth, the total volume of bone within the unit cube is:

*bone = %Tb-Thz (C2)

Combining equations C1 and C2 with the de nition of bone volume fraction generates a theoretical

expectation for the bone volume fraction in the synthetic data:

+
Tb.BV/TV =20

total
STb.Th?

,Tb.Th, Th.Sp"? (C3)
- 2

c Tb.Th 2
2 Tb.Th, Tb.Sp

This relationship should hold exactly in the synthetic data, and a similar trend should be observed in in

=) Tb.BV/TV =

=) Th.BV/TV =

vivo data if the trabeculae are predominantly rod-like.
Suppose instead that the trabecular network consists only of parallel at plates of equal thickness, Th.Th,
with equal separation between them, Th.Sp. Consider a cubic volume with a cross-section area of and a

height such that the cube contains = plates. The total volume of this cube will be:

+t0ta| == ,,TbTh - TbSp” (C4)

while the volume of bone within the cube will be:

+b0ne == ,,Tb.Th” (C5)

Combining equations C4 and C5 with the de nition of Th.BV/TV yields:

+
Tb.BV/TV =20

+iotal

= ,Tb.Th”

= Tb.Th, Tb.Sp”
Th.Th

Th.Th, Tb.Sp

Equations C3 and C6 are both instances of the same general power-law relationship:

=) Tb.BV/TV =

(C6)

=) Th.BV/TV =
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Tb.Th v
Th.BVITV = ToTh . Thsp (C7)

where =1, U =1 for plate-like trabeculae and = c 2 and U = 2 for rod-like trabeculae. In trabecular
networks with a mixture of geometries, we would expect measured coe cients to lie somewhere between
these extremes. Additionally, the relationships observed in data measured on digital images with discretized
segmentations (rather than idealized geometries), discrepancies between observed and theorized relationships

could arise due to artifacts digital and measurement artifacts.
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Appendix D: Mathematical correspondence
between the hypothesized relationships and
the equations used to derive Th.Sp and
Tb.Thin rst-generation HR-pQCT
(Chapter 4)

In rst-generation XtremeCT, Th.N was measured, Th.BV/TV was derived from Th.BMD, and Th.Sp and
Th.Th were derived from Th.N and Th.BV/TV as follows:

1 Tb.BVITV
TbSp = Tb—N (Dl)
Th.BVITV

Substituting our hypothesized equations for Th.BV/TV into equations D1 and D2, we can show that these
equations are all consistent, assuming that the trabeculae have a plate-like geometry ( =1, U =1).

First, equation D1:
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1 Th.BVITV
ToSp=—R N —
1 TbTh Y
_ _ Tb.Th,Tb.Sp
=) Th.Sp = T
(D3)
=) Th.Sp=Tb.Th, Th.Sp  ,Tb.Th"Y Tb.Th, Th.Sp"* Y
=) Th.Th= ,Tb.Th"Y Tb.Th, Th.Sp™* Y
=>» 1= ,Tb.Th"Y ! Tb.Th, Tbh.Sp"t Y
Next, equation D2:
Tb.BV/TV
TbTh Y
Tb.Th,Tb.Sp
=) Th.Th= -
T.Th, Tb.5p (D4)

=) Th.Th= ,Tb.Th"Y Tb.Th, Th.Sp™* Y

=> 1= ,Tb.Th"Y ! Tb.Th, Th.Sp™t Y
Equations D3 and D4 are the same and hold for all Th.Th and Th.Sp, which must be positive real numbers,

ifandonlyif =2landU=1.

Proof. Equations D3 and D4 must hold for all positive real Th.Th and Th.Sp, so we can set these parameters

to any real positive number and the relation must hold. First, let Tb.Th = Th.Sp = 1, then:

1= ”1"U 1”1 . 11U
=>1= 2tV
= =2V!?
=» 1=,2Tb.Th"Y 1 Tb.Th, Th.Sp"t Y (D)
=) ,Tb.Th, Th.Sp"Y 1= ,2Tb.Th"" !

