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Abstract

Background: Knee osteoarthritis (OA) is a prevalent joint disorder characterised by
progressive structural degeneration and heterogeneous disease trajectories. It involves
both the tibiofemoral (TF) and patellofemoral (PF) compartments, often with uneven
severity, creating challenges for consistent diagnosis and personalised management.
Traditional radiographic assessments, such as the Kellgren—-Lawrence (KL) grading
system, show limited sensitivity, particularly for compartment-specific or early-stage
OA. The KL system also suffers from substantial interobserver variability, weak
correlation with clinical outcomes, and a non-linear categorical scale that restricts
quantitative interpretation. Given the need for scalable, cost-effective, and objective
tools, radiomics—the quantitative analysis of imaging features—offers a promising
avenue for personalised OA risk prediction. This thesis develops and validates
radiomics-based biomarkers for assessing knee OA severity and progression, focusing

on compartment-specific modelling and multi-view feature integration.

Methods: Data were derived from multiple large, multicentre knee OA cohorts,
including the Multicenter Osteoarthritis Study (MOST), the Osteoarthritis Initiative
(OAI), the Hong Kong EHR-derived Knee OA Cohort, the Meniscal Tear and
Osteoarthritis Risk (MenTOR) Cohort, and the Knee Injury Cohort at the Kennedy
(KICK). All provided standardised radiographs and longitudinal clinical outcomes. (i)
Radiomic features were first extracted from the PF joint using semi-automated
segmentation and advanced image-processing techniques to build a predictive model
for future knee replacement. (ii) To enhance cross-cohort generalisability, a domain
adaptation strategy was implemented to harmonise differences in imaging protocols and

population characteristics. (iii) A deep-learning-based radiomics framework was then



developed for the TF joint, employing convolutional neural networks to capture
complex structural patterns beyond those represented by KL grading. (iv) Finally, a
multi-view learning approach combined PF and TF radiomics features to evaluate

whether integrated compartmental information improved prediction of OA progression.

Results: Four principal findings were obtained. (i) The PF radiomics score
demonstrated additive predictive value to the KL grade, with their combination
achieving an area under the receiver operating characteristic curve (AUC) of 0.87
versus 0.84 for KL alone (p <0.001). (i1) The domain-adapted PF model showed strong
external generalisability, yielding AUCs of 0.73 (US), 0.70 (Hong Kong), and 0.64
(UK), surpassing alternative models. (iii) The deep-learning TF radiomics framework
improved assessment of OA severity and progression, reaching a concordance index
(C-index) of 0.85 and an AUC of 0.89, indicating enhanced sensitivity to structural
change. (iv) The integrated PF-TF radiomics model further improved predictive
accuracy, achieving a C-index of 0.91 and an AUC of 0.93, underscoring the importance

of comprehensive, compartment-aware radiographic analysis.

Conclusion: Radiomics analysis of the PF and TF joints offers a powerful, cost-
effective, and scalable imaging-based tool for personalised knee OA risk prediction.
Through advanced feature extraction, deep learning, and domain adaptation, the
proposed models show robust generalisability and clinical relevance. The integration
of multi-compartmental radiomic features further enhances predictive precision,
enabling comprehensive assessment of disease status. Overall, this thesis refines current
radiographic evaluation methods and establishes a methodological framework that may
support future precision-medicine approaches, promoting earlier detection and more

individualised management of knee OA.
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Chapter 1: Introduction and Literature Review

1.1 Background of Knee Osteoarthritis (OA)

Osteoarthritis (OA) is one of the most common chronic musculoskeletal conditions and
a leading cause of pain and disability among older adults worldwide (1). It is a
progressive degenerative joint disease primarily affecting load-bearing joints, with the
knee being the most commonly involved (2, 3), as shown Figure 1-1. Driven by
demographic shifts such as population ageing and the global rise in obesity, the
prevalence of knee OA has sharply increased in recent decades (4, 5). Epidemiological
data indicate that more than 500 million people globally are affected, with substantial

implications for individual well-being and public healthcare systems (6, 7).

Healthy Knee Osteoarthritic Knee

Figure 1-1 Comparison of Normal Knee and Osteoarthritic Knee

Clinically, knee OA manifests as joint pain, stiffness, reduced mobility, and functional



impairment, often leading to a diminished quality of life (8). From a public health
perspective, knee OA imposes a significant socioeconomic burden, not only due to the
direct costs of medical care—including surgeries such as knee replacement (KR)—but
also due to the indirect costs related to lost productivity, long-term disability, and

caregiving (9).

Despite its high prevalence, early diagnosis and precise characterisation of knee OA
remain challenging (10). Conventional clinical diagnosis of knee OA is heavily reliant
on a combination of patient-reported symptoms, physical examination findings, and
standard imaging, primarily plain radiography. Radiographs are used to assess
structural changes such as joint space narrowing, osteophyte formation, subchondral
sclerosis, and cysts—findings that are typically graded using systems like the Kellgren-
Lawrence (KL) grading. However, these radiographic changes generally appear in the
later stages of the disease, limiting their utility for early detection or risk stratification

(10, 11).

Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) offer more
detailed visualisations of joint structures, including cartilage, bone, and soft tissues (12).
However, practical challenges such as high cost, limited availability, and exposure to
radiation (in the case of CT) restrict their widespread use in routine screening and

follow-up (13).

Given the lack of sensitive imaging biomarkers capable of detecting early disease or
predicting its trajectory, there is a pressing need for innovative image analysis
techniques that can extract more meaningful and predictive information from standard
imaging modalities—particularly those that are fast, low-cost, and widely accessible

for routine screening and longitudinal follow-up (14).
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1.2 Clinical and Radiological Assessment of Knee OA

From a clinical standpoint, the assessment of OA often involves a combination of
patient-reported symptoms, physical examination, and imaging. Among these,
radiographic imaging has long been the mainstay in both clinical and research settings,

owing to its wide availability, low cost, and standardised interpretation protocols (14).

The KL grading system is the most widely adopted radiographic classification for knee
OA (Figure 1-2). First introduced in 1957, it categorises disease severity into five grades,
ranging from grade 0 (normal) to grade 4 (severe OA), based on visual identification of

joint space narrowing, osteophyte formation, subchondral sclerosis, and bony deformity

(15).

Kellgren-Lawrence (KL) grading scale

Grade 1 Grade 2 Grade 3 Grade 4
CLASSIFICATION Normal Doubtful Mild Moderate Severe
Minute Definite Joint space
osteophyte: osteophyte: M joint greatly reduced:
DESCRIPTION  No features of OA doubtul normal joint space reducti PR
significance space sclerosis

Figure 1-2 The KL grading system to assess the severity of knee OA (16).

Despite its widespread use, the KL system presents several notable limitations. It lacks
sensitivity in detecting early-stage disease, as the radiographic changes it relies upon
often manifest only in more advanced stages. Consequently, subtle degenerative
changes may go unnoticed, delaying the opportunity for early intervention (17, 18).

Another significant shortcoming lies in its generalised scoring across the entire joint,



with no ability to differentiate between structural changes in the tibiofemoral and
patellofemoral compartments. Given the compartment-specific nature of OA
progression in many patients, this limitation reduces the clinical granularity required

for personalised treatment planning.

Furthermore, KL grading is inherently subjective. Its reliance on visual interpretation
introduces a high degree of inter- and intra-observer variability, particularly in
borderline or intermediate grades (19). Compounding this issue is the known
discordance between radiographic severity and clinical symptoms. Patients with similar
KL grades can report widely differing levels of pain and functional impairment, while
some individuals with severe radiographic changes may remain asymptomatic. These
inconsistencies reduce the predictive value of KL grading for disease progression and
treatment needs, highlighting the need for more robust and sensitive imaging

biomarkers.

To address these limitations, advancements in quantitative imaging techniques have
been introduced (Table 1-1). MRI, for example, allows for detailed visualisation of
cartilage, bone marrow, menisci, and synovial tissue. Semi-quantitative MRI scoring
systems, such as the Whole-Organ Magnetic Resonance Imaging Score (WORMS) (20)
and the MRI Osteoarthritis Knee Score (MOAKS) (21), have been developed to assess
the status of multiple joint tissues comprehensively. These systems provide more
detailed information than conventional radiographs and can identify early pathological
changes. However, their application in routine clinical practice remains limited due to

time-consuming interpretation, high cost, and the need for expert radiological input (13).

CT offers excellent spatial resolution for bone but provides limited soft tissue contrast

and involves radiation exposure, which restricts its use in early disease detection or
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longitudinal follow-up (22). Ultrasound is another imaging modality capable of
assessing superficial soft tissues and synovial inflammation, though it is highly
operator-dependent and less informative for deep joint structures (23, 24). Other
advanced imaging techniques, such as dual-energy X-ray absorptiometry (DEXA),
positron emission tomography (PET), and hybrid imaging modalities, have shown
promise in research settings but have not yet achieved widespread clinical adoption for

OA.

Table 1-1 Comparing medical imaging technologies

Type X-ray CT MRI Ultrasound

e Fast e Fast e Real-time
® More detailed images

Advantages e Cheap e Medium price o Relatively Cheap
e No radiation
o Low radiation o detailed images in 3D o No radiation
e Very expensive o Low quality

Disadvantages e less detail in2D e High radiation
e Slow e Dependent on technician's skill

Abbreviations: OA = Osteoarthritis, CT = Computed Tomography, MRI = Magnetic Resonance

Imaging, 3D = Three-Dimensional, 2D = Two-Dimensional

In parallel with these hardware-based advancements, methodological innovations in
image analysis have emerged. Techniques such as statistical shape modelling (25), bone
texture analysis (26-28), and automated segmentation (29, 30) have enabled more
detailed assessments of joint morphology. These methods mark a shift from qualitative

to quantitative interpretation of images.

Among them, radiomics has gained particular attention for its ability to extract a large

number of quantitative features that describe the intensity, shape, and texture of joint



structures from medical images. Radiomics transforms medical images into structured,
high-dimensional data that can be mined using machine learning algorithms to uncover

patterns associated with disease severity, progression, and treatment response.

The emergence of radiomics reflects a growing recognition of the limitations of
traditional radiographic grading and a broader push toward precision medicine. By
enabling data-driven, compartment-specific, and scalable image analysis, radiomics
offers the potential to bridge the gap between imaging and individualised clinical care

in knee OA.

1.3 Radiomics and Deep Learning in Medical Imaging

Radiomics is an emerging field at the intersection of medical imaging, computational
analysis, and machine learning (Figure 1-3). It aims to transform standard medical
images into a high-dimensional, mineable dataset by extracting a vast number of
quantitative features that describe the shape, intensity distribution, and textural patterns
of tissues and anatomical structures (31, 32). Unlike traditional image interpretation,
which relies on qualitative and often subjective assessments by clinicians, radiomics
enables objective and reproducible analysis by identifying imaging biomarkers that

may not be visible to the naked eye (33).



Diagnostic Imaging Radiomics Capabilities
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Figure 1-3 Overview of Radiomics Workflow and Capabilities in Osteoarthritis Research (11)

The standard radiomics workflow involves several critical steps: image acquisition,
preprocessing, segmentation, feature extraction, feature selection or dimensionality
reduction, and predictive modelling. Medical images may be obtained using various
modalities, including X-ray, CT, and MRI. Image preprocessing techniques such as
resolution standardisation and intensity normalisation are typically applied to mitigate
variability arising from scanner settings and acquisition protocols. Segmentation
defines the regions or volumes of interest (ROIs or VOIs) from which radiomic features
are extracted. This can be performed manually, semi-automatically, or using fully

automated algorithms.

The extracted features fall into several categories. First-order features describe the
distribution of voxel intensities within a region and are typically derived from
histogram-based statistics. Second-order and higher-order features, which include gray-
level co-occurrence matrices, run-length matrices, and size zone matrices, capture
spatial relationships and textural heterogeneity within tissues. Shape descriptors
characterise geometric properties of anatomical structures. Due to the high
dimensionality of the resulting feature space, feature selection and dimensionality

reduction techniques such as principal component analysis, mutual information filtering,



or recursive feature elimination are used to identify the most informative and non-
redundant features. These selected features are then input into machine learning
models—such as logistic regression, random forests, support vector machines, or

ensemble methods—for classification or prediction tasks.

In parallel with handcrafted radiomics, deep learning has gained significant attention
for its potential to automate the feature learning process. Convolutional neural networks
(CNNs), in particular, are well-suited for image analysis tasks due to their ability to
learn hierarchical representations of image content. Unlike traditional radiomics, where
features are predefined and extracted based on expert-designed algorithms, CNNs learn
relevant patterns directly from raw image data through optimisation during model
training. This data-driven approach allows CNNs to capture complex and abstract
visual characteristics, potentially revealing subtle disease signatures that might be
overlooked by handcrafted methods. However, deep learning models often require large,
labelled datasets and are typically perceived as less interpretable than traditional

radiomics, which may limit their acceptance in clinical practice.

In the field of musculoskeletal imaging, and specifically in OA research, the application
of radiomics is still in its early stages but is expanding rapidly. Traditional OA diagnosis
and progression studies have relied on clinical assessments and visual grading systems
such as the Kellgren-Lawrence scale. In contrast, radiomics offers a quantitative and
scalable approach that holds promise for detecting early disease, predicting disease

trajectory, and evaluating treatment outcomes.

Recent studies have demonstrated the potential of radiomics to enhance the
understanding of OA pathology (34-38), as shown in Table 1-2. For instance, radiomics

features extracted from radiographs have been used to differentiate between knees with
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and without patellofemoral OA, outperforming clinical variables in classification tasks.
Radiomics has also been applied to CT and MRI data to study the microstructural
integrity of subchondral bone, cartilage, and other joint tissues. Some studies have
combined radiomics with clinical and biomechanical data to develop integrative models
for OA prediction and management. Furthermore, emerging work has utilised CNN-
based models to learn from entire joint images, demonstrating superior performance to
traditional radiographic grading in detecting structural severity and predicting long-

term outcomes.

Table 1-2 Radiomics applications of various OA joints based on different imaging modalities.

Application X-ray CT MRI

SpA — Healthy vs OA (35)

Knee OA — Healthy vs OA (26-28) TMJ OA — Healthy vs OA (41, 42)
Knee OA — Healthy vs ACLR (36)
Classification Hand OA — Healthy vs OA (39) TMJ OA — Morphology Variability (43)
Knee OA — Healthy vs OA (45) (46-48) (37)
Knee & Hand OA — Healthy vs OA (40) Hand OA — Young vs Older (44)

Ankle OA — Dancer vs Normal Person (49)

Knee OA — Disease Grade (50)

Detection Hand OA — Osteophyte (51) Ankle OA — Deformity Characteristics (25) (53) Knee OA — Disease Grade (54)

Ankle OA — History of Injury (52)

Knee OA —Progression vs Non-progression (26, 55) Knee OA — Treatment response of Vitamin D (38)
Knee & Hand OA — Progression vs Non- Knee OA — High Risk vs Low Risk (54)
Prediction TMJ OA — Risk of Incident (34)
progression (40) Knee OA — 1-year Onset (58)
Hip OA — Risk of Incident (56, 57) Knee OA — Risk of Incident (59)

Abbreviations: OA = Osteoarthritis, TMJ = Temporomandibular Joint, SpA = Spondylarthritis,

ACLR = Anterior Cruciate Ligament Reconstruction.

Despite its promise, radiomics in OA research still faces several challenges (11, 33).
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Many existing studies have small sample sizes, lack external validation, or are limited
to specific imaging protocols. Variability in segmentation methods and image
acquisition settings also affects feature reproducibility. Standardisation efforts, such as
those led by the IBSI, aim to address these issues and enhance the clinical translatability

of radiomic biomarkers.

Overall, radiomics and deep learning are reshaping how medical images are analysed
in OA research. By enabling high-throughput, quantitative analysis of joint structures,
these technologies offer new opportunities for early diagnosis, personalised risk
assessment, and precision medicine approaches in the management of knee OA. As data
availability and methodological maturity improve, radiomics is poised to become a key

tool in the next generation of OA imaging research.

1.4 Gap Analysis and Conceptual Framework

Despite the growing interest in radiomics and deep learning for musculoskeletal
imaging, the translation of these approaches into OA research—particularly knee OA—
remains relatively limited. While several studies have demonstrated proof-of-concept
applications, the field still faces notable methodological, technical, and clinical gaps

that hinder broader adoption and impact.

One of the most pressing limitations is the lack of compartment-specific analysis in
conventional OA imaging research. The knee joint comprises anatomically and
biomechanically distinct compartments, including the tibiofemoral (TF) and
patellofemoral (PF) joints, which may exhibit independent disease patterns. However,
most existing studies rely on global grading systems such as the KL grade that do not

differentiate between compartments. As a result, disease involvement in the PF joint—
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which is prevalent in early OA and significantly contributes to pain and disability—is
often under-recognised or overlooked. This oversight reduces the sensitivity of
radiographic assessments and limits the opportunity to identify patients who may
benefit from compartment-targeted management strategies. While some recent studies
have explored PF radiomics separately, they remain few, and further validation is

needed.

Another gap relates to generalisability. Radiomics models are often developed and
tested within a single cohort, under tightly controlled imaging protocols. This raises
concerns about their robustness and clinical applicability across diverse populations and
clinical settings. Differences in scanner hardware, acquisition parameters, patient
demographics, and disease presentation can introduce variability in radiomic feature
distributions. Without external validation or domain adaptation strategies, models may
perform well in one dataset but fail to generalise beyond it. Few OA studies to date have
addressed this challenge systematically, and this remains a major barrier to clinical

translation.

There is also a methodological imbalance in the current literature. Most published
radiomics studies in OA have focused on traditional, handcrafted feature extraction,
with fewer incorporating deep learning-based models. While handcrafted features offer
transparency and interpretability, they are limited in their ability to capture higher-order
interactions or complex anatomical patterns. Deep learning approaches, especially
CNNs, are capable of learning more abstract and powerful representations from
imaging data. However, they require large, annotated datasets and are more difficult to
interpret. Comparative studies evaluating both approaches in OA are scarce, and little

is known about how they may complement or outperform each other in practical
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applications.

Moreover, there is limited research on integrating information across joint
compartments. Given the compartmental heterogeneity of OA, analysing the TF and PF
joints in isolation may lead to suboptimal models. A multi-view approach that combines
radiomic features from both compartments could potentially capture a more complete
picture of joint health and disease trajectory. Yet few studies have investigated such
integrative strategies, and the potential synergistic value of multi-compartment analysis

remains largely unexplored.

Finally, the field lacks standardised pipelines and clinical endpoints. Variations in
preprocessing methods, feature extraction tools, and model evaluation criteria make it
difficult to compare results across studies or establish best practices. Additionally, many
studies use proxy endpoints such as structural grading or binary OA classification,
which may not reflect patient-centred outcomes like functional decline or the need for

knee replacement surgery.

Taken together, these gaps highlight the need for systematic, multi-cohort, and multi-
compartment investigations using both traditional and deep learning radiomics
approaches. There is also a clear imperative to develop models that go beyond disease
classification to support risk stratification, individualised prognosis, and clinical
decision-making. The current thesis addresses these unmet needs by (i) building
predictive radiomics models focused on the PF and TF joints, (ii) validating model
generalizability across cohorts using domain adaptation, and (iii) exploring multi-view
integration to enhance predictive performance. These contributions aim to advance the

field toward clinically meaningful, image-based tools for personalised OA management.
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This thesis is grounded in the evolving paradigm of precision medicine in knee OA,
where the goal is to move beyond global structural assessments toward personalised
risk profiling and targeted intervention strategies. Within this paradigm, radiomics
provides a novel computational approach to extract quantifiable imaging biomarkers
from routine radiographs, enabling a shift from qualitative to data-driven evaluation of
joint health. The conceptual framework of this research is designed to operationalise
this shift by systematically addressing the methodological gaps identified in prior

literature and establishing a logical structure for the four studies included in this thesis.

The framework is organised around three core principles: compartment-specific
modelling, generalizability across populations, and multi-view integration. These
principles guide the progression from hypothesis generation to model development,

validation, and clinical interpretation.

The first principle—compartment-specific modelling—recognises that the knee is not
auniform joint but rather a complex structure composed of the TF and PF compartments,
each with distinct patterns of degeneration and clinical relevance. Existing radiographic
grading systems, such as the KL grade, provide a global assessment that overlooks
compartmental differences. To address this limitation, the first study in this thesis
focuses on the PF joint, extracting handcrafted radiomic features to develop a predictive
model for knee replacement risk. This study highlights the underexplored prognostic
value of the PF compartment and establishes a precedent for targeted radiomics analysis

in OA.

Building upon this, the second principle—generalisability—is addressed in the second
study, which evaluates the robustness of the PF radiomics model across multiple large-

scale OA cohorts with varying demographics and imaging protocols. To overcome
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domain shifts and reduce the risk of performance drop-off in external datasets, domain
adaptation techniques are employed. This component of the framework emphasises the
importance of developing clinically applicable models that maintain stability across

real-world imaging settings.

The third principle—multi-view integration—serves as the foundation for the latter part
of the thesis. The third study introduces a deep learning-based radiomics framework
centred on the TF joint. Unlike handcrafted features, this model leverages convolutional
neural networks to automatically learn structural patterns associated with OA severity
and progression from raw image data. This approach complements the PF analysis and
brings in a second axis of modelling sophistication. The final study synthesises both
lines of work by integrating PF and TF radiomics features into a unified multi-view
model. This integrative approach is designed to capture the heterogeneity of OA across

compartments and provide a more comprehensive prediction of disease trajectory.

Collectively, the conceptual framework illustrates how each study builds upon the
previous one to advance the field of OA imaging. Rather than treating radiomics as a
static tool, the framework treats it as a flexible, layered methodology that can be
adapted to specific anatomical targets, validated across diverse populations, and
expanded through integrative modelling. It also underscores the complementary
strengths of traditional radiomics and deep learning techniques, showing how both can

contribute to a broader vision of image-based phenotyping and risk stratification.

By aligning each study with a specific gap and a guiding principle, the framework
ensures methodological coherence and theoretical continuity across the thesis. This
structured approach not only facilitates the development of clinically relevant imaging

biomarkers but also positions the research to make meaningful contributions to the
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personalised management of knee OA.

1.5 Rationale and Significance of the Study

In the context of knee OA, radiomics offers several key advantages (11). First, it enables
objective, reproducible, and high-dimensional quantification of joint structures, such as
subchondral bone and cartilage, from routine imaging like X-rays and MRIs. Second,
radiomics facilitates data-driven modelling, allowing the identification of imaging
biomarkers that are predictive of clinical endpoints, including pain severity, function
loss, and risk of knee replacement. Third, by incorporating machine learning and deep
learning algorithms, radiomics can support automated risk stratification and
personalised disease management strategies, moving toward the goals of precision

medicine.

Moreover, radiomics can be particularly valuable in early-stage OA detection and
progression prediction, areas where traditional imaging methods fall short. By
capturing microstructural changes before gross morphological alterations become
evident, radiomics may offer the potential for timely intervention, thereby delaying or
even preventing irreversible joint damage. It also supports cross-compartmental
analysis of the tibiofemoral (TF) and patellofemoral (PF) joints, accounting for OA's

heterogeneity.

Recent advancements in computational infrastructure, open-access imaging databases,
and radiomics standardisation initiatives (e.g., Image Biomarker Standardisation
Initiative [IBSI] (60)) further enhance the feasibility of developing generalizable and

clinically translatable radiomic models.
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In sum, radiomics represents a cutting-edge approach that could redefine how knee OA
is detected, monitored, and managed. This thesis builds on this evolving field, aiming
to develop and validate radiomics-based tools that not only outperform traditional
imaging assessments but also support individualised patient care by integrating multi-

compartmental and multi-view radiographic information.

This thesis contributes to the emerging field of radiomics in musculoskeletal imaging
by systematically investigating the utility of quantitative features extracted from plain
radiographs—a widely available, low-cost imaging modality. Unlike most prior work
that focused on the TF compartment or MRI-based features, this study uniquely
emphasises the underexplored PF joint, validates model performance across
international cohorts using domain adaptation, and introduces a multi-view strategy that

integrates PF and TF compartments for a more holistic assessment of disease risk.

This thesis advances the field of knee OA imaging through four key contributions:

Compartment-Specific Risk Prediction: By focusing on the PF joint, which is often
underrepresented in traditional assessments, the first study demonstrates that PF
radiomic features extracted from standard radiographs can effectively predict future
knee replacement risk. This highlights the potential of targeted, compartment-aware

radiomic models to capture clinically meaningful patterns beyond global KL grading.

Cross-Cohort Generalizability: A major barrier to the clinical translation of imaging
biomarkers is the lack of validation across diverse populations and imaging protocols.
The second study addresses this by applying domain adaptation techniques to improve
model robustness across international OA cohorts. This work provides an important

step toward developing radiomics models that are deployable in real-world clinical
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settings.

Deep Learning for TF Radiomics: The third study introduces a deep learning-based
radiomics framework focused on the TF joint. Unlike hand-crafted radiomic features,
this approach allows automated learning of complex structural signatures from raw
image data. It demonstrates that convolutional neural networks can match or exceed the
performance of KL grading, offering a scalable and potentially more sensitive tool for

OA severity assessment.

Integrative Multi-View Modelling: Recognising the multifactorial and compartmental
nature of OA, the fourth study integrates PF and TF radiomics features into a unified
multi-view model. This integrative strategy significantly enhances prediction accuracy
and reflects a more holistic approach to disease modelling, consistent with the goals of

precision medicine.

Together, these studies demonstrate that radiomics—both handcrafted and deep
learning-based—can complement and potentially surpass traditional assessment tools
for knee OA. The thesis provides a structured framework for evaluating radiomics
models at multiple levels: localised (PF/TF), technical (handcrafted vs. deep learning),
and integrated (multi-view), thus offering a roadmap for future research and clinical

implementation.

Ultimately, this work contributes toward the long-term goal of developing clinically
applicable, data-driven tools for early detection, progression monitoring, and

individualised treatment planning in knee OA.
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1.6 Aim and Objectives of the Thesis

This thesis aims to explore the value of radiomics features extracted from plain
radiographs for predicting knee OA severity and progression. By analysing PF and TF
joints separately and in combination, the study investigates how radiomics may
complement or enhance traditional radiographic grading systems in different clinical

contexts.

Objective 1: To develop and evaluate a radiomics-based model using PF join features
extracted from plain radiographs for identifying individuals at higher risk of undergoing
KR. This includes assessing whether PF radiomic features offer added predictive value

compared to conventional KL grading.

Objective 2: To assess the generalisability of the PF-based radiomics model by applying
domain adaptation techniques across multiple international cohorts. This objective
focuses on evaluating the robustness and transferability of radiomics models when

applied to populations with differing demographics and imaging protocols.

Objective 3: To construct a deep-learning-based radiomics model focused on the TF
joint to estimate OA severity and structural progression. The objective is to compare
this data-driven model with KL grading and explore its potential to detect structural

disease features in a more automated and scalable way.

Objective 4: To investigate the integration of PF and TF radiomic features into a unified,
multi-view predictive model and examine whether this combination improves
prediction performance for OA progression. The objective is to evaluate whether a

compartment-aware, integrative approach provides complementary insights not
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captured by single-joint analyses.

1.7 Structure of the thesis

This thesis adopts a thesis-by-publication format, consisting of four peer-reviewed or
submitted articles that collectively address the development, validation, and integration
of radiomics-based approaches for predicting knee OA progression. Each article
represents a distinct but connected component of the overall research framework,
contributing to the central aim of advancing quantitative imaging biomarkers for

compartment-specific and comprehensive OA assessment.

The structure of the thesis is as follows:

Chapter 1: Introduction and Literature Review

Introduces the clinical background of knee osteoarthritis, reviews current imaging-
based assessment methods, and highlights the evolution of radiomics in OA research.
It identifies key research gaps, outlines the rationale and significance of the study, states

the aims and objectives, and presents the thesis structure.

Chapter 2: Study Populations and Data Sources

This chapter provides a detailed description of the five multicentre cohorts used
throughout the thesis. It outlines the origin, design, and demographic characteristics of
each dataset, including the Multicenter Osteoarthritis Study (MOST), Osteoarthritis
Initiative (OAI), Hong Kong EHR-derived Knee OA Cohort, MenTOR Cohort, and
KICK Cohort. By consolidating this information in one place, the chapter avoids

redundancy in later chapters and offers a clear reference for understanding the clinical
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and imaging data sources that underpin the thesis.

Chapter 3 to Chapter 6: Research Articles

Each chapter presents one full-length article, framed by a short preamble to

contextualise its role within the broader thesis.

Chapter 3: Radiomics Analysis of the Patellofemoral Joint

Develops a PF-specific radiomics model to predict knee replacement risk, evaluating

its performance relative to KL grading.

Chapter 4: Generalisability of the PF Radiomics Model Across Multiple Cohorts

Investigates the robustness and clinical translatability of the PF model through domain

adaptation across diverse datasets.

Chapter 5: Deep-Learning Radiomics Analysis of the Tibiofemoral Joint

Explores a CNN-based approach for TF joint analysis, offering an alternative to

handcrafted features and expanding on automated feature learning.

Chapter 6: Multi-View Radiomics Integration

Combines PF and TF radiomic features to assess whether joint-compartment integration

enhances predictive performance.

Chapter 7: Discussion, Conclusion, and Future Directions

Synthesises the findings from the four studies, discusses cross-cutting themes, evaluates
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methodological and clinical implications, and situates the research within the broader
field of OA imaging and prediction. Summarises the key contributions of the thesis,
discusses its limitations, and outlines potential avenues for further research in

radiomics-based OA assessment and beyond.

Appendix and References

Includes consolidated bibliographic references and supplementary materials as

necessary for transparency and reproducibility.
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Chapter 2: Study Populations and Data Sources

2.1 Overview of Multicentre Cohorts

To ensure the robustness, generalisability, and translational relevance of the proposed
radiomics-based models for knee OA, this thesis draws upon five independent cohorts
from diverse geographical regions and healthcare systems. These multicentre cohorts
encompass a wide range of OA severity, demographic variability, and imaging practices,

providing a solid foundation for both model development and external validation.

The rationale for utilising multiple cohorts lies in the heterogeneous nature of knee OA,
which is influenced by anatomical, functional, and socio-clinical factors that may vary
substantially across populations. A model trained and tested within a single cohort may
be vulnerable to cohort-specific biases and lack external validity. By contrast, a
multicohort approach facilitates the development of more generalisable models and
enables the assessment of domain shift and clinical applicability across different

settings.

The datasets used in this thesis include the Multicenter Osteoarthritis Study (MOST)
(61) and the Osteoarthritis Initiative (OAI) (62) from the United States; the Hong Kong
Electronic Health Record (EHR)-derived Knee OA Cohort from Hong Kong; and two
United Kingdom-based cohorts: the Meniscal Tear and Osteoarthritis Risk (MenTOR)
cohort and the Knee Injury Cohort at the Kennedy (KICK). These cohorts collectively
support a comprehensive investigation of radiomic signatures from different knee
compartments, facilitate domain adaptation across imaging and population differences,

and allow multi-level validation of prediction models.
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The following sections introduce each cohort in detail, including their study design,
participant characteristics, imaging protocols, and their specific role within the thesis.
A summary at the end of the chapter will illustrate how each dataset contributes to

different parts of the research presented.