=» ,U 1"In,Tb.Th, Th.Sp"=,U 1"In,2Th.Th"
Now, let Tb.Th =1 2 and Th.Sp = 3 2, then:
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U 1"In,12,32"=,U 1"Ih,2 12
> .U 1"In,2’=,U 1"In,1"
> ,U 1"In,2"=0 (D6)
D U=1
= =211=20=1

Therefore, the relation is only satis ed when =U=1.
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Appendix E: Pair plots of in vivo and
synthetic microarchitectural parameters

(Chapter 4)
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Appendix E: Pair plots of in vivo and synthetic microarchitectural parameters (Chapter 4)

Figure E1: Pair plot for normalized trabecular thickness, separation, number, and bone volume fraction for
the synthetic and in vivo data. Trabecular thickness and separation are normalized by dividing by voxel size,
and trabecular number is normalized by multiplying by voxel size. Normalization is performed to allow
comparison between datasets. O -diagonal plots show bivariate scatterplots, while diagonal plots show
univariate kernel density estimate plots. The means and standard deviations of the normalized trabecular
thicknesses are 8 (SD 5) and 4.1 (SD 0.5) voxels in the synthetic and measured in vivo (Measured) datasets,
respectively.
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Appendix E: Pair plots of in vivo and synthetic microarchitectural parameters (Chapter 4)

Figure E2: Pair plot for all trabecular microarchitectural parameters, with in vivo data only.
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Appendix F: Explained variance with PCA
with additional semi-synthetic datasets

(Chapter 4)

Further demonstrating the theoretical interdependence described by equations 4.1 and 4.2, two additional
semi-synthetic datasets were constructed. First, a dependent dataset was constructed using trabecular
thickness and separation from the measured in vivo data as inputs to equations 1 and 2 (with =c 2,U =2)
and generating synthetic dependent values for trabecular number and bone volume fraction. Second, an
independent dataset used the measured in vivo trabecular thickness and separation but fully randomly
generated synthetic trabecular number and bone volume fraction values. These were generated by randomly
sampling values from normal distributions with means and standard deviations equal to those observed in the

in vivo distributions of trabecular number and bone volume fraction.
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Figure F1: Explained variance for combinations of Th.Th, Th.Sp, Th.N, and Th.BV/TV for four distinct
datasets. Synthetic: measurements in synthetically generated images. Measured: measurements in in vivo
images from human participants across ve studies. Dependent: Using the measured in vivo Th.Th and
Th.Sp, Th.N and Th.BV/TV are generated using the hypothesized proportionalities in equations 1 and 2.
Independent: Th.Th and Th.Sp are from in vivo measurements, while Tb.N and Th.BV/TV are randomly
generated to ensure statistical independence from Th.Th and Th.Sp.
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Appendix G: Monte Carlo simulations of

clinical data (Chapter 4)

Suppose we plan to measure how two groups di er in trabecular structure. We set the signi cance level at
0.05 (type I error rate: 5%), target a power of 0.8 (type Il error rate: 20%), plan to have equal group sizes, and
predict a standardized e ect size of 0.5 (for Th.Th and Th.Sp). To achieve this, we would require a sample
size of 64. We can perform Monte Carlo simulations to obtain estimates of the actual type | and type Il error
rates in several scenarios: testing only Th.Th, testing Th.Th and Tb.Sp with and without false discovery rate
control, and testing Tb.Th, Th.Sp, Th.N, and Th.BV/TV with and without false discovery rate control. We use
100,000 trials for each experiment and we sample Th.Th and Th.Sp from Gamma distributions with mean and
standard deviation of 0.25 0.03 for Tb.Thand 0.75 0.27 for Th.Sp. When required, Tb.N and Th.BV/TV

are estimated from Th.Th and Tbh.Sp as:

1
Th.N = ToTh . ThSp (G1)

Tb.Th Lar
Th.BV/TV =130 ToTh . ThSp (G2)

The type | error rate can be estimated by generating two (N=64) samples of a variable from the same
distribution (null hypothesis is true), performing a t-test, with and without false discovery rate control where
applicable, and checking how often p  0.05. In the case of multiple variables being tested where the null
hypothesis is true for all variables, a type I error occurs if a single di erence is detected in an experiment.

The type Il error rate can be estimated by generating two (N=64) samples of a variable from two di erent
distributions (null hypothesis is not true), the di erence between them being the predicted standardized e ect

size, performing a t-test, and checking how often p j 0.05. In the case of multiple variables being tested
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where the null hypothesis is false for all variables, type Il errors are counted individually for each variable
being measured. Importantly, when Th.N and Th.BV/TV are derived and used for testing, we do not count a
failure of signi cance of their di erences as a type Il error because these variables will not necessarily have
the same e ect size as Th.Th and Th.Sp. The sample size was selected to power detection of di erences in

Th.Th and Th.Sp, so we are not necessarily powered to nd di erences in Th.N and/or Th.BV/TV.