2.2 The Multicenter Osteoarthritis Study (MOST)

The MOST is a large, prospective, longitudinal cohort study designed to investigate
risk factors for the incidence and progression of knee osteoarthritis in older adults. It
focuses specifically on individuals aged 50 to 79 years who were at elevated risk for

developing knee OA, due to factors such as obesity, prior knee injury, or family history.

Initiated in 2003, the study recruited participants from multiple clinical centres across
the United States and conducted regular follow-up assessments over a period extending
up to 84 months. Standardised imaging protocols and clinical evaluations were
employed to collect comprehensive data on radiographic, symptomatic, and functional

outcomes related to knee OA.

The MOST cohort is particularly valuable for radiomics research due to its high-quality,
standardised imaging datasets, extensive clinical annotation, and long-term follow-up,
enabling robust training and internal validation of predictive models for OA severity
and progression. All procedures were conducted with approval from the relevant
institutional review boards (IRBs), and informed consent was obtained from all

participants. The study is registered at ClinicalTrials.gov (ID: NCT03033238).

2.3 The Osteoarthritis Initiative (OAI)

The OALI is a large-scale, prospective, multicentre observational cohort study initiated
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in 2004 to investigate the onset and progression of knee OA in adults aged 45 to 79
years. It enrolled participants with symptomatic knee OA or those at increased risk
based on risk factors such as obesity, prior knee injury or surgery, family history, or the

presence of hand OA.

Participants were recruited from four clinical sites in the United States: Baltimore
(Maryland), Columbus (Ohio), Pittsburgh (Pennsylvania), and Pawtucket (Rhode
Island). The cohort includes both radiographically confirmed OA cases and high-risk
individuals without radiographic disease at baseline (KL grade 0 in both knees). Annual
assessments included questionnaires, clinical examinations, radiographs, and MRI over

an 8-year period, with biological samples collected for biomarker analysis.

The OAI dataset provides a robust longitudinal resource for investigating structural,
functional, and symptomatic progression in knee OA. It has been widely used for
imaging biomarker development, machine learning applications, and evaluation of
physical and biochemical predictors of disease trajectory. The study was approved by
the institutional review boards at all participating sites, and all participants provided
written informed consent. The study adheres to the STROBE (Strengthening the
Reporting of Observational Studies in Epidemiology) guidelines and is registered at

ClinicalTrials.gov (ID: NCT00080171).

2.4 Hong Kong EHR-derived Knee OA Cohort (HK Cohort)

The Hong Kong (HK) cohort was derived from the territory-wide EHR system managed
by the Hospital Authority Data Collaboration Laboratory (HADCL). This database
integrates longitudinal medical records from public hospitals and clinics across the

region, encompassing approximately 80% of the population (7.49 million people).
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Participants included individuals with either a clinical diagnosis of knee osteoarthritis
or presenting with knee pain or established OA risk factors. The EHR data provided
comprehensive information on patient demographics, clinical diagnoses, procedures,
medication prescriptions, and laboratory results, enabling population-level analyses of

disease characteristics and progression patterns.

The study was conducted in accordance with the Declaration of Helsinki and received
ethical approval from the Institutional Review Board of The Hong Kong Polytechnic

University (Ref. No. HSEARS20221121003).

2.5 The Knee Injury Cohort at the Kennedy (KICK)

The KICK is a prospective longitudinal study designed to investigate the long-term
outcomes of acute knee injuries. The cohort comprises individuals aged 16 to 50 years
who were enrolled within eight weeks of sustaining an acute knee injury. Recruitment
occurred between November 1, 2010, and November 28, 2014, across six hospitals and

clinics in London, United Kingdom.

Participants were followed for up to five years, enabling the examination of structural,
symptomatic, and functional changes over time. The study provides valuable insight
into post-traumatic osteoarthritis development in a relatively young population. Ethical
approval for the KICK study was granted by the South East London Research Ethics

Committee (REC 10/H0706/44).

2.6 The Meniscal Tear and Osteoarthritis Risk (MenTOR) Cohort

The MenTOR cohort is a longitudinal observational study aimed at evaluating the

progression of knee osteoarthritis in patients with chronic meniscal pathology. The
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study enrolled adults who underwent arthroscopic surgical intervention or knee

drainage (arthrocentesis) for symptomatic meniscal tears.

Participants were followed over a five-year period to assess structural and symptomatic
outcomes, providing insights into the interplay between meniscal injury, surgical
treatment, and OA progression. The cohort is particularly relevant for understanding

early-stage joint degeneration in a surgically managed population.

Ethical approval for the MenTOR study was granted by the South Central — Oxford B

Research Ethics Committee (REC 15/SC/0551).

2.7 Summary of Cohort Usage Across Chapters

This thesis incorporates five multicentre cohorts to support the development, validation,
and generalisation of radiomics-based approaches for knee OA assessment. These
cohorts differ in geographic origin, imaging protocols, population demographics, and
disease stage, providing a comprehensive foundation for the studies presented.
Importantly, the MOST cohort serves as the primary dataset across several chapters
because it uniquely provides both PA and lateral radiographs, together with consistent
imaging protocols and long-term follow-up—features not available in the other cohorts.
In contrast, OAI includes only PA radiographs, and the HK cohort, despite its larger
scale, is retrospective with heterogeneous clinical settings and substantial missing data,
limiting its suitability for model development. The specific cohort usage in each chapter

1s summarised below:

Chapter 3 presents the development of a PF joint radiomics model for predicting knee

replacement risk. This study exclusively uses the MOST cohort, which provides high-
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quality lateral radiographs and long-term follow-up data in an older adult population.

Chapter 4 extends the PF joint radiomics model by applying domain adaptation
techniques to improve generalisability across distinct populations and imaging
environments. The model is developed on the MOST dataset, refined using the HK
cohort, and externally validated using the MenTOR and KICK cohorts from the United

Kingdom.

Chapter 5 shifts focus to the TF joint and presents a deep-learning-based radiomics
model for evaluating disease severity and progression risk. This chapter integrates data
from MOST, OAIL MenTOR, and KICK cohorts to support model training and

validation.

Chapter 6 explores a multi-view radiomics approach, integrating features from both the
PF and TF joint to enhance the prediction of knee OA progression. This study utilises
imaging data from MOST, MenTOR, and KICK cohorts, allowing for comparative
analysis of clinical and radiomics-based predictors across multiple compartments and

populations.

This cohort structure was designed to maximise both the depth and breadth of radiomics
evaluation, ensuring robustness, clinical relevance, and international generalisability of

the proposed models.
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Chapter 3: Radiomics Analysis of the Patellofemoral Joint: A

Predictive Model for Knee Replacement Surgery Risk

3.1 Chapter overview

Knee OA is a complex, heterogeneous disease that does not affect the joint uniformly.
Among the various anatomical compartments of the knee, the PF joint plays a crucial
role in early structural deterioration and symptom development, particularly in anterior
knee pain and reduced mobility. Yet, despite the increasing recognition of its clinical
relevance, the PF joint remains underrepresented in imaging-based OA research.
Traditional radiographic assessment tools, including the widely used KL grading
system, offer a global score for the knee and do not differentiate between the TF and
PF compartments. This lack of compartmental granularity can lead to misclassification
of disease severity and may obscure important predictive markers specific to the PF

region.

The clinical implications of this gap are substantial. It is well established that PF joint
involvement contributes significantly to pain, functional impairment, and disease
burden, especially in the early stages of OA (63, 64). Yet patients with isolated PF joint
damage often go undetected until the disease progresses to a more advanced,
multicompartmental state (65). This delay in detection limits opportunities for early
intervention and tailored treatment. Moreover, surgical decision-making, including the
consideration of knee arthroplasty, often depends on an accurate understanding of
compartment-specific structural damage (66). Therefore, improved assessment tools
that focus explicitly on the PF joint are essential for enhancing diagnostic precision and

optimising treatment strategies.
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Radiomics offers a novel avenue to address this need. By extracting high-dimensional
quantitative features from standard radiographic images, radiomics enables detailed
analysis of bone and joint structure that is both reproducible and sensitive to subtle
variations. While most radiomics research in OA has centred on the TF joint, the PF
compartment presents an untapped opportunity for predictive modelling. The anterior
location and distinct anatomical configuration of the PF joint make it accessible and
well visualised on lateral and skyline radiographic views, which are routinely obtained
in clinical settings. This availability makes the PF joint an ideal candidate for targeted

radiomics analysis using existing imaging data.

The rationale for developing a PF-specific radiomics model is thus twofold. First, it
seeks to fill a critical gap in OA imaging by quantifying structural changes in a
compartment frequently overlooked by traditional assessment tools. Second, it
leverages the capacity of radiomics to identify imaging biomarkers that may precede
symptomatic or clinical progression, enabling earlier risk stratification. This focus
aligns with broader efforts in precision medicine to move beyond one-size-fits-all

assessments and toward individualised predictions of disease trajectory.

In this chapter, we present a radiomics-based approach tailored specifically to the PF
joint. Using handcrafted features derived from standard lateral knee radiographs, we
aim to build a predictive model capable of estimating the future risk of undergoing knee
replacement surgery. The development and validation of this model provide an
opportunity to assess the prognostic value of PF-specific radiomic features and to
evaluate whether such features offer additional insights beyond conventional
radiographic grading systems. In doing so, this study lays the foundation for more

compartment-aware, personalised approaches to OA management.
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3.2 Methodology

3.2.1 Data sources and participants

This study utilised the MOST cohort. Participants were included if a valid baseline
lateral radiograph of the left knee was available, as determined by a non-specialist
quality review. Knees with a history of KR prior to baseline or missing baseline
radiographs were excluded. Participants were also excluded if baseline KL grade were
missing. Eligible participants were randomly divided into a training set and a testing

set at a 2:1 ratio.

3.2.2 Exposures and Imaging Acquisition

Baseline lateral plain radiographs of the left knee were used as the primary imaging
source for radiomic feature extraction. All X-rays were acquired using a standardised
protocol in a semi-flexed, weight-bearing position. The knee was aligned parallel to the
Bucky, with the foot placed against a plexiglass plate to ensure consistent visualisation

of the PF joint.

3.2.3 Covariates and Baseline Measures

Baseline covariates included demographic information (age, sex, and body mass index
[BMI]) and the KL grade and patellofemoral osteoarthritis (PFOA) of the left knee.
Both KL grade and PFOA were performed by two experienced musculoskeletal
radiologists through consensus scoring. The timing and occurrence of knee replacement

were also recorded for each participant.
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3.2.4 Outcomes

The primary outcome was the time to KR event. In the MOST cohort, it is estimated
that 95% of recorded KR events represent total KR. However, this level of detail is not

explicitly available in the public dataset.

3.2.5 Radiomics Analysis

Lateral knee radiographs from the MOST cohort were quantitatively analysed using
radiomics techniques to evaluate their association with KR occurrence over a 60-month
follow-up. The radiomics workflow included image preprocessing, ROI generation,

feature extraction, model development, and risk stratification, as shown in Figure 3-1.

1. Image processing & ROI generation 2. Feature extraction 3. Risk score development 4. Risk stratification
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Figure 3-1 The workflow for knee replacement (KR) risk score development and risk stratification.

To enhance reproducibility and reduce noise, all images underwent standardised
preprocessing, including resampling, intensity normalisation, and signal enhancement.
Left knee lateral X-rays were manually segmented to delineate the patella using the
Computer Vision Annotation Tool (CVAT). Image orientation was adjusted to achieve
the maximal vertical-to-horizontal ratio of the patellar bounding box, ensuring
consistent alignment. The images were then resampled to an isotropic resolution of 0.5

mm x 0.5 mm. Within the patellar region, contrast was normalised via Z-score
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transformation and truncated at +6 standard deviations, followed by grey-level

reduction to 32 bins.

Three rectangular ROIs were automatically defined to capture structural information
from distinct regions of the PF joint. These ROIs—ROIsup, ROInid, and ROILins—were
equal-sized partitions extending posteriorly from the lower third of the patellar
bounding box towards the trochlear groove. This design ensured simplicity, clinical
applicability, and robustness to inter-observer variability. All preprocessing steps and

ROI definitions were implemented using the SimpleITK package (v2.2.1) (67).

Radiomic features were extracted from each ROI following the IBSI guidelines (60). A
total of 93 first-order and texture features were calculated for both original and filtered
versions of the image, resulting in 930 radiomic features per ROI. Filters included
Laplacian of Gaussian and wavelet decompositions, which enriched the feature space
by highlighting texture patterns. Feature extraction was performed using the

PyRadiomics library (v3.0.0) (68). Full extraction parameters are detailed in Table 3-1.

Table 3-1 Image preprocessing and feature extraction parameters.

Parameter Value
Normalization scale 100

Pixel value offset 600

Pixel value thresholding 0-1200

Resample pixel size (mm) [0.5,0.5]
Image/mask interpolation algorithm Nearest neighbour
Mask partial volume threshold 0.5

Interpolation grid alignment Align grid origins

32



Gray-level discretization bin number 32

Image filters Unfiltered, Laplacian-of-Gaussian, Wavelet

Kernel size of Laplacian-of-Gaussian filter (mm) [1,2,3]

Wavelet filter type Coilfl

Wavelet filter decompositions [LL,HL,LH,HH]

Feature class First-order, GLCM, GLRLM, GLSZM, GLDM, NGTDM

Note: For a detailed description and comprehensive list of all radiomic features analysed in this
study, readers are directed to the PyRadiomics documentation available at
https://pyradiomics.readthedocs.io/en/latest/features.html. This documentation provides extensive
information on each feature's calculation and theoretical background, ensuring thorough

understanding and facilitating the reproducibility of our analyses.

For each ROI, a Radiomics Score (RadScore) was constructed through feature selection
and model training. The top five features were selected using the minimum Redundancy
Maximum Relevance (mRMR) algorithm to balance relevancy with KR outcome and
inter-feature independence (69). Ridge regression models were then trained to predict
60-month KR, with Z-score normalised inputs. Given the class imbalance in KR
occurrence, an easy-ensemble strategy was adopted: 500 Ridge sub-models were
trained on bootstrapped balanced samples and aggregated for final prediction. This was
implemented using the imbalanced-learn package (v0.10.1) (70). The RadScore with

the highest AUC was selected as the final predictor.

To construct a comprehensive KR risk score, the final RadScore was combined with TF
joint KL grade and key demographic variables using a multivariate Cox regression
model. This composite score quantified the individual risk of undergoing KR within 60

months.
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Based on this score, a three-class stratification system was developed to categorise

patients as:

e Non-progressors —no KR within 84 months
e Slow progressors — KR between 30 and 84 months

e Fast progressors — KR within 30 months

Two optimal thresholds were determined using Youden’s index to maximise
discrimination among the three groups. Importantly, the RadScore, composite KR risk
score, and stratification cutoffs were developed exclusively in the training set and

validated in the independent testing cohort.

3.2.6 Statistical analyses

To evaluate the independent prognostic value of the constructed RadScore, both
univariate and multivariate Cox proportional hazards regression models were employed
to estimate hazard ratios (HRs) and corresponding p-values for each risk factor

associated with KR.

Subgroup analyses were conducted across different stages of tibiofemoral joint
degeneration, categorised by baseline KL grade as early-stage (KL grade < 2), mid-
stage (KL grade = 2), and late-stage (KL grade > 2). Within each subgroup, time-
dependent receiver operating characteristic (ROC) curves and their associated areas

under the ROC curve (AUCs) were calculated to assess discriminatory performance.

A comparator clinical model was also constructed using Cox regression by combining
baseline KL grade and PFOA status. The predictive performance of individual

predictors (KL grade, RadScore), the clinical model (KL grade + PFOA), and the
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comprehensive KR risk score was assessed using the concordance index (C-index) and

time-dependent AUCs at 30, 60, and 84 months.

To quantify statistical differences, 95% confidence intervals (CIs) for the C-index were
obtained via 1,000-iteration bootstrapping. One-sided permutation tests with 1,000
label permutations were used to compare C-index values between models. All
bootstrapping and permutation analyses were implemented using the Python package

scikit-survival (71)

Finally, the KR risk stratification performance was assessed using Kaplan—Meier (KM)
survival analysis, and its classification accuracy for non-, slow-, and fast-progressors
was compared with that of KL grade using confusion matrices. KM analyses were

performed using the Python package lifelines (version 0.27.4) (72).

3.3 Results

3.3.1 Participants characteristics

The study utilised data from 3,026 participants aged 50—79 years prospectively enrolled
in the MOST cohort. After applying exclusion criteria, 2,943 individuals remained for
analysis (Figure 3-2). These were randomly allocated into a training cohort (n = 1,962)

and a testing cohort (n = 981).
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Figure 3-2 Cohort exclusion criteria

Abbreviations: KR =knee replacement, BMI =body mass index, KLG = Kellgren-Lawrence Grade

The distributions of key KR risk factors and the incidence of 84-month left KR are
summarised in Table 3-2. The training cohort exhibited a statistically lower baseline
BMI compared to the testing cohort (p = 0.020). Other baseline characteristics—
including age, sex, KL grade, KR event occurrence, and follow-up duration—were

comparable between the two cohorts.

Table 3-2 Distributions of the included knee replacement risk factors of the training and testing

patients.
Parameter Training Testing p-value
Patient No. 1962 981
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Age 62.42 (50-79) 62.40 (50-79) 0.951

Gender
Male 1177 587 0.968
Female 785 394
BMI 30.45 (16.72-57.83) 30.99 (18.50-71.91) 0.020
Baseline KL grade
0 882 417 0.251
1 347 165
2 293 143
3 294 165
4 146 91
Baseline PFOA
0 1546 755 0.519
1 283 155
Missing 133 71
84-month KR
0 1753 876 1.000
1 209 105

KR follow-up time

Medium 84 84 0.536

Range 2-97 3-101

Note: p-values were acquired by Student t-test for continuous variables and nominal variables with
> 5 levels, including age, BMI, and KR follow-up time. The rest of the nominal and categorical
variables were compared by the Chi-square test.

Abbreviations: KR = knee replacement, BMI = body mass index, KL = Kellgren and Lawrence,

PFOA: patellofemoral osteoarthritis.
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Among patients without recorded KR events, a proportion were lost to follow-up: 17/8
patients (training/testing) before 30 months, 42/18 before 60 months, and 79/35 before

84 months, respectively.

3.3.2 RadScore composition

Heterogeneous RadScore performances were found among the three ROIs in 60-month
KR prediction (Figure 3-3). ROIlinf, covering the inferior PF joint area, reached the
highest 60-month KR prediction performance with training and testing AUCs of 0.81
and 0.82, respectively. Therefore, ROIinr was chosen as the ROI for the final RadScore
for KR risk score development. Details of the final RadScore compositions can be

found in Table 3-3.
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Figure 3-3 (a) Region-of-interest (ROI) segmentation of one example patient. (b) Bar plot of
RadScore AUC of each ROI in prediction 60-month KR.
Note: ROIint, which is located at the inferior region of the patellofemoral joint and marked by green

rectangles, achieved the best performance in both training and testing.

Table 3-3 Details of the selected radiomic features and model coefficients of the final patella
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RadScore.

Alias Image Class Name Mean coefficient Norm-mean  Norm-scale

F1 Original First Order Mean 0.199 555.43 65.32

F2 Original NGTDM Strength -0.160 16.34 7.67

F3 LoG (sigma=2mm) GLRLM ShortRunHigh- -0.090 292.31 46.85
GrayLevelEmphasis

F4 Wavelet (LH) GLCM ClusterShade -0.097 -35.24 33.18

F5 Wavelet (LL) First Order Mean 0.198 1110.87 130.63

Intercept --0.24

Note: RadScore can be calculated by the linear combination of the 10 radiomic features plus the
intercept: RadScore = Y,;(f; — m;)/s; - ¢; + a,where f; is value of the ith feature (Fi), m; is the
normalization mean, c; is the normalization scale, c; is the mean coefficient, and a is the

intercept.

3.3.3 RadScore’s independence and predictive value

The PF joint RadScore is an independent risk factor (p-value < 0.001) for KR in both
univariate and multivariate settings, as reported in Table 3-4. During the univariate test,
all the demographic and radiographic factors were significantly associated with KR in
training and testing. However, only KL grade and RadScore persisted as independent
prognostic factors in both training and testing. Notably, PFOA did not demonstrate

independent prognostic value with the presence of RadScore.

Table 3-4 Univariate and multivariate survival analysis results of the final RadScore, baseline KL

grade, and other knee replacement risk factors in training and testing

Cohort Risk factor Univariate Multivariate
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HR (95CI) p-value HR (95CI) p-value

Training RadScore 2.49(2.19-2.83) <0.001 1.45(1.21-1.73)  <0.001
Age 1.04 (1.02-1.05) <0.001 1.01 (0.99-1.03)  0.270
Gender 0.74 (0.56-0.99)  0.046 0.81(0.60-1.09)  0.172
BMI 1.06 (1.04-1.08) < 0.001 0.99 (0.97-1.01)  0.409
KL grade 2.53(2.25-2.84) <0.001 1.88 (1.63-2.17)  <0.001
PFOA 472 (3.55-6.26) <0.001 1.19 (0.85-1.68)  0.304

Testing RadScore 2.29(1.91-2.75) <0.001 1.40(1.09-1.80)  0.009
Age 1.04 (1.01-1.06)  0.002 1.00 (0.98-1.03)  0.745
Gender 0.61 (0.40-0.93)  0.022 0.67 (0.43-1.04)  0.073
BMI 1.05 (1.02-1.07)  <0.001 0.99 (0.96-1.02)  0.682
KL grade 2.39(2.02-2.82) <0.001 2.02(1.65-2.47)  <0.001
PFOA 4.17(2.79-623) <0.001 1.12(0.69-1.83)  0.635

Note: Univariate and multivariate survival analyses were performed by Cox regression. P-value
less than 0.05 (bolded) was considered significant.
Abbreviations: RadScore, radiomics score; HR, hazard ratio; 95CI, 95% confidence interval; BMI,

body mass index; KL grade, Kellgren and Lawrence grade; PFOA, patellofemoral osteoarthritis.

During subgroup analysis, RadScore demonstrated high predictive values for fast
progressors (KR+ (30m)) within early-stage patients (KL grade < 2) with AUC =
0.94/0.75 (training/testing) (Figure 3-4). It also had high discriminative power for KR
at all time points within mid-stage patients (KL grade = 2), and the highest AUCs

(0.83/0.79) were also achieved in predicting 30-month KR occurrence.
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Figure 3-4 The receiver operating characteristic curves of RadScore in predicting 30-, 60-, and 84-

month KR classification in training and testing under different disease stages at baseline visit.

3.3.4 Optimal prognostic performance by KR risk score

The KR risk score achieved the best KR prognosis performance by combining
RadScore and KL grade. Table 3-5 reports the performance comparison by C-index and
time-dependent AUCs among KL grade, RadScore, PFOA + KL grade, and KR risk
score (RadScore + KL grade). KL grade itself had a C-index of 0.83 in training and 0.82
in testing, which were significantly improved by the addition of RadScore to 0.85/0.84

(p-value = 0.003/0.002). Similar trends were observed in time-dependent AUCs where
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the highest was achieved by the KR risk score (30-month: 0.91/0.83, 60-month:
0.89/0.87, 84-month: 0.86/0.86). The KR risk score also achieved significantly higher
C-index values than the PFOA + KL grade model in both the training (p-value = 0.035)
and testing set (p-value = 0.011). Hazard ratios and p-values of the covariates of the KR

risk score are presented in Table 3-6.

Table 3-5 Training and testing performance of three knee replacement risk prediction models.

Training Testing
Model
C-index p-value C-index p-value

KL grade 0.83 (0.81-0.86) 0.003 0.82 (0.78-0.86) 0.002
RadScore 0.78 (0.75-0.81) <0.001 0.78 (0.74-0.82) 0.018
PFOA + KL grade 0.84 (0.81-0.86) 0.035 0.82 (0.78-0.86) 0.011
KR risk score 0.85 (0.82-0.87) - 0.84 (0.80-0.87) -

30m AUC p-value 30m AUC p-value
KL grade 0.90 (0.86-0.92) 0.007 0.80 (0.73-0.87) 0.020
RadScore 0.83 (0.79-0.88) 0.015 0.81 (0.74-0.87) 0.290
PFOA + KL grade 0.90 (0.87-0.92) 0.023 0.81 (0.74-0.88) 0.191
KR risk score 0.91 (0.89-0.94) - 0.83 (0.77-0.89) -

60m AUC p-value 60m AUC p-value
KL grade 0.87 (0.85-0.90) <0.001 0.84 (0.79-0.89) <0.001
RadScore 0.82 (0.78-0.85) <0.001 0.83 (0.78-0.87) 0.123
PFOA + KL grade 0.88 (0.85-0.91) 0.045 0.85 (0.79-0.90) 0.002
KR risk score 0.89 (0.87-0.92) - 0.87 (0.83-0.91) -

84m AUC p-value 84m AUC p-value
KL grade 0.84 (0.81-0.87) 0.008 0.84 (0.80-0.87) 0.003
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RadScore 0.78 (0.74-0.81) <0.001 0.79 (0.74-0.83) 0.009
PFOA + KL grade 0.85 (0.82-0.87) 0.093 0.84 (0.80-0.88) 0.007

KR risk score 0.86 (0.83-0.88) - 0.86 (0.82-0.89) -

Note: One-sided p-values were calculated by permutation test with 1000 iterations. P-value less
than 0.05 (bolded) was considered significant. Significant performance improvements can be
observed when combining RadScore with KL grade, compared to using KL grade alone.

Abbreviations: C-index = concordance index, RadScore = radiomics score, KL. = Kellgren and

Lawrence, 30m = 30-month, 60m = 60-month, 84m = 84-month.

Table 3-6 Coefficients of the KR risk score built by multivariate Cox regression.

Covariate Hazard ratio (95% confidence interval) p-value
RadScore 1.49 (1.27-1.74) <0.001
KL grade 1.94 (1.70-1.23) <0.001

3.3.5 Risk stratification and survival analysis

Significant KR risk score differences were detected among the three follow-up time
points, as shown in Figure 3-5. The KR risk scores of non-progressive patients at 84
months were the lowest, with an average value of 0.74. They were significantly higher
(p-value <0.001) for slow progressors (KR+ (30m-84m)) with an average value of 2.42.
Fast progressors (KR+ (30m)) achieved the highest average KR risk score (2.96), which

is significantly higher than slow progressors (p-value < 0.001).

43



(a) (b) 1.0

6 p = 0.001
| p— | ;
5 4 p<le5 I-!lgh 0.8
risk
o 1 % 0.6
9 Medium w
0 risk w
i ¥ 0.4 1
né Low — isk
¢ ( 0.2 ow ris
¢ risk Medium risk
—— High risk
! ! 0.0 T T T T T T
& 0@ 0 12 24 36 48 60 72 84
Q D Time {(months)
0& Q_)(
© At risk
Low risk 2110 2106 2097 2079 2064 2046 2016 1985
. Mediumrisk 582 570 551 529 507 483 467 434
Progression Highrisk 251 235 212 190 162 152 138 131

Figure 3-5 Distribution of KR Risk Score and Survival Outcomes by Risk Group

Note: (a) KR risk score (RadScore + KL grade) distribution comparisons among non-progressors
within 84 months (KR- (84m)). (b) Knee replacement-free survival (KRFS) curves of the low risk
(green), medium risk (orange), and high risk (red) patients from Kaplan-Meier analysis on the

entire patient cohort.

Three risk groups were stratified based on the optimised KR risk score thresholds of
1.86 and 3.11 (Figure 3-5(a), dashed lines), and distinct survival patterns were observed
among the three risk groups Figure 3-5(b). Patients with KR risk score less than 1.86
were classified as low risk (n = 2110) with minimum risk of KR progression within 84
months (6%), as drawn by the survival confusion matrix in Figure 3-6. Meanwhile,
patients with the score of more than 1.86 but less than 3.11 were classified as medium
risk (n = 582), showing a relatively higher risk of KR within 84 months (25%), but the
fast progression (KR+ (30m)) rate remained as low as 7%. The high-risk group of
patients (n = 251) who had the score greater than 3.11 demonstrated the highest risk of
receiving KR within 84 months (48%) and 30 months (19%). In contrast, only 11% and
3% of KL grade = 2 patients were slow and fast progressors, respectively. Although

similar rates of slow (49%) and fast (20%) progressors were achieved by the KL grade
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of 4, more progressive patients were identified by the proposed high-risk criteria.
Specifically, the positive predictive value (PPV) of our RadScore for predicting knee
replacement (KR) was 46.41%, significantly outperforming the KL grade's PPV of
34.54%. Furthermore, in predicting KR within 30 months, the RadScore's PPV was
27.01%, compared to only 11.61% for the KL grade. These findings underscore the
enhanced precision of RadScore over KL grade in identifying patients at high risk of

both overall KR and rapid progression to KR within a shorter timeframe.
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Figure 3-6 Confusion matrix of the proposed stratification system and KLLG in predicting the three

KR progression speeds.

3.4 Discussion

This study, for the first time, highlights the importance of quantitative analysis of PF
joint from lateral knee radiographs in KR prediction. It also provides a comprehensive
tool incorporating TF and PF joints radiographic information for assisting clinicians in
stratifying patients based on disease progression speed. The developed PF joint
RadScore was validated as an independent prognostic factor for KR and achieved better
KR prognostic performance in early- and mid-stage. The comprehensive KR risk score
achieved the highest performance based on the combination of two joints’ radiographic

information. Distinct KR-free survival patterns were delineated for the three stratified
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risk groups, which could benefit precise rehabilitation therapy by prioritising higher

risk patients with faster disease progression.

3.4.1 Clinical Implications

Despite the heterogeneous KR prediction performance, all three regional ROIs of PF
joint demonstrated certain prognostic values. Those ROIs are located at the surface
between the patella and the femoral notch, known as the trochlea, which is a key area
of contact between these bones. According to Wolff's Law, bones adapt to the loads
under which they are placed. Therefore, changes in this area can reflect the abnormal
stresses on the knee, indicating early signs of OA. Previous research by Bayramoglu et
al. once emphasised the importance of ROI location (30). It confirmed the PFOA
diagnostic ability of two lateral patella ROIs at the PF joint margin (73), which was
consistent with the ROI definitions in our study. The best-performing ROI was located
on the inferior region of the PF joint, with a significant area outside the patella bone.
Based on the distinctive patella shape differences observed from the three groups of
patients, the final RadScore, built mainly from first-order radiomic features, may
capture the patella morphological change due to the altered mechanical loading with
knee joint deterioration. Similarly, previous studies have suggested that patella shape
and alignment strongly correlate with PFOA, PF joint cartilage defect, and physical
activity reduction (74-78). Such visually appreciable changes were effectively captured
and quantified by radiomics, which might reduce the inter-observer variability and

improve diagnostic consistency.

3.4.2 Independent predictors of KR

Results from multivariate analysis suggest that our radiomic characterisation of PF joint
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on lateral radiographs (RadScore) was independently prognostic to the TF joint KL
grade, and the integration of RadScore to KL grade could significantly boost the
performance of KR prediction in the MOST dataset. Despite the limited increments in
C-index and AUC values in the entire MOST cohort, our model revealed its unique
advantages in predicting fast progressors among early- and mid-stage patients in the
subgroup analysis. In contrast, the study that primarily focused on the TF joint
demonstrated the highest performance for late-stage patients (79). This is consistent
with previous research conclusions indicating that the PFOA manifests before the
TFOA (80). Predicting fast progressors in the early- and mid-stage is crucial, as early

intervention may alter the disease trajectory and lead to improved outcomes.