Table G1: The type | and Il error rates are reported for di erent combinations of variables being tested with
and without false discovery rate (FDR) control, where applicable.

Tested Variables FDR Control ~ Type | Error Rate  Type Il Error Rate
Th.Th N/A 0.052 0.197
Th.Th, Tb.Sp No 0.099 0.198
Th.Th, Th.Sp Yes 0.051 0.215
Th.Th, Th.Sp, Tb.N, Tb.BV/TV No 0.132 0.199
Th.Th, Th.Sp, Th.N, Th.BV/TV Yes 0.041 0.249

The ideal case is to examine a single (primary) variable, and here the type | and type Il error rates are as
expected. With two independent variables (with the same expected e ect size), we can apply false discovery
rate control to maintain the type | error rate at a slight cost to study power, dropping from 0.80to 0.78.
Otherwise, the type | error rate is doubled, as we would expect. With two independent variables and two
additional dependent variables, with false discovery rate control the type I error rate is over-corrected to 0.04
(from 0.05) while study power drops from 0.8to 0.75. Without false discovery rate control, the type |

error rate elevates to 0.13.
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Appendix H: Supplementary Data for

Chapter 5

Table H1: Parameter space for the deformable registration grid sweep. Only the di eomorphic demons type
was considered since it was important that the transformations be invertible. Shrink and smooth factors are
reported as pairs of downsampling factors and Gaussian smoothing sigmas.

Parameter Values
Demons type di eomorphic
Downsampling factor 4,8
Displacement smoothing 1.0,15,2.0
Update smoothing 1.0,15,2.0

Shrink and smooth factors

»,16 8" ,8 4" 42" 21", »,32 16" ,16 8" ,8 4" ,4 2" 2 1".
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Table H2: Parameter space for segmentation model selection when training from scratch on either training
dataset. Parameter values grouped with round brackets indicate a single array of values.

Model, Parameter Values
UNet
Channels (16, 32, 64, 128), (32, 64, 128, 256), (64, 128, 256, 512)
Dropout 0.1,0.3,0.5
Learning rate 10 3,10 *
UNet++
Channels (16, 32, 64, 128), (32, 64, 128, 256), (64, 128, 256, 512)
Dropout 0.1,0.3,0.5
Learning rate 10 3,10 4
SegResNetVAE
Initial Conv Layer Channels 8
Blocks down 1,1,2,4)
Blocks up 1,1,1)
VAE latent variables 256
Dropout 0.1,0.3,0.5
Learning rate 10 3,10 4
UNETR
Channels (64, 128, 256, 512)
Feature size 16
Hidden size 768
Feed-forward layer dimension 3072
Attention heads 12
Dropout 0.1,0.3,0.5
Learning rate 10 3,10 ¢4
SeGAN
Channels (16, 32, 64, 128), (32, 64, 128, 256), (64, 128, 256, 512)
Dropout 0.1,0.3,0.5
Learning rate 10 3,10 4

Table H3: The running times for each step in the work ow were measured on the repeat-measures precision
dataset and are reported as the average and standard deviation (SD) of running times for individual images.

Step Time, Mean (SD) [minutes]
Image conversion from AIM to NiFTI format 1.6 (SD 0.7)

Ensemble inference (bone segmentation) 32 (SD 11)

Bone segmentation post-processing 10 (SD 4)

Atlas-based compartmental segmentation 9(SD 3)

ROI generation 66 (SD 18)

Mask conversion from NiFTI to AIM format 0.7 (SD 0.2)
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Table 11: Clinical CT imaging parameters.

Parameter Speci cation
CT, KUB

kVp 120

mAs [mA] 100 - 700 (depending on height and weight)
slice thickness [mm] 0.8
reconstruction kernel standard

DECT, Knee

Reconstruction FOV diameter [mm]  294-360

Matrix 512 x 512

Slice Thickness [mm] 0.625
Scan-Pitch Ratio 0.984:1

Low energy [kVp] 80

High energy [kVp] 140

Tube current [mA] 630

Rotation Time [s] 0.5

Number of Slices 310-401
Reconstruction algorithm FBP, 30% ASIR
Reconstruction kernel Detail

CTDlyo [mGy] 18.62
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Table 12: Parameter speci cations for the application of the model- tting thickness estimation algorithms to
the KUB and knee clinical CT datasets. Where not speci ed, additional optional parameters of the various
Iters and functions used are left as default.