On the other hand, demographic information had limited independent prognostic values
for KR prediction, and the current clinical diagnostic criteria for the PF joint (PFOA)
did not achieve an independent prognostic value. This finding further underlines the
importance of PF joint as well as its quantitative characterisation compared to the other
risk factors. It may also suggest stronger correlations of PF joint with symptomatic

presentations, which is consistent with previous clinical observations (81).

3.4.3 Limitations of this study

Several limitations in this study in data interpretation shall be fully aware of, which
warrant further improvements in future investigations. First, only the initial visit
radiographs were analysed for KR prediction. A dynamic risk assessment method using
image sets from a time series may further improve prediction accuracy. Second,
although the MOST dataset is combined by several cohorts, a comprehensive
assessment of the proposed patella RadScore and KR risk score on various external

datasets with different patient distributions is necessary to further demonstrate the
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model’s generalisability. We have investigated the OAI dataset, but it cannot fulfil our
purposes. The dataset lacks sufficient subjects with lateral view X-rays; none of these
cases had KR surgery records. Future research could explore alternative datasets or
await updated data releases. Third, our machine learning analysis of lateral view
radiographs requires patella segmentation, which was achieved by manually contouring.
In addition, the KL grade of the PA view was acquired by manual reading. A fully
automated risk assessment pipeline requires automatic lateral view patella
segmentation and quantitative TF and PF joint assessments from the PA view

radiographs, which will be conducted in the next stage of our research.

3.5 Chapter summary

In summary, we developed a PF joint RadScore on lateral knee radiographs, which was
validated as an independent prognostic factor to predict KR risk among Knee OA
patients. The KR risk score that incorporates TF and PF joints radiographic information
achieved the best KR prognostic performance. Based on this score, the stratification
system could triage knee OA patients into three distinct KR-free survival groups to
reflect the progression speed. It would serve as a clinical reference to guide exercise or

other physical therapy for secondary prevention of knee OA deterioration.
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Chapter 4: Generalisability of a Patellofemoral Radiomics

Model Across Multiple Cohorts Using Domain Adaptation

4.1 Chapter overview

Radiomics-based modelling has shown increasing promise in the assessment of knee
OA, particularly in its ability to extract high-dimensional imaging biomarkers that are
predictive of disease progression and surgical outcomes. In previous work, a PF-
specific radiomics model developed using handcrafted features from lateral knee
radiographs demonstrated strong performance in identifying individuals at elevated risk
for total knee replacement. However, the translation of such models from research
environments to broader clinical practice remains constrained by a critical limitation:

generalizability.

Radiomics models are inherently sensitive to variations in image acquisition protocols,
scanner types, population demographics, and data preprocessing pipelines. These
factors can lead to significant shifts in feature distributions across datasets—a
phenomenon referred to as “domain shift.” As a result, models trained on a single
dataset may perform well in internal validation but exhibit reduced accuracy or
calibration when applied to external populations. This issue poses a major barrier to the
clinical implementation of radiomics, especially in multi-centre studies or across

international cohorts where imaging conditions and patient profiles are not standardised.

In the context of knee OA, this challenge is especially pronounced. Existing large-scale
cohorts often differ by region, race, healthcare system, and radiographic technique. For

example, U.S.-based cohorts typically use a standardised fixed-flexion or weight-
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bearing protocol, while cohorts from Asia or Europe may use alternative positioning
methods. Even within the same modality, slight differences in resolution or contrast can
affect the derived radiomic features. Furthermore, patient-specific characteristics—
such as body mass index, skeletal morphology, or disease phenotype—may introduce
additional variability in the appearance of joint structures on radiographs. Without
appropriate adjustments, these factors can diminish the external validity of any trained

model.

Domain adaptation has emerged as a viable solution to this problem. It refers to a class
of machine learning techniques aimed at minimising the discrepancy between source
and target data distributions, thereby enabling more consistent model performance
across diverse datasets. In contrast to traditional model retraining, which requires large,
annotated datasets from each new site, domain adaptation methods allow knowledge
transfer using a limited number of samples from the target domain. This is especially
advantageous in medical imaging, where data sharing is often restricted, and label

availability may be limited.

In this chapter, we investigate the generalisability of the previously developed PF-
specific radiomics model across multiple OA cohorts using domain adaptation
strategies. Specifically, we explore the generalised patellofemoral radiomics (GPR)
model’s robustness when applied to international datasets differing in ethnicity, imaging
protocol, and sample size. We evaluate both direct transfer performance and adaptation-
enhanced performance, aiming to quantify the degree to which domain adaptation can
mitigate performance degradation in new populations. By doing so, this work addresses
a crucial translational barrier in OA radiomics research and contributes to the

development of deployable, population-agnostic imaging biomarkers for clinical use.
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4.2 Methodology

4.2.1 Data sources and participants

This study leveraged multicontinental cohorts for model training, refinement, and
external testing. The MOST cohort (North America: US) was used for training, the HK
cohort (Asia: HK) for refinement, and the Meniscal Tear and Osteoarthritis Risk
(MenTOR) and Knee Injury Cohort at the Kennedy (KICK) cohorts (Europe: UK) for

external testing.

In brief, we re-labelled the MOST dataset as the US cohort, the HADCL dataset as the
HK cohort, and the combined MenTOR and KICK datasets as the UK cohorts. The UK
cohorts were selected to represent individuals with early-stage radiographic OA
changes drawn from high-risk populations of knee injury, allowing for the evaluation

of model generalisability in younger individuals.

Eligibility criteria for this study: All cohort participants required a ‘valid’ baseline
lateral knee X-rays on non-specialist review (see below). Participants were excluded if
they had less than 60 months of follow-up without a recorded endpoint or sufficient
interim data to definitively rule out reaching the study endpoint within 60 months.
Knees with a history of KR before baseline or missing baseline radiographs (see below)
were excluded. The knee with the higher KL grade or closer to the endpoint was
designated as the index knee for analysis; if data for that knee were missing, the other

knee was selected. The STROBE diagram can be found in Figure 4-1.
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Figure 4-1 STROBE Diagram of Participant Selection and Cohort Inclusion Criteria.
Note: US = United States; HK = Hong Kong; UK = United Kingdom; KR = Knee Replacement;

KOOS = Knee Injury and Osteoarthritis Outcome Score; vKR = Virtual Knee Replacement.

Subjects after inclusion and exclusion in the US and HK cohorts were randomly divided
into training, validation, and testing sets in an 8:1:1 ratio. Subjects after inclusion and

exclusion in the UK cohorts were combined and used as an external testing set.

4.2.2 Exposures and Imaging Acquisition

Lateral knee plain X-rays were used as the primary imaging source for radiomics
feature extraction to be used as the exposure. The radiograph set was from the

participant's baseline visit (or earliest visit after enrolment).

In the US cohort, X-rays were acquired using a standardised protocol, with participants
in a semi-flexed, weight-bearing position. The knee was aligned parallel to the Bucky,
and the foot was placed against a plexiglass plate, ensuring consistent visualisation of

the PF joint.

In the HK cohort, X-rays were collected from routine clinical records across multiple
hospitals. As no unified imaging protocol was applied, considerable heterogeneity in

knee positioning, flexion angle, and exposure settings existed in real-world clinical
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practice.

For the UK cohorts, X-rays were typically non-weight-bearing (participant lying on
side and semi-flexed). Proper collimation, superimposition of femoral condyles, and

standardised exposure settings were used to ensure consistent image quality.

These variations in imaging protocols between cohorts were one of the considerations
when selecting cohorts, to enable typical variation in radiograph acquisition of a lateral
view, as in clinical care, to apply domain adaptation techniques to improve model

generalisability across diverse clinical environments.

For all cohort X-rays, a simple (non-specialist) quality control review at upload
removed those where the whole PF joint was not present, or the index knee X-ray was
not available/had been mislabelled. These formed the radiographic dataset for each

cohort.

4.2.3 Covariates and Baseline Measures

Baseline covariates included age, sex, and BMI, all of which were recorded at the time
of the radiograph imaging. Structural severity of knee OA was assessed using the KL
grade of the TF joint (an ordinal grade, from 0-4). PFOA status was evaluated using
lateral knee X-rays and recorded as a binary variable (presence or absence of
radiographic OA features). Both KL grade and PFOA served as a comparator/reference
with the model rather than a model input. They were determined by two trained
musculoskeletal radiologists through consensus scoring within each of the studies. In
the HK cohort, the data of BMI, KL grade, and PFOA were not recorded as discrete

values.
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In a subset of MOST study participants, WORMS was available to quantify cartilage
morphology changes in the knee joint. WORMS was correlated with X-ray-derived

parameters to understand the bone-cartilage pathological interrelationship.

4.2.4 Outcomes

The primary outcome of this study was the genuine KR (for US and HK cohorts) or
virtual knee replacement (VKR, for UK cohorts) within a 60-month follow-up. In all

cases, this was a binary variable (present/absent).

For the US cohort, an estimation of 95% of KR events recorded in the US cohort were
total KR, although such information was unavailable in the public dataset. For the HK
cohort, all KR events referred to total joint replacement surgery, labelled by ICD code

81.54.

The Knee Injury and Osteoarthritis Outcome Score (KOOS) is a 5-domain patient-
reported survey and was the primary outcome measure for both the UK cohorts, so
available for all participants at relevant follow-ups. In the UK cohorts, where KR events
were limited due to the relatively young study, earlier stage populations, we applied a
validated algorithm to define vKR based on longitudinal KOOS subscale scores to
reflect the risk of disease progression (82). Full details of the vKR calculation and

implementation are provided in the Appendix.

4.2.5 Radiomics Analysis

Radiomic features were extracted from lateral knee X-rays using our established
protocol (83) via an open-source package named PyRadiomics (v3.0.1) (68). Radiomic

features were combined with demographic features (baseline age, sex, and baseline
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BMI) for feature selection. The workflow can be found in Figure 4-2. Feature selection
was performed using the mRMR algorithm (69). Selected features were constrained to

less than 10% of the test set size and normalised using Z-scores (11).
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Figure 4-2 Methodological workflow for the study.

Note: ROI = Region of Interest; KL = Kellgren-Lawrence; MRI = Magnetic resonance imaging.

In our previous model (83), feature selection had been performed independently for the
US and HK, as shown in Figure 4-3(A). In contrast, here in this domain adaptation
approach, our GPR model constructed a shared feature space by using the intersection
of the top-ranked features from the US and HK cohorts, retaining only features

consistently informative across both groups for training the domain-adapted model.
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Figure 4-3 Model Development and Validation Across Cohorts.

Note: (A) Overview of model development for the US model, HK model, and GPR model across
the cohort datasets.

(B) ROC curves comparing the performance of the three models (US model, HK model, and GPR
model) in predicting KR across cohorts. Upper panel: Model performance in the US cohort. Middle
panel: Model performance in the HK cohort. Lower panel: Model performance in the UK cohorts.
Abbreviations: US = United States; HK = Hong Kong; UK = United Kingdom; GPR = Generalised
Patellofemoral Radiomics; ROC = Receiver Operating Characteristic; KR = Knee Replacement;

AUC = Area Under the Receiver Operating Characteristic Curve.
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The Gradient Boosting Classifier, a machine learning algorithm that builds an ensemble
of decision trees to improve prediction accuracy, was employed for the classification of
genuine and virtual KR events. The feature set that achieved the highest average AUC
across both the US cohort and HK cohort was selected as the best-performing set and
used to construct the GPR Score, scaled from 0 to 1, which assessed the likelihood of

receiving KR based on radiomic features.

To assess the performance and generalisability of the proposed models, we compared
three different approaches: the US Model (trained on the US cohort), the HK Model
(trained on the HK cohort), and the GPR Model (trained on intersecting features from

the US and HK cohorts).

To further evaluate predictive performance, AUC values for GPR Score, PFOA status,
KL Grade, and their combination (KL Grade + GPR Score) were compared in both the
US and UK cohorts using Bayesian bootstrap resampling. Subgroup analyses were
conducted in the US cohort, stratifying participants by OA severity (KL grade <2 vs.

KL grade > 2), to determine the GPR Score’s effectiveness across disease stages.

4.2.6 Statistical Analysis

Baseline characteristics were summarised as median (IQR; range) for continuous
variables and n (%) for categorical variables. Differences between cohorts and the US
cohort were assessed using the t-test for age and BMI, the Mann—Whitney U test for

KL Grade, and the Chi-square test for sex, PFOA and KR/vKR event.

Model performance was assessed using AUC as the primary metric to assess

classification accuracy in the GPR score for correctly classifying KR within 60 months.
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Bayesian Bootstrap Resampling (84) with 10,000 iterations was used to compare AUC
differences between models. In each iteration, normalised weights were sampled from
an exponential distribution, and weighted AUCs were computed. The resulting
distribution of AUC differences was used to estimate the two-sided probability

(Pr[AUC, > AUC::]) that one model outperformed another.

To understand the histopathology underlying the GPR score, the association between
the GPR Score and joint structure was evaluated using Spearman correlation analyses
with baseline MRI-based WORMS cartilage morphology scores in the US cohort. For
comparison, correlations with PFOA status and KL Grade were also assessed.
Spearman p and p value were calculated, and the results are shown in a correlation

matrix.

4.3 Results

4.3.1 Participant characteristics

A total of 10664 participants, with 2,955 from the US cohort, 7,544 from the HK cohort,
and 165 from the UK cohorts, were included in the study (Figure 4-1). Baseline
characteristics (at the time of imaging), including age, sex, BMI, KL grade, and the
frequency of PFOA, and the incidence of 60-month KR, were summarised in Table 4-1.

Details for the MenTOR and KICK cohorts in the UK were listed in Table 4-2.

Table 4-1 Baseline Characteristics of the Studied Cohorts

US Cohort HK Cohort p-value UK Cohorts p-value

Participants 2955 7544 / 165 /
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Age* 62 (55-69; 50-79) 66 (57-77; 45-104) 38 (26-49; 17-62) <0.001
Male 1789 (60.5%) 2340 (31.0%) 116 (70.3%)
Sex 0.015
Female 1166 (39.5%) 5204 (69.0%) 49 (29.7%)
29.86 (26.66-33.71 2663 (23.27-29.84;
BMI* / <0.001
16.72-71.91) 18.94-49.90)
0 960 (32.5%) / 84 (50.9%)
1 635 (21.5%) / 25 (15.2%)
2 548 (18.5%) / 34 (20.6%)
KL Grade* <0.001
3 453 (15.3%) / 17 (10.3%)
4 356 (12.0%) / 0 (0.0%)
Missing 3 (0.1%) / 5 (3.0%)
Yes 535 (18.1%) / 20 (12.1%)
PFOA* No 2237 (75.7%) / 115 (69.7%) 0.237
Missing 183 (6.2%) / 30 (18.2%)
KREvent Yo 325 (11.0%) 619 (8.2%) 207 (12.1%)
0.749
in 60m No 2630 (89.0%) 6925 (91.8%) 145 (87.9%)

Note: Data are median n (IQR; range) or n (%). Percentages may not sum to 100% due to rounding.

P-values were compared between this group and the US cohort. They were obtained using the t-

test for continuous variables, including age and BMI. KL Grade was analysed using the Mann-

Whitney U test. The remaining categorical variables were compared using the Chi-square test.

* Baseline refers to the time of imaging.
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1 KR Event for UK cohorts was assessed by vKR criteria.

Abbreviations: US = United States; HK = Hong Kong; UK = United Kingdom; BMI = Body Mass

Index; KL = Kellgren-Lawrence Grade; PFOA = Patellofemoral Osteoarthritis; KR = Knee

Replacement; vKR = Virtual Knee Replacement; IQR = Interquartile Range.