Parameter KUB Knee
Taubin smoothing iterations 100 100
Taubin smoothing passband 0.01 0.1
Intensity smoothing standard deviation [-] 1 1
Cortical density [HU] 1400 500
Sampling resolution [mm] 0.7 0.7
Residual boost factor (Wo) 15 15
Outside sampling distance [mm] 4 4
Inside sampling distance [mm] 12 12
Thickness initial guess [mm] 2 2
Thickness bounds (min, max) [mm] (0.7, 8) (0.7, 8)
Cortical center distance initial guess [mm] 0 0
Cortical center distance bounds (min, max) [mm] (-3,3) (-3, 3)
Soft tissue intensity initial guess [mg HA / cm?®] 0 0
Soft tissue intensity bounds (min, max) [mg HA / cm?®] (-200, 400) (-200, 400)
Trabecular bone intensity initial guess [mg HA / cm®] 200 200
Trabecular bone intensity bounds (min, max) [mg HA / cm3] (0, 500) (0, 500)
Model standard deviation initial guess [mm] 0.1 0.1
Model standard deviation bounds (min, max) [mm] (0.01,1) (0.01, 1)
Surface normal constraint None None
Optimizer parameters
Max iterations 400 400
Function tolerance 10 © 10 6
Gradient tolerance 10 © 10 6
Regularization method-speci ¢ parameters
Regularization coe cient 0.5 0.5
Regularization standard deviation [mm] 14 14
Neighbours 200 200
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Appendix J: Longitudinal Change
Mixed-E ects Model Formulae (Chapter 7)

There were three factors (Sclerosis, Separation, Deep Density) and one parameter (Sc.BMD) modeled. The

speci ¢ forms of those mixed e ects models were:

Sclerosis 1, ,Injured*PostSurgery” *,,
Baseline Sclerosis + Baseline Separation
+ Baseline Deep Density + Baseline Sc.BMD
+ Female + Age + Injured:MeniscusTear
(J1)
+ Surgery:Chronicity
+ Injured:PostSurgery:MeniscusResected

+ Injured:PostSurgery:MeniscusRepaired

", .1j1D”
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Appendix J: Longitudinal Change Mixed-E ects Model Formulae (Chapter 7)

Separation

Deep Density

and

Sc.BMD

1, ,Injured*PostSurgery” *,,

Baseline Sclerosis + Baseline Separation
+ Baseline Deep Density + Baseline Sc.BMD
+ Female + Age + Injured:MeniscusTear
(J2)
+ Surgery:Chronicity

+ Injured:PostSurgery:MeniscusResected

+ Injured:PostSurgery:MeniscusRepaired

” , ,,1j IDn

1, ,Injured*PostSurgery” *,,

1, ,Injured*PostSurgery” *,

Baseline Sclerosis + Baseline Separation
+ Baseline Deep Density + Baseline Sc.BMD
+ Female + Age + Injured:MeniscusTear
(J3)
+ Surgery:Chronicity

+ Injured:PostSurgery:MeniscusResected

+ Injured:PostSurgery:MeniscusRepaired

", .1jID”

Baseline Sclerosis + Baseline Separation
+ Baseline Deep Density + Baseline Sc.BMD
+ Female + Age + Injured:MeniscusTear
(J4)
+ Surgery:Chronicity

+ Injured:PostSurgery:MeniscusResected

+ Injured:PostSurgery:MeniscusRepaired

", .1jID”
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Appendix J: Longitudinal Change Mixed-E ects Model Formulae (Chapter 7)

In this context, * is the ‘crossing’ operator, which expands out to include the interaction of the crossed

e ects and all sub-interactions. For example:

A*B*C=A,B,C,AB,BC,AC,ABC (J5)

where : is the interaction operator.
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Appendix K: Longitudinal Change
Mixed-E ects Model Coe cients (Chapter 7)
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Appendix K: Longitudinal Change Mixed-E ects Model Coe cients (Chapter 7)

Table K1: Mixed e ect model

xed e ectcoe cients for the Sclerosis factor.

Sclerosis Tibia Femur
Coe cient Coe cient
(Intercept) -0.11 (SEE 0.10) 0.3 (SEE0.2)
Age 0.00 (SEE 0.08)  0.08 (SEE 0.06)
Baseline Deep Density 0.03 (SEE 0.08)  -0.02 (SEE 0.12)
Baseline Sc.BMD -0.07 (SEE 0.08) -0.20 (SEE 0.07)

Baseline Sclerosis

Baseline Separation

Female

Injured

PostSurgery

Injured : Age

Injured : Baseline Deep Density
Injured : Baseline Sc.BMD

Injured : Baseline Sclerosis

Injured : Baseline Separation

Injured : Female

Injured : Meniscus Tear

Injured : PostSurgery

PostSurgery : Age

PostSurgery : Baseline Deep Density
PostSurgery : Baseline Sc.BMD
PostSurgery : Baseline Sclerosis
PostSurgery : Baseline Separation
PostSurgery : Chronicity
PostSurgery : Female
Injured : PostSurgery :
Injured : PostSurgery :
Injured : PostSurgery :
Injured : PostSurgery :
Injured : PostSurgery :
Injured : PostSurgery : Chronicity
Injured : PostSurgery : Female

Injured : PostSurgery : Meniscus Repair
Injured : PostSurgery : Meniscus Resection
Injured : PostSurgery : Meniscus Tear

Age

Baseline Deep Density
Baseline Sc.BMD
Baseline Sclerosis
Baseline Separation

0.10 (SEE 0.08)
0.05 (SEE 0.08)
0.11 (SEE 0.13)
0.05 (SEE 0.12)
0.10 (SEE 0.13)
0.02 (SEE 0.09)
-0.04 (SEE 0.11)
0.19 (SEE 0.11)
-0.16 (SEE 0.10)
-0.23 (SEE 0.11)
-0.37 (SEE 0.15)
0.02 (SEE 0.10)
-0.02 (SEE 0.16)
0.02 (SEE 0.09)
-0.02 (SEE 0.11)
0.04 (SEE 0.10)
-0.05 (SEE 0.09)
-0.07 (SEE 0.09)
-0.02 (SEE 0.04)
-0.09 (SEE 0.16)
-0.05 (SEE 0.10)
0.02 (SEE 0.14)
-0.10 (SEE 0.13)
0.08 (SEE 0.12)
0.32 (SEE 0.12)
-0.01 (SEE 0.04)
0.23 (SEE 0.17)
0.05 (SEE 0.08)
0.08 (SEE 0.12)
0.08 (SEE 0.12)

0.20 (SEE 0.17)
0.25 (SEE 0.12)
0.12 (SEE 0.12)
-0.0 (SEE 0.3)

-0.2 (SEE 0.2)

-0.13 (SEE 0.06)
-0.14 (SEE 0.17)
0.14 (SEE 0.09)
0.2 (SEE 0.2)

-0.20 (SEE 0.16)
-0.34 (SEE 0.13)
0.06 (SEE 0.09)
-0.1 (SEE 0.3)

-0.09 (SEE 0.07)
0.01 (SEE 0.13)
0.20 (SEE 0.08)
-0.18 (SEE 0.19)
-0.27 (SEE 0.13)
-0.01 (SEE 0.03)
-0.14 (SEE 0.14)
0.14 (SEE 0.08)
0.04 (SEE 0.19)
-0.13 (SEE 0.10)
-0.2 (SEE 0.3)

0.34 (SEE 0.17)
0.00 (SEE 0.04)
0.35 (SEE 0.15)
0.01 (SEE 0.07)
0.08 (SEE 0.11)
0.07 (SEE 0.11)

* adjusted Wald test indicates coe cient is statistically signi cantly di erent from zero after correction for each term
across all eight models using the Benjamini-Hochberg procedure.

The LSC of Sclerosis in the tibia was 0.16, and a one unit increase or decrease in Sclerosis correlates to the following
microarchitectural changes: Sc.Th:  0.210 mm, Tb.BMD (shallow, middle): 31.0, 33.0 mg HA/cm?, Th.Th
(shallow, middle): 0.027, 0.042 mm.

Age was normalized using a center value of 35 years and a scaling value of 10 years and chronicity was normalized
using a center value of 180 days and a standard deviation of 120 days.
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Appendix K: Longitudinal Change Mixed-E ects Model Coe cients (Chapter 7)

Table K2: Mixed e ect model xede ectcoe cients for the Separation factor.