Table 4-2 Baseline Characteristics of the MenTOR & KICK

UK Cohorts
(MenTOR & KICK MenTOR KICK
combined cases)
Patient No. 165 77 88
Age* 38 (26-49; 17-62) 50 (45-53; 31-62) 26 (23-34; 17-50)
Male 116 (70.3%) 48 (62.3%) 68 (77.3%)
Sex
Female 49 (29.7%) 29 (37.7%) 20 (22.7%)
26.63 (23.27-29.84; 18.94—  28.70 (24.83-32.38; 19.03—  25.09 (22.81-28.31; 18.94—
BMI*
49.90) 49.90) 38.94)
0 84 (50.9%) 5(6.5%) 79 (89.8%)
1 25 (15.2%) 21 (27.2%) 4 (4.5%)
2 34 (20.6%) 31 (40.3%) 3 (3.4%)
KL Grade*
3 17 (10.3%) 17 (22.1%) 0 (0.0%)
4 0 (0.0%) 0 (0.0%) 0 (0.0%)
Missing 5(3.0%) 3 (0.0%) 2 (2.3%)
PFOA* Yes 20 (12.1%) 9 (11.7%) 11 (12.5%)
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No 115 (69.7%) 65 (84.4%) 50 (56.8%)

Missing 30 (18.2%) 3 (3.9%) 27 (30.7%)
KR Event Yes 20 (12.1%) 19 (24.7%) 1(1.1%)
in 60m’ N 145 (87.9%) 58 (75.3%) 87 (98.9%)

Note: Note: Data are median n (IQR; range) or n (%). Percentages may not sum to 100% due to
rounding.

* Baseline refers to the time of imaging.

+ KR events were assessed by vKR criteria.

Abbreviations: UK = United Kingdom; BMI = Body Mass Index; KL = Kellgren—Lawrence Grade;
PFOA = Patellofemoral Osteoarthritis; KR = Knee Replacement; vKR = Virtual Knee

Replacement; IQR = Interquartile Range.

The HK cohort differed significantly from the US cohort in age, sex, and KR incidence.
Compared to the US cohort, the UK cohorts were generally younger and had lower KL
grades and BMI, as expected. However, the frequency of PFOA and KR/VKR was

similar between the US and the UK.

4.3.2 Domain adaptation

Single-cohort-trained models showed reduced performance when applied to other
cohorts (Figure 4-3(B), Table 4-3). The US-trained model achieved an AUC of 0.76
(95% CI: 0.68-0.84) in the US cohort but an AUC 0f 0.63 (0.57-0.69) in the HK cohort.
The HK-trained model performed better in the HK cohort (AUC 0.71, 0.65-0.77) than
the US-trained model (p < 0.001) and had lower performance in the US cohort (AUC

0.54, 0.45-0.64, p < 0.001).
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Table 4-3 Model Performance Across Cohorts

Cohort Model AUC (95%CI) p-value
Us US-trained 0.76 (0.68 —0.84) 0.841
UsS HK-trained 0.54 (0.45 - 0.64) 0.005
Us GPR 0.73 (0.65-0.81) ref
HK US-trained 0.63 (0.57 - 0.69) <0.001
HK HK-trained 0.71 (0.65-0.77) 0.823
HK GPR 0.70 (0.64 — 0.76) ref

UK US-trained 0.37 (0.27 - 0.48) 0.003
UK HK-trained 0.50 (0.37 - 0.62) 0.099
UK GPR 0.64 (0.52 - 0.76) ref

Note: AUC values are reported with 95% CI in parentheses. P-values represent comparisons of
each model with the GPR model (reference, “ref”’) within each cohort and were calculated using
Bayesian bootstrap resampling with 10,000 iterations.

Abbreviations: US = United States; HK = Hong Kong; UK = United Kingdom; GPR = Generalised
Patellofemoral Radiomics; AUC = Area Under the Receiver Operating Characteristic Curve; CI =

Confidence Interval.

To address the unmet need of generalisability of our model, we trained the GPR model
on intersecting features from the US and HK cohorts. Selecting 9 features for the GPR
model reached the best performance (Figure 4-4). These features were primarily first-
order image intensity descriptors (Table 4-4). The GPR model achieved an AUC of 0.73
(0.65-0.81) in the US cohort, similar to the US-trained model (AUC 0.76, p = 0.841)
and higher than the HK-trained model (AUC 0.54, p = 0.005). In the HK cohort, the
GPR model achieved an AUC of 0.70 (0.64—0.76), comparable to the HK-trained model

(p = 0.823) and higher than the US-trained model (p < 0.001). In the UK cohort, the
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GPR model reached an AUC of 0.64, compared to 0.37 for the US-trained model (p =

0.003) and 0.50 for the HK-trained model (p = 0.099).

Model Performance (AUC)

1.0

o
[
|

o
o
\

o
IS

o
[N]
\

—e— GPR Model -> US
GPR Model -> HK

0.0 T

6 8

10

12

Feature Numbers

Figure 4-4 GPR model’s performance on the US cohort and HK cohort using different feature sets.

Abbreviations: US = United States; HK = Hong Kong; GPR = Generalised Patellofemoral

Radiomics; AUC = Area Under the Receiver Operating Characteristic Curve.

Table 4-4 Radiomics Features Summary

US Cohort HK Cohort Intersection
Rank/
Image Class Name Image Class Name Image Class Name
Root mean
1 Original First order Median Original Firstorder 90 percentile Original First order
squared
Small area high Difference
2 |Wavelet(HL) GLSZM Wavelet (LH) GLCM Wavelet (LL)  First order Mean
gray level emphasis entropy
3 |Wavelet (LL) First order Mean Wavelet (LL)  Firstorder 90 percentile Original First order 10 percentile
Root mean Root mean
4 |Wavelet (LL) First order Median |Wavelet (LL) First order Wavelet (LL)  First order
squared squared
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Long run low

5 |Wavelet (HH) GLRLM Wavelet (LL)  First order Maximum | Wavelet (LL)  First order Median
gray level emphasis
Root mean
6 Original First order Mean Original First order Wavelet (LL)  Firstorder 10 percentile
squared
Root mean
7 Original First order Wavelet (LH) GLCM Correlation Original First order Mean
squared
Root mean
8 |Wavelet (LL) First order Wavelet (LL) First order Mean Original First order Median
squared
9 Original First order Energy Original First order Maximum Original GLCM Joint average
LoG
10 First order Median Original First order Mean
(o =3mm)
Gray level
11 Original GLSZM Original First order Median
variance
LoG
12 First order Mean wavelet-HL GLCM Correlation
(o0 =3mm)
13 | Wavelet (LL)  First order Energy Wavelet (LL) First order Median
LoG LoG
14 First order Mean First order Maximum
(o =2mm) (o= 1mm)
Mean absolute
15 | Wavelet (LL)  Firstorder  Total energy Original First order
deviation
LoG
16 | Wavelet (LL) GLCM Sum average First order Minimum
(o =3mm)
Gray level
17 Original Firstorder  Total energy | Wavelet (LL) GLSZM
non uniformity|
Mean absolute
18 | Wavelet (LL) GLCM Joint average | Wavelet (LL)  First order
deviation
LoG
19 |Wavelet (LL) First order 10 percentile First order Energy
(o =3mm)
20 Original GLCM Sum average | Wavelet (LL) First order 10 percentile
21 | Wavelet (LH) GLCM Cluster shade |  Original GLCM  Joint average
Auto
22 | Wavelet (LL) GLCM Original First order 10 percentile
correlation
LoG
23 Original First order 10 percentile First order 10 percentile
(o =3mm)
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24

Original GLCM Joint average| wavelet-HH GLCM Correlation

Note: The radiomics features in bold are duplicated in the US and HK, which have been included
in the intersection. For a detailed description and comprehensive list of all radiomic features
analysed in this study, readers are directed to the PyRadiomics documentation available at
https://pyradiomics.readthedocs.io/en/latest/features.html. This documentation provides extensive
information on each feature's calculation and theoretical background, ensuring a thorough
understanding and facilitating the reproducibility of our analyses (26).

Abbreviations: US = United States; HK = Hong Kong; LoG = Laplacian of Gaussian; GLCM =
Gray Level Co-occurrence Matrix; GLSZM = Gray Level Size Zone Matrix; GLRLM = Gray
Level Run Length Matrix; First order = First-order statistics; LL, LH, HL, HH = Low- and high-
frequency components from wavelet decompositions; ¢ = Standard deviation (for LoG filter

kernel).

4.3.3 Model interpretation

To develop the GPR Score, we applied the best-performing GPR model utilising 9
selected features. The GPR Score had the strongest correlations with lateral patellar
cartilage (p = 0.344) and lateral anterior femoral cartilage (p = 0.321) on WORMS,
indicating alignment with patellofemoral disease as a continuous measure (Figure
4-5(A), Figure 4-6(A)). In contrast, KL Grade correlated most strongly with medial

femoral and tibial cartilage WORMS scores.
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Figure 4-5 Comparison Between GPR Score and PFOA Status.

Note: (A) Coloured bubble plot illustrating Spearman correlations of GPR Score and PFOA status
with MRI-based WORMS cartilage morphology subregions. Colour intensity indicates the
strength of correlation (Spearman's p), and bubble size corresponds to statistical significance (p-
value). Bubbles with black contours indicate statistically significant correlations (p < 0.05).

(B) ROC curves comparing the performance of GPR Score and PFOA status in predicting KR
across cohorts. Upper panel: US cohort; Lower panel: UK cohorts.

Abbreviations: GPR = Generalised Patellofemoral Radiomics; PFOA = Patellofemoral
Osteoarthritis; WORMS = Whole-Organ Magnetic Resonance Imaging Score; ROC = Receiver
Operating Characteristic; AUC = Area Under the Receiver Operating Characteristic Curve; KR

= Knee Replacement.
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Figure 4-6 Relationship Between GPR Score and KL Grade.

Note: (A) Coloured bubble plot illustrating Spearman correlations of GPR Score and KL Grade
with MRI-based WORMS cartilage morphology subregions. Colour intensity indicates the
strength of correlation (Spearman's p), and bubble size corresponds to statistical significance (p-
value). Bubbles with black contours indicate statistically significant correlations (p < 0.05).

(B) ROC curves comparing the performance of GPR Score, KL. Grade, and their combination
(GPR Score + KL Grade) in predicting KR across cohorts. Upper panel: US cohort; Lower panel:
UK cohorts.

Abbreviations: GPR = Generalised Patellofemoral Radiomics; KL = Kellgren—Lawrence;
WORMS = Whole-Organ Magnetic Resonance Imaging Score; ROC = Receiver Operating

Characteristic; AUC = Area Under the Curve; KR = Knee Replacement.

Comparison of the GPR Score and PFOA status for predicting KR is shown in Figure

4-5(B). In the US cohort, the GPR Score had an AUC of 0.73, compared to 0.68 (0.59—
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0.77) for PFOA status (p = 0.201). In the UK cohorts, the GPR Score had an AUC of

0.64, compared to 0.54 (0.44-0.64) for PFOA status (p = 0.074).

When combined with existing KL Grade information, it appeared that integrating
information from both the PF and TF joints improved model performance (Figure
4-5(B)). The combined AUC increased to 0.90 (0.86—0.94) in the US cohort (vs. 0.73
for GPR Score, p = 0.003) and to 0.85 (0.78-0.91) in the UK cohort (vs. 0.64 for GPR
Score, p=0.013). The combined model and KL Grade alone yielded similar results (US:

0.90 vs. 0.85, 0.79-0.91, p = 0.159; UK: 0.85 vs. 0.76, 0.64-0.85, p = 0.175).

4.4 Discussion

In this study, we demonstrated the feasibility of a domain-adapted radiomics pipeline
(the GPR model) to provide robust and generalisable predictions of knee OA
progression across cohorts from the US, HK, and the UK. The GPR Score maintained
high predictive accuracy in both internal and external testing, addressing domain gaps
due to variations in population characteristics, clinical practice, and imaging protocols
(85, 86). The straightforward and feasible nature of our approach—selecting shared,
transferable radiomics features—makes it practical for wider adoption. Moreover, the
use of ethnically and geographically diverse populations further enhances the external

validity and potential real-world applicability of this approach.

4.4.1 Strength beyond the PFOA

Our GPR Score offers several potential advantages compared to traditional PFOA
grading. First, it provides an automated method of assessment directly from standard

X-rays, potentially reducing the reliance on specialist interpretation and easing

68



healthcare access, especially in settings with limited resources. Second, as a continuous
numerical measure, the GPR Score may offer increased sensitivity and precision in
capturing subtle structural changes over time, though this remains to be confirmed
through further longitudinal validation studies. Third, its objective, quantitative nature,
derived from radiomic features, might help reduce subjectivity and inter-reader
variability common with manual grading systems, thus potentially enhancing
reproducibility. Collectively, these characteristics suggest the GPR Score could be
valuable, particularly in large-scale epidemiological research or clinical contexts where

consistent expert evaluation is challenging.

4.4.2 Synergistic effect with KL grade

The synergy between the GPR Score and KL Grade suggests that combining the
measures for both compartments of the knee joint provides a more comprehensive
assessment than using either alone. The correlation between GPR Score and WORMS
further supports its pathological relevance. Interestingly, KL. Grade demonstrated
stronger associations with medial joint structures, aligning with its historical emphasis
on TFOA progression. The GPR Score showed a greater correlation with lateral
cartilage changes, particularly in the patella and lateral anterior femur, reflecting its
ability to capture distinct aspects of OA pathology. This lateral focus is clinically
meaningful, as lateral PF degeneration is more prevalent and more strongly associated
with pain and disability. It is commonly driven by modifiable factors such as
maltracking, valgus alignment, lateral patellar tilt, and increased lateral joint loading
(87, 88). When combined with KL Grade, the GPR Score significantly improved model
performance, outperforming the GPR Score alone. Although differences compared to

KL Grade alone were not statistically significant, likely due at least in part to limited
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sample size, the combined model highlights the complementary value of integrating PF
radiomics with TF grading for a more comprehensive OA risk assessment. It may
represent an opportunity to add TF radiomics to such a model instead, to harness the

advantages of a continuous, objective, automated measure.

4.4.3 Limitations of this study

This study has several limitations. First, while the study included geographically
diverse cohorts, it did not capture South Asian, African or other populations, which may
limit the generalisability of the findings across all ethnic groups. Second, the sample
size in certain analyses, particularly in subgroup and external validation comparisons,
was limited, which may reduce statistical power and increase uncertainty around model
estimates. Moving forward, prospective studies are needed to validate this approach in
larger, more diverse global cohorts and to evaluate its performance prospectively.
Furthermore, while KL Grade provided a useful measure of TF involvement, a future
radiomics-based pipeline integrating both PF and TF compartments could offer a more
comprehensive evaluation, further enhancing clinical prediction and management

strategies.

4.5 Chapter summary

In conclusion, by addressing the domain gaps prevalent in radiomics and machine
learning research, our domain-adapted GPR model demonstrates feasibility and
practicality for predicting knee OA progression in diverse, real-world clinical settings.
This automated, objective radiograph-based biomarker offers a promising approach to
stratify OA progression risk, potentially improving patient management and optimising

healthcare resources globally.
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Chapter S: Deep-Learning Radiomics Analysis of the
Tibiofemoral Joint: Improved Assessment of Knee OA

Severity and Progression

5.1 Chapter overview

Radiomics has gained substantial traction in musculoskeletal imaging for its potential
to extract high-dimensional features from standard medical images and to convert these
features into clinically meaningful insights. Traditionally, radiomics pipelines have
relied on handcrafted features—quantitative descriptors of image intensity, shape, and
texture—paired with conventional machine learning models to perform classification
or regression tasks. While effective in several contexts, this approach has limitations,

especially when applied to anatomically complex and heterogeneous diseases such as

knee OA.