Separation Tibia Femur
Coe cient Coe cient
(Intercept) 0.06 (SEE 0.17) 0.4(SEE0.3)
Age 0.01 (SEE 0.12) -0.00 (SEE 0.11)

Baseline Deep Density
Baseline Sc.BMD

0.03 (SEE 0.14)
0.08 (SEE 0.14)

-0.35 (SEE 0.19)
0.05 (SEE 0.12)

Baseline Sclerosis -0.17 (SEE0.12) 0.4 (SEE0.3)
Baseline Separation -0.02 (SEE0.13) 0.1 (SEE0.2)
Female 0.1 (SEE 0.2) -0.1 (SEE 0.2)
Injured 0.22 (SEE0.19) -1.6 (SEE0.4)
PostSurgery -0.0 (SEE 0.2) -0.3 (SEE 0.4)
Injured : Age 0.24 (SEE 0.14)  -0.01 (SEE 0.10)
Injured : Baseline Deep Density -0.17 (SEE 0.18) 1.7 (SEE 0.3)
Injured : Baseline Sc.BMD -0.24 (SEE 0.18) 0.44 (SEE 0.15)
Injured : Baseline Sclerosis 0.28 (SEE0.17) -2.3(SEE0.4)
Injured : Baseline Separation 0.38 (SEE 0.18) 0.3 (SEE0.3)
Injured : Female -0.1 (SEE 0.2) 0.5 (SEE 0.2)
Injured : Meniscus Tear 0.02 (SEE 0.16)  -0.27 (SEE 0.15)
Injured : PostSurgery -0.2 (SEE 0.3) 1.8 (SEE 0.5)
PostSurgery : Age -0.05 (SEE 0.15) 0.04 (SEE 0.13)
PostSurgery : Baseline Deep Density -0.20 (SEE 0.17) 0.1 (SEE0.2)
PostSurgery : Baseline Sc.BMD -0.08 (SEE 0.17) -0.11 (SEE 0.13)
PostSurgery : Baseline Sclerosis 0.19 (SEE 0.15) -0.0 (SEE 0.3)
PostSurgery : Baseline Separation -0.10 (SEE0.14) -0.3(SEE0.2)
PostSurgery : Chronicity 0.04 (SEE 0.06) -0.06 (SEE 0.06)
PostSurgery : Female -0.2 (SEE 0.3) 0.1 (SEE 0.2)
Injured : PostSurgery : Age -0.12 (SEE 0.17) 0.08 (SEE 0.12)
Injured : PostSurgery : Baseline Deep Density 0.4 (SEE 0.2) -1.6 (SEE 0.3)
Injured : PostSurgery : Baseline Sc.BMD 0.2 (SEE0.2) -0.47 (SEE 0.16)
Injured : PostSurgery : Baseline Sclerosis -0.34 (SEE 0.20) 2.5(SEE0.4)
Injured : PostSurgery : Baseline Separation -0.4 (SEE 0.2) -0.6 (SEE 0.3)
Injured : PostSurgery : Chronicity 0.10 (SEE 0.06)  0.05 (SEE 0.06)
Injured : PostSurgery : Female 0.4 (SEE 0.3) -0.5 (SEE 0.2)
Injured : PostSurgery : Meniscus Repair 0.22 (SEE 0.13)  -0.03 (SEE 0.11)
Injured : PostSurgery : Meniscus Resection 0.04 (SEE 0.19) 0.15 (SEE 0.18)
Injured : PostSurgery : Meniscus Tear -0.19 (SEE 0.19) 0.20 (SEE 0.18)

* adjusted Wald test indicates coe cient is statistically signi cantly di erent from zero after correction for each term

across all eight models using the Benjamini-Hochberg procedure.

The LSCs of Separation were 0.60 (medial tibia) and 0.57 (lateral tibia), and a one unit increase or decrease in

Separation correlates to the following microarchitectural changes: Th.Sp (shallow, middle, deep): 0.048, 0.074,
0.094 mm.

Age was normalized using a center value of 35 years and a scaling value of 10 years and chronicity was normalized

using a center value of 180 days and a standard deviation of 120 days.
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Table K3: Mixed e ect model xede ectcoe cients for the Deep Density factor.

Deep Density Tibia Femur
Coe cient Coe cient
(Intercept) -0.09 (SEE 0.13) 0.5 (SEE 0.3)

Age

Baseline Deep Density
Baseline Sc.BMD
Baseline Sclerosis
Baseline Separation
Female

Injured

PostSurgery

Injured : Age

Injured : Baseline Deep Density

Injured : Baseline Sc.BMD
Injured : Baseline Sclerosis

Injured : Baseline Separation

Injured : Female

Injured : Meniscus Tear
Injured ; PostSurgery

PostSurgery :
PostSurgery :
PostSurgery :
PostSurgery :
PostSurgery :
PostSurgery :
PostSurgery :

Age

Baseline Deep Density
Baseline Sc.BMD
Baseline Sclerosis
Baseline Separation
Chronicity

Female

Injured : PostSurgery : Age

Injured : PostSurgery : Baseline Deep Density
Injured : PostSurgery : Baseline Sc.BMD
Injured : PostSurgery : Baseline Sclerosis
Injured : PostSurgery : Baseline Separation
Injured : PostSurgery : Chronicity

Injured : PostSurgery : Female

Injured : PostSurgery : Meniscus Repair
Injured : PostSurgery : Meniscus Resection
Injured : PostSurgery : Meniscus Tear

0.03 (SEE 0.10)
0.03 (SEE 0.11)
-0.12 (SEE 0.10)
0.00 (SEE 0.09)
0.02 (SEE 0.10)
0.10 (SEE 0.16)
-0.04 (SEE 0.14)
0.09 (SEE 0.16)
0.10 (SEE 0.11)
-0.16 (SEE 0.14)
0.34 (SEE 0.13)
0.05 (SEE 0.13)
0.01 (SEE 0.14)
-0.53 (SEE 0.18)
-0.16 (SEE 0.12)
0.22 (SEE 0.19)
0.00 (SEE 0.12)
-0.13 (SEE 0.13)
0.10 (SEE 0.13)
0.08 (SEE 0.11)
-0.08 (SEE 0.11)
-0.02 (SEE 0.05)
-0.2 (SEE 0.2)

-0.06 (SEE 0.12)
0.14 (SEE 0.17)
-0.30 (SEE 0.15)
-0.08 (SEE 0.15)
0.14 (SEE 0.15)
-0.07 (SEE 0.05)
0.3 (SEE 0.2)

0.12 (SEE 0.10)
0.02 (SEE 0.14)
0.10 (SEE 0.14)

0.11 (SEE 0.09)
-0.06 (SEE 0.17)
-0.27 (SEE 0.10)
0.3 (SEE 0.3)
0.47 (SEE 0.18)
0.17 (SEE 0.18)
-0.1 (SEE 0.4)
-0.4 (SEE 0.3)
-0.17 (SEE 0.09)
-0.2 (SEE 0.2)
0.23 (SEE 0.13)
0.2 (SEE 0.3)
-0.3 (SEE 0.2)
-0.31 (SEE 0.19)
0.16 (SEE 0.14)
0.2 (SEE 0.4)
-0.12 (SEE 0.11)
-0.01 (SEE 0.19)
0.23 (SEE 0.11)
-0.3 (SEE 0.3)
-0.51 (SEE 0.19)
-0.03 (SEE 0.05)
-0.2 (SEE 0.2)
0.33 (SEE 0.11)
-0.2 (SEE 0.3)
-0.28 (SEE 0.15)
0.1 (SEE 0.4)
0.3 (SEE 0.2)
-0.01 (SEE 0.05)
0.5 (SEE 0.2)
0.10 (SEE 0.10)
0.06 (SEE 0.16)
-0.14 (SEE 0.16)

* adjusted Wald test indicates coe cient is statistically signi cantly di erent from zero after correction for each term
across all eight models using the Benjamini-Hochberg procedure.

A one unit increase or decrease in Deep Density correlates to the following microarchitectural changes: Th.BMD
(deep): 42.0 mg HA/cm®, Th.Th (deep):  0.022 mm.