The TF joint, the primary load-bearing compartment of the knee, presents a unique
challenge for radiomics analysis. The morphological variations across patients,
compounded by differences in OA phenotypes and radiographic presentation, demand
an approach capable of capturing subtle, nonlinear relationships within the image data.
Handcrafted features, although interpretable, may not fully encapsulate the joint’s
complex structural patterns. Moreover, the performance of such models is often
constrained by the assumptions and simplifications inherent in manually defined

features.

Deep learning, and specifically CNNs, offers a powerful alternative. Unlike traditional

radiomics, deep learning models do not rely on predefined image descriptors. Instead,
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they learn hierarchical representations of the image data directly from pixel-level inputs.
This allows for the discovery of abstract and context-specific imaging biomarkers that
may not be apparent to human observers or manually encoded. CNNs are particularly
well-suited for image-based tasks due to their ability to preserve spatial relationships

and recognise local patterns such as edges, textures, and anatomical contours.

In recent years, deep learning has demonstrated considerable success in medical image
classification, segmentation, and prognosis prediction. Its application in OA, however,
is still emerging. Studies have begun to explore CNNs for predicting OA presence or
progression from knee radiographs, often showing superior performance compared to
traditional methods. Nevertheless, many of these models are limited by a lack of
interpretability, constrained generalizability, and a narrow focus on binary classification

or KL grading replication.

In this chapter, we explore the use of a deep learning-based radiomics framework
tailored to the assessment of TF joint severity and progression in knee OA. The model
is designed to predict longitudinal outcomes rather than replicate existing grading
systems, thereby shifting the focus from diagnostic labelling to personalised
prognostication. Unlike handcrafted approaches, our method leverages the entire
radiographic context of the joint, including implicit spatial patterns and morphological

asymmetries that may be indicative of early or advancing disease.

Through this work, we aim to develop a deep-learning-based radiomics score (DR
Score) and demonstrate that deep learning radiomics can serve as a complementary or
superior alternative to traditional methods in capturing the full complexity of knee joint
degeneration. Furthermore, we investigate the clinical implications of such a model,

particularly its utility in stratifying patients at high risk of progression and informing
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earlier, more targeted interventions.

5.2 Methodology

5.2.1 Data sources and participants

We analysed data from two major US-based, multicentre, longitudinal cohort studies—
the MOST and the OAI—for model training and internal testing. Two UK-based studies,

the MenTOR study and the KICK study, were used for external validation.

Participants were excluded if they had less than 60 months of follow-up, lacked baseline
radiographs, presented with visible KR at baseline, or if the radiographs failed to meet

quality standards necessary for accurate automatic segmentation.

Following exclusions, participants from the US datasets were randomly allocated to
training and testing sets in an 8:2 ratio, ensuring that both knees from a single subject
remained within the same subset. All eligible participants from the UK-based studies
were used for external testing. Unlike the US-based studies, where both knees were
analysed, only one index knee per subject was selected in the UK-based studies, based
on the higher KL grade. This is because symptom progression in the UK-based studies
was assessed at the subject level rather than separately for each knee. An overview of

participant inclusion and exclusion across cohorts is summarised in Figure 5-1.
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OAI (N = 4,796) | MOST (N = 3,026) | KICK (N = 150) | | MenTOR (N = 115)

n=9,592 n = 6,052 n =150 n =115
US-based studies UK-based cohorts
Excluded: Excluded:
+ < 60-month tracking & not + < 24-month tracking & not
underwent KR reached vKR positive
(N =1,107; n = 2,214) (N = 69; n = 69)
- Baseline PA knee radiographs: - Baseline PA knee radiographs:

absent or underwent KR Included (N = 6,578) Included (N = 135) absent (N = 61; n = 61)
(N =60; n=120) n = 12,905 n =135

« Image quality issues
(n = 405)

]

Internal Testing (N = 1,316) External Testing (N = 135)
n=2,591 n =135

Training (N = 5,262)
n =10,314

Figure 5-1 Flow diagram illustrating the inclusion and exclusion process of participants in the
study.

Note: OAI = Osteoarthritis Initiative, MOST = Multicenter Osteoarthritis Study, KICK = Knee
Injury Cohort at the Kennedy, MenTOR = Meniscal Tear and Osteoarthritis Risk, US = United
States, UK = United Kingdom, PA = poster-anterior, BMI = Body Mass Index, KL = Kellgren-
Lawrence, WORMS = Whole-Organ Magnetic Resonance Imaging Score, KR = knee replacement,

KOOS = Knee Injury and Osteoarthritis Outcome Score, vKR = virtual knee replacement.

5.2.2 Exposures and imaging acquisition

Radiographs were obtained at the participant’s baseline visit (or the earliest available
visit after enrolment). All four cohorts (OAL, MOST, KICK, and MenTOR) acquired
bilateral standing posteroanterior semi-flexed (Rosenberg) knee radiographs to assess

structural osteoarthritis.

In OAI, MOST, and MenTOR, standardised positioning devices (SynaFlexer or
plexiglass frame) were used to fix knee flexion and foot rotation while maintaining
equal weight bearing. The x-ray tube was angled caudally (typically 10°, calibrated or
adjusted when necessary) and centred at the tibiofemoral joint line to optimise tibial
plateau alignment. MOST and MenTOR allowed minor angle adjustments (5°—15°) to
improve tibial plateau superposition. In contrast, the KICK study used the Rosenberg

view without a positioning frame or fluoroscopy. Radiographers relied on a foot
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template and asked participants to flex comfortably, resulting in less standardised

positioning across individuals.

Radiographs from all cohorts were used for KL grading. A non-specialist quality control
review removed unavailable, mislabelled, or poor-quality images at upload. The

remaining radiographs formed the final dataset for analysis.

5.2.3 Covariates and baseline measures

Baseline demographic variables (age, sex, and BMI) were collected for all participants.
Structural severity of knee OA was assessed using the tibiofemoral KL grade (0—4) as
previously assigned by each cohort (89). In a subset of MOST participants, additional
clinical and imaging data were available, including ligament repair history and Whole-

Organ Magnetic Resonance Imaging Score (WORMS) assessments at baseline (20).

5.2.4 Outcomes

The primary outcome was the time to a genuine KR event for US cohorts or a vKR for
UK cohorts. Both total and partial knee replacements were considered. In the US-based
studies, both KR events and time-to-event information were identified from medical
records, postoperative imaging, and participant self-reports. In the UK-based studies,
where few surgical events were recorded due to the younger age of participants, vKR
status and corresponding event times were estimated based on symptom progression

criteria (82). Further details regarding vKR criteria are provided in the Appendix.

5.2.5 Deep Learning Radiomics analysis

Overview of the Framework
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The proposed radiomics pipeline is fully automated, from initial bounding box
segmentation to the final output of the Deep-learning-based Radiomics Score (DR
Score). The workflow consists of automatic detection of the knee joint, extraction of
imaging features, attention-based feature aggregation, and DR Score generation (Figure

5-2).

u
Short-range KNN ~ ®C®
W, Adjacency Matrix

Attention Map

Faster R-CNN

(Backbone | . ..
ResNet-50) I % Position
Encoding

W, n
b Long-range KNN "®
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L]

Representations of

Attention-based MIL DeepSurv
Instances i

Bounding Box Segmentation Bag of Instances Pooling Layer

Aggregated Attention

Figure 5-2 Deep learning radiomics framework pipeline.

Note: The process includes bounding box segmentation with Faster R-CNN, followed by dividing
the region into a bag of instances. Features are extracted using a CNN with position encoding and
processed through short-range and long-range aggregated attention. The outputs are pooled via
traditional MIL attention pooling and passed through DeepSurv layers to generate the DR Score.
Abbreviations: Faster R-CNN = faster region-based convolutional neural network, CNN =
convolutional neural network, KNN = top-k nearest neighbours, MIL = multiple instance learning,

FC = fully connected.

Automatic Segmentation of Knee Joint (Pretraining)

To enable fully automated analysis, we fine-tuned a pretrained Faster Region-based

Convolutional Neural Network (Faster R-CNN) model with a ResNet-50 backbone and
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Feature Pyramid Network architecture (90) for knee joint localisation on radiographs.
The original Faster R-CNN model, pretrained on a general object detection dataset, was
adapted for knee imaging by additional training using 100 manually annotated bilateral
knee radiographs (200 knees). Manual annotations were performed using ITK-SNAP
(version 4.0.2) (91). We enforced standardised rectangular bounding boxes aligned with
the knee's left and right contours to maintain consistency in ROI dimensions across
images. After fine-tuning, the model was used to automatically detect and extract ROIs
from all radiographs. Preprocessing included grayscale conversion, contrast
enhancement (via histogram equalisation), and standardisation to left-knee orientation

to ensure consistency prior to analysis.

Feature Extraction

Each extracted ROI was divided into non-overlapping patches. Each patch was
independently processed using a ResNet-18 CNN (92), which extracted high-
dimensional feature vectors capturing the local visual characteristics of each patch. To
preserve spatial relationships, sinusoidal positional encodings were added to each
feature vector, enabling the model to distinguish patches based on anatomical location

as well as content (93).

Attention-based Aggregation

We applied both short- and long-range self-attention mechanisms to capture relevant

local and global features.

Short-range attention focused on aggregating information from neighbouring patches

within a predefined physical distance on the radiograph. For each patch, an adjacency
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matrix was constructed to define connections to its immediate neighbours (94).
Through a self-attention mechanism, the model learned to assign higher weights to
neighbouring patches with similar features, allowing enhanced focus on continuous

anatomical structures, such as joint space narrowing.

Long-range attention captured relationships between patches that were distant in
physical space but exhibited similar visual features (95). This mechanism enabled the
model to detect and relate structural abnormalities that may appear across different

regions of the knee, such as widespread osteophyte formation or ligament changes.

The outputs were averaged to form unified feature vectors that integrated detailed and
contextual imaging information (96). This dual-attention strategy enhanced the model’s
ability to understand complex anatomical relationships across the knee joint. An

illustration of these attention mechanisms is provided in the first row of Figure 5-3.

Full Short-Range Long-Range Long-Short-Range Aggregated

Self-Attention Mechanism

Average Attention Map

Figure 5-3 Comparison of different self-attention mechanisms.
Note: The figure illustrates traditional full self-attention, short-range self-attention, long-range
self-attention, and long-short-range aggregated self-attention mechanisms. The bottom row shows

the corresponding attention maps, overlaid on the knee joint, with weights highlighted. The
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average attention map demonstrates that long-short-range aggregated self-attention focuses more
on specific areas, particularly around the joint space, compared to full self-attention. This targeted

attention enhances the model's ability to capture relevant features related to joint health.

DR Score Computation

Patch-level features were aggregated into a patient-level prediction using an attention-
based multiple instance learning (MIL) framework (97). This allowed the model to

assign greater weight to patches most relevant to KR risk.

The aggregated feature vector was then passed through a DeepSurv layer (98), which
integrates a Cox proportional hazards model within a deep learning architecture. This
enabled the direct prediction of time-to-event outcomes—specifically, the likelihood

and timing of KR surgery over the study follow-up period.

The final output was defined as the DR Score. To facilitate interpretation and

comparability, DR Scores were rescaled to a standard range from 0 to 4.

5.2.6 Statistical Analysis

The predictive performance of the DR Score was assessed using survival analysis
metrics. The C-index measured the model’s ability to correctly rank time-to-KR
outcomes. To evaluate overall discrimination across follow-up, the average AUC was
calculated by deriving AUC values at multiple fixed time points (3, 6, 9, 12, ..., 108
months) and computing their mean. External validation in the two UK cohorts used the
same evaluation framework. For comparison, we evaluated three models: (1) DR Score

alone, (2) KL grade alone, and (3) a combined model including both.
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To interpret model predictions, attention heatmaps were generated to visualise image
regions contributing most strongly to the DR Score. Patch interrelationship analysis

was also performed to assess distinctiveness of high-attention patches.

The relationship between DR Score and KL grade at baseline was examined using
Spearman’s rank correlation. We further assessed predictive relevance by calculating
the proportion of knees undergoing KR during follow-up with 95% confidence intervals

(CIs).

To determine independent prognostic value, univariate and multivariate Cox
proportional hazards regression analyses were performed, and hazard ratios (HRs) with

95% ClIs were reported for demographic and radiographic variables.

To explore clinical and structural relevance, Spearman’s correlation was used to assess
associations of DR Score and KL grade with ligament repair history and WORMS-
defined joint damage. Additionally, the Mann—Whitney U test was applied to compare

DR Score and KL grade distributions across WORMS-based lesion severity subgroups.

5.2.7 Risk Stratification

A piecewise linear regression model was fitted to the DR Score versus proportion curve
to identify potential inflexion points indicating changes in the rate of risk increase.
Based on the fitted model, it was planned that two cutoff points would be selected to
separate all US subjects into three progression groups: slow progressors, intermediate
progressors and rapid progressors. The stratification performance of the DR Score was
further assessed using Kaplan-Meier survival analysis, comparing time-to-KR between

risk groups.
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5.3 Results

5.3.1 Participants characteristics

Figure 5-1 presents a flow diagram outlining the inclusion and exclusion process for
participant selection. The US-based studies initially included 7,822 participants (15,644
knees) at baseline. A total of 120 knees (from 60 participants) were excluded due to
missing baseline knee radiographs. An additional 405 knees were excluded because of
inadequate image quality, and 2,214 knees (from 1,107 participants) were excluded due
to death, withdrawal of consent, or loss to follow-up. Ultimately, 12,905 knees from
6,578 participants were included for analysis. Among these, 10,314 knees (5,262
participants) were allocated to the training set, and 2,591 knees (1,316 participants) to

the internal testing set.

For the UK-based studies, a total of 265 participants were enrolled. Exclusions included
61 participants with missing baseline radiographs and 69 participants who withdrew
consent or were lost to follow-up, resulting in 135 participants being included in the

external testing set.

Table 5-1 summarises baseline demographic and clinical characteristics across the
training, internal testing, and external testing sets, including age, sex, BMI, KL grade.
The frequency of KR and vKR events is also reported. All variables were generally
comparable between the training and internal testing sets. Variables were generally well
balanced between the training and internal testing sets. As expected, external testing
participants differed in age, BMI, and, to a lesser extent, sex due to demographic and
clinical variation, but showed comparable distributions in KL grade and KR/vKR event

frequency.
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Table 5-1 Summary statistics for demographic variables of the study participants.

p-value p-value
Parameters Train Internal Test External Test
(Train vs Test) (Train vs External)
Participants n 5,262 (10,314, 1,316 (2,591,
135 (135)
(knees n) 79.9%) 20.1%)
0.231 <0.001
Age 61.4 (45 to 79) 61.1 (45 to 79) 35.2 (17 to 60)
Male 2,088 (39.7%) 537 (40.8%) 102 (75.6%)
0.456 0.072
Sex
Female 3,174 (60.3%) 779 (59.2%) 33 (24.4%)
2942 (1690 — 2937 (1672 — 2674 (1894 — <0.001
BMI
71.91) 60.06) 49.90)
0 4,185 (40.5%) 1,045 (40.3%) 74 (54.8%)
1 1,811 (17.6%) 420 (16.2%) 22 (16.2%)
2 2,237 (21.7%) 607 (23.4%) 28 (20.7%)
KL grade 0219 0.382
(knees) 3 1,493 (14.5%) 357 (13.7%) 10 (7.4%)
4 513 (5.0%) 131 (5.1%) 0 (0%)
Missing 75 (0.7%) 31 (1.2%) 1 (0.7%)
Yes 943 (9.1%) 247 (9.5%) 16 (11.9%, vKR)
KR event 0.540 0.565
(knees) No 9,371 (90.9%) 2,344 (90.5%) 119 (88.1%, vKR)

Note: Data are presented as mean (range) for continuous variables and frequency (percentage) for
categorical variables. Statistical comparisons between groups were conducted using t-tests for

continuous variables and chi-square tests for categorical variables. Significance was determined at
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a p-value of < 0.050. BMI = body mass index, KL. = Kellgren-Lawrence grade, KR = knee

replacement, vKR = virtual knee replacement.