Age was normalized using a center value of 35 years and a scaling value of 10 years and chronicity was normalized
using a center value of 180 days and a standard deviation of 120 days.
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Table K4: Mixed e ect model xede ectcoe cients for Sc.BMD.
Sc.BMD Tibia Femur
Coe cient Coe cient
(Intercept) -0.07 (SEE 0.13) 0.2 (SEE 0.4)
Age 0.08 (SEE 0.10)  0.08 (SEE 0.14)
Baseline Deep Density -0.00 (SEE 0.11) 0.2(SEE0.2)
Baseline Sc.BMD -0.13 (SEE 0.11) -0.42 (SEE 0.14)
Baseline Sclerosis 0.06 (SEE 0.09) 0.3(SEE0.3)
Baseline Separation 0.13 (SEE 0.10) 0.6 (SEE0.2)
Female -0.00 (SEE 0.16) 0.6 (SEE 0.3)
Injured 0.21 (SEE0.14) -0.2 (SEE 0.5)
PostSurgery 0.06 (SEE 0.16) 0.4 (SEE 0.5)
Injured : Age -0.02 (SEE 0.11) 0.04 (SEE 0.12)
Injured : Baseline Deep Density -0.10 (SEE 0.14) -0.0 (SEE 0.3)
Injured : Baseline Sc.BMD 0.25 (SEE 0.14) 0.29 (SEE 0.18)
Injured : Baseline Sclerosis -0.11 (SEE 0.13) -0.2 (SEE 0.5)
Injured : Baseline Separation -0.31 (SEE0.14) -0.4 (SEE0.3)
Injured : Female -0.15 (SEE 0.18) -0.8 (SEE 0.2)
Injured : Meniscus Tear 0.13 (SEE 0.12) 0.06 (SEE 0.18)
Injured : PostSurgery -0.21 (SEE0.19) -0.1 (SEE 0.6)
PostSurgery : Age -0.09 (SEE 0.12) -0.14 (SEE 0.16)
PostSurgery : Baseline Deep Density 0.04 (SEE0.13) -0.6 (SEE0.2)
PostSurgery : Baseline Sc.BMD -0.08 (SEE 0.13) 0.07 (SEE 0.15)
PostSurgery : Baseline Sclerosis 0.00 (SEE 0.11) 0.6 (SEE0.4)
PostSurgery : Baseline Separation -0.19 (SEE 0.11) -0.7 (SEE 0.3)
PostSurgery : Chronicity 0.00 (SEE 0.05)  -0.04 (SEE 0.07)
PostSurgery : Female 0.09 (SEE 0.20) -0.4 (SEE 0.3)
Injured : PostSurgery : Age 0.16 (SEE 0.13)  -0.00 (SEE 0.14)
Injured : PostSurgery : Baseline Deep Density -0.08 (SEE 0.17) 0.6 (SEE 0.4)
Injured : PostSurgery : Baseline Sc.BMD -0.45 (SEE 0.15) -0.27 (SEE 0.19)
Injured : PostSurgery : Baseline Sclerosis 0.24 (SEE 0.15) -0.7 (SEE 0.5)
Injured : PostSurgery : Baseline Separation 0.45 (SEE 0.15) 0.7 (SEE 0.3)
Injured : PostSurgery : Chronicity -0.15 (SEE 0.05) -0.01 (SEE 0.07)
Injured : PostSurgery : Female 0.1 (SEE0.2) 0.7 (SEE 0.3)
Injured : PostSurgery : Meniscus Repair 0.35 (SEE 0.10)  0.05 (SEE 0.13)
Injured : PostSurgery : Meniscus Resection 0.12 (SEE 0.15) -0.1(SEE0.2)
Injured : PostSurgery : Meniscus Tear -0.17 (SEE 0.14) 0.0(SEE0.2)

* adjusted Wald test indicates coe cient is statistically signi cantly di erent from zero after correction for each term
across all eight models using the Benjamini-Hochberg procedure.
Sc.BMD was normalized using a center value of 635 mg HA/cm? and a standard deviation of 49 mg HA/cm3. The LSC
of Sc.BMD s 36.6 mg HA/cm?® (Table 5.1), or 0.75 as normalized Sc.BMD (36.6 / 49).

Age was normalized using a center value of 35 years and a scaling value of 10 years and chronicity was normalized
using a center value of 180 days and a standard deviation of 120 days.
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Appendix L: Supplemental Figure

Figure L1: The longitudinal trends in trabecular BMD are shown for the post-injury (dark blue) and
post-surgery (light blue) groups for each bone, side, compartment, and depth for the dataset used in Chapter 7.
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