5.3.2 Development and evaluation of DR Score

During model optimisation, various attention mechanisms were compared. The
proposed long—short range aggregation strategy demonstrated superior performance
over conventional full self-attention, as summarised in Table 5-2 and Table 5-3. The
DR Score demonstrated strong predictive performance for KR in the internal testing set
derived from the US-based studies. It achieved a C-index of 0.849 and an AUC of 0.885

over a nine-year follow-up.

Table 5-2 Performance of full-attention model in different patch size

Patch Size C-index (mean + SD) Average AUC (mean + SD)
5x5 0.806 + 0.003 0.847 £ 0.002
6x6 0.821 £ 0.002 0.855 +0.007
7x7 0.825 £ 0.005 0.861 £ 0.006
8 x8 0.819+0.012 0.863 £0.014
9x9 0.813+0.013 0.853 +£0.008
Table 5-3 Performance of long-short-range model in different settings
C-index Long Range
(mean + SD) 5 7
0.842 +0.003 0.844 + 0.004 0.843 +0.003
Short
0.842 +0.003 0.849 + 0.001 0.844 +0.001
Range
0.843 + 0.003 0.848 + 0.002 0.844 £ 0.004
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Average AUC Long Range
(mean + SD) 3 5 7
0 0.876 + 0.008 0.876 + 0.003 0.878 + 0.004
Short
1 0.878 £ 0.003 0.885 + 0.000 0.878 £ 0.001
Range
2 0.877 + 0.005 0.885 +0.002 0.881 +0.003

Visualisation through average heatmaps revealed that our model primarily focused on
the medial joint space and moderately focused on the ligament region and lateral joint
space, as shown in the second row of Figure 5-3. This pattern indicates that our model
identified and emphasised the most relevant anatomical features in its assessments,
particularly the joint space between the femur and tibia, as shown in Figure 5-4(A). We
numbered the patches from 0 to 48, as illustrated in Figure 5-4(B), and analysed their
interrelationships. We found that patches with high self-attention values were the most

unique, exhibiting the lowest interrelationship with other patches, as shown in Figure

5-4(C).

A

Figure 5-4 Analysis of Model Self-Attention and Patch Interrelationship.
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Note: (A) Heatmap showing the model’s focus (Bright yellow indicates greater attention, while
dark blue represents lesser focus). (B) Numbered patch grid (0-48) used to analyse the
interrelationships between patches. (C) Patches with high self-attention values (marked in red)

were found to be the most unique, exhibiting the lowest interrelationship with other patches.

5.3.3 Relationship Between DR Score and KL Grade

Independence of DR Score

As shown in Table 5-4, all demographic and radiographic variables were significantly
associated with the risk of knee replacement in univariate Cox regression analyses
across both the training and testing sets. In multivariate analyses, however, only KL
grade (p < 0.001) and the DR Score (p < 0.001) remained independent prognostic
factors in both sets. Sex approached significance but did not reach statistical threshold
(p = 0.060). Notably, the HR associated with the DR Score was substantially higher
than that of KL grade (4.53 vs. 1.36), suggesting superior predictive strength for

progression to knee replacement surgery.

Table 5-4 Results of univariate and multivariate analyses examining the association between

predictor variables and the outcome of interest.

Univariate Multivariate

HR (95CI) p-value HR (95CI) p-value
Train
Sex 0.65 (0.54 - 0.78) <0.001 0.64 (0.53 -0.77) <0.001
Age 1.04 (1.03 — 1.05) <0.001 1.01 (1.00 — 1.02) 0.084
BMI 1.06 (1.05 - 1.07) <0.001 1.01 (1.00 — 1.02) 0.097
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KL Grade 1.66 (1.61 —1.72) <0.001 1.30 (1.23 - 1.38) <0.001

DR Score 5.04 (4.32-5.89) <0.001 3.34 (2.84 -3.94) <0.001
Test

Sex 0.61 (0.42 - 0.89) 0.010 0.69 (0.47 — 1.02) 0.060
Age 1.04 (1.01 — 1.06) 0.001 0.99 (0.97 - 1.01) 0.428
BMI 1.05 (1.03 — 1.08) <0.001 1.00 (0.98 —1.03) 0.991
KL Grade 1.71 (1.60 — 1.81) <0.001 1.36 (1.20 — 1.56) <0.001
DR Score 7.42 (5.08 — 10.80) <0.001 4.53 (3.06 — 6.70) <0.001

Note: Univariate and multivariate survival analyses were performed by Cox regression and results
are presented as HR with 95% CI. Significance was determined at a p-value of < 0.050 (bolded).
HR =hazard ratio, 95CI =95% confidence interval, BMI = body mass index, KL. Grade = Kellgren-

Lawrence grade, DR Score = deep learning-based radiomics score

Agreement Between DR Score and KL Grade

As shown in Figure 5-5(A), Spearman’s rank correlation between baseline DR Score
and KL grade demonstrated a moderate positive association (p = 0.696, p < 0.001),

indicating partial overlap in the structural severity captured by the two measures.

The proportion of knees undergoing knee replacement was plotted across increasing
strata of DR Score and KL grade (Figure 5-5(B) and 6-5(C)). Both measures showed a
positive association with surgical outcomes; however, the DR Score exhibited a more
continuous and gradually increasing risk gradient, suggesting superior discriminative

capacity across a broader spectrum of disease severity.
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Spearman Correlation: 0.693, p-value: <0.001

DR Score
Proportion of KR
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Figure 5-5 Comparison between DR Score and KL Grade in relation to knee replacement outcomes.
Note: (A) Spearman’s rank correlation between baseline DR Score and KL grade. (B) Proportion
of knees undergoing knee replacement across increasing DR Score strata. Shaded regions show 95%
ClIs. (C) Proportion of knees undergoing knee replacement across KL grade strata.

Abbreviations: DR Score = deep learning-based radiomics score, KL = Kellgren-Lawrence, KR =

knee replacement.

Association with Clinical and MRI Features

As shown in Figure 5-6(A), the DR Score showed a stronger correlation than KL grade
with ligament repair history (Spearman’s p = 0.517, p = 0.050), suggesting greater

sensitivity to post-traumatic changes.

Among participants with radiographic knee OA (KL grade > 2), both the DR Score and
KL grade exhibited moderate to weak correlations with WORMS cartilage and
osteophyte features. Figure 5-6(B) presents the average and standard deviation of
correlation coefficients across anterior, central, and posterior subregions of each
compartment (20), revealing that the DR Score was more strongly associated with

lateral compartment features compared to KL grade.
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Figure 5-6 Associations between DR Score, KL grade, and clinical/ MRI-based structural features.
Note: (A) Spearman’s correlation between DR Score and ligament repair history. (B) Comparison
of Spearman’s correlation coefficients between DR Score and KL grade with WORMS-derived
cartilage thickness and osteophyte features across anterior, central, and posterior subregions of
each knee compartment.

Abbreviations: DR Score = deep learning-based radiomics score, KL. Grade = Kellgren-Lawrence

grade, MC = Medial Compartment, LC = Lateral Compartment

Additive Value of DR Score over KL Grade

As shown in Table 5-5, KL grade alone achieved a C-index of 0.821 (95% CI: 0.795—
0.851) and an average AUC of 0.856 (0.830—0.880), whereas the DR Score alone
significantly improved performance to a C-index of 0.849 (0.826-0.871) and an
average AUC of 0.885 (0.861-0.907). The combined model yielded the highest
discrimination, with a C-index of 0.863 (0.838—0.889) and an average AUC of 0.900
(0.876-0.923), also statistically superior to KL grade. It demonstrated the potentially

synergistic value of combining both measures.
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5.3.4 External Validation in UK-based studies

In external testing (Table 5-5), conducted in younger and demographically distinct UK-
based cohorts using VKR as the outcome, the DR Score preserved clinically useful
predictive accuracy (C-index 0.751; average AUC 0.791), comparable to KL grade (C-
index 0.751; average AUC 0.776). Importantly, combining both measures further
enhanced performance, achieving a C-index of 0.806 and an average AUC of 0.850,

indicating complementary prognostic value beyond either measure alone.

Table 5-5 Comparative Performance Metrics of DR Score, KL Grade, and Combined Model

Internal Test External Test
Model C-index (95% CI)  p-value Average AUC (95% CI) p-value C-index (95% CI)  p-value Average AUC (95% CI) p-value
KL Grade 0.821 (0.795 - 0.851) ref 0.856 (0.830 — 0.880) ref 0.751 (0.646 — 0.850) ref 0.776 (0.682 — 0.865) ref
DR Score 0.849 (0.826 —0.871)  0.037 0.885 (0.861 —0.907) 0.015 | 0.751(0.606 —0.877)  0.999 0.791 (0.664 — 0.903) 0.893
Combined Model | 0.863 (0.838 —0.889)  <0.001 0.900 (0.876 — 0.923) <0.001 | 0.806 (0.681-0.918)  0.384 0.850 (0.740 — 0.951) 0.173

Note: Combined model composed of KL. Grade and DR Score. C-index = concordance index, AUC
= area under the receiver operating characteristic curve, KL. = Kellgren-Lawrence, DR Score =

deep learning-based radiomics score

5.3.5 Risk stratification and survival analysis

As shown in Figure 5-7(A), piecewise linear regression applied to the relationship
between DR Score and the proportion of KR (Figure 3B) identified two inflexion points
at DR Scores of 2.31 and 3.49. These cut-offs were used to stratify all US participants
into slow (DR Score < 2.31), intermediate (2.31 < DR Score < 3.49), and rapid (DR
Score > 3.49) progressors. Kaplan-Meier survival analysis (Figure 5-7(B))

demonstrated clearly separated risk trajectories across the three groups. Over the 108-
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month (nine-year) follow-up, slow progressors (n = 7,447) had a cumulative KR
incidence of 2.0%, intermediate progressors (n = 3,557) had 9.8%, and rapid

progressors (n = 2,438) exhibited a markedly higher incidence of 36.3%.

A Slow Progressor Intermediate Progressor Rapid Progressor [

8%

6%

4% 4

Probability of Survival (Non-KR)

Proportion of KR

650 | — Slow Progressor
Intermediate Progressor

60% | —— Rapid Progressor
2% 0 12 24 36 48 60 72 84 % 108

At risk Time (months)

_ Slow Progressor 7447 7445 7436 7425 7408 738 7358 7333 7317 7301
" intermediate 500, 3538 3505 3462 3411 3374 3335 3277 3233 3207
Progressor

25 3.0 35 4.0

2.0
DR Score Rapid Progressor 1901 1817 1729 1633 1528 1445 1360 1281 1230 1211

Figure 5-7 Risk stratification using the DR Score and corresponding survival outcomes.
Note: (A) Piecewise linear regression identified inflexion points at a DR Score of 2.31 and 3.49. (B)
Kaplan—Meier survival curves for the slow, intermediate and rapid progressors.

Abbreviations: DR Score = deep learning-based radiomics score, KR = knee replacement

5.4 Discussion

This study developed and validated a DR Score to predict the risk of knee replacement
using plain radiographs. While its performance was comparable to the established KL
grade, the DR Score offers additional advantages as a continuous, fully automated
measure that may capture subtle variation in disease severity and progression risk
beyond categorical grading. This approach has the potential to enhance risk profiling,
facilitate early identification of high-risk patients, and complement existing clinical

assessments.
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5.4.1 Comparative Performance and Generalisability

When compared with previous deep learning efforts, our model appears to demonstrate
both better discrimination and broader generalisability. Earlier deep learning
approaches for knee OA radiographs reported AUCs of 0.79 in population-based
cohorts (13). In contrast, our model achieved an AUC of 0.885 in the OAI and MOST
cohorts and maintained robust performance in two independent UK cohorts (AUC =
0.791). These findings highlight the potential additional value of the DR Score, which
would suggest improved performance despite large, unselected cohorts with diverse
imaging protocols and demonstrates consistent external validation despite distinct

clinical settings, countries and patient populations.

5.4.2 Comprehensive Feature Representation Beyond KL Grading

The DR Score captures joint features beyond the medial tibiofemoral compartment
targeted by KL grading, including the lateral compartment and intercondylar/cruciate
ligament region, offering a more comprehensive view of pathology. Previous deep
learning studies also noted attention to these regions—beyond what KL grading
captures—but did not investigate their clinical relevance (99, 100). This broader focus
could be beneficial because important structural changes in OA are not always confined
to the medial side. For example, the lateral compartment may show greater
heterogeneity in early or post-traumatic OA and is often affected by lateral meniscal
injury or valgus/pivot-shift instability (101, 102). Similarly, cruciate ligament damage
may reflect not only prior injury but also gradual attritional or degenerative changes
that are not captured by KL grading or consistently documented in clinical history (103,
104). These may help explain why the DR Score maintained strong performance in

younger UK cohorts. Overall, by integrating signals from multiple joint compartments,

91



the DR Score may capture clinically relevant aspects of disease that conventional

grading or self-reported history could overlook.

5.4.3 Clinical Utility and Personalised Risk Stratification

From a clinical perspective, the continuous nature of the DR Score, unlike the
categorical KL grade, allows more precise risk stratification and supports KR risk-
aligned triage, enabling personalised treatment planning. In practice, individuals at
higher risk could receive earlier interventions such as education, weight management,
and exercise-based physiotherapy, along with closer monitoring and timely referral to
orthopaedics or rheumatology when needed. Moreover, identifying distinct progression
groups can further optimise surgical prioritisation, which is especially valuable in

healthcare systems with long waiting times for KR, such as Hong Kong.

5.4.4 Implementation and Integration into Clinical Workflow

The DR Score would also be readily accessible for integration into routine clinical path.
Knee radiographs are already widely ordered and archived in Picture Archiving and
Communication Systems (PACS) systems, and our automated pipeline requires only
the standard Digital Imaging and Communications in Medicine (DICOM) image,
generating an interpretable output that could be automatically appended to radiology
reports alongside KL grading. The addition of a continuous, reproducible score which
may relate to clinical risk may improve reporting consistency across centres and reduce
dependence on reader expertise. In regions where radiologist reporting is costly or
delayed, the DR Score could further support timely decision-making. Importantly, the
DR Score could be accompanied by attention heatmaps that highlight lesion-relevant

regions, providing visual interpretability (much like outputs for vertebrae in a bone
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density scan report) that can enhance clinician trust and further support appropriate
clinical use, the implementation of which could be explored further with relevant

stakeholder groups.

5.4.5 Limitations of this study

First, variability in image acquisition, positioning, and quality may affect model
performance; however, training on heterogeneous US cohorts and validation in UK
cohorts was intended to improve robustness across real-world settings. Ongoing
monitoring and local calibration will still be important in implementation. Second, vKR
was used in the UK cohorts due to the younger population and low surgical event rates.
Although vKR is not identical to actual KR, it reflects clinically meaningful symptom
progression and may capture appropriate KR need. Nevertheless, longer follow-up with
actual KR events will be valuable to confirm these findings. Finally, the DR Score was
derived from posteroanterior radiographs only. This modality was chosen because it is
the most widely used screening view in clinical practice, supporting scalability;
however, future work integrating lateral or multimodal imaging (e.g. MRI) may further

enhance predictive performance.

5.5 Chapter summary

In conclusion, the DR Score provides a potentially clinically valuable, automated, and
reproducible approach to predicting KR risk from radiographs. By offering a
continuous output, broader anatomical sensitivity, and potential for integration into
routine practice, it complements KL grading and may enable robust stratification across
diverse populations. These findings highlight its potential as a scalable tool to support

more personalised and risk-stratified care in knee OA.
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Chapter 6: Multi-view radiomics: integration of
patellofemoral and tibiofemoral features enhances

prediction of knee OA progression

6.1 Chapter overview

Knee OA is a multifactorial and structurally heterogeneous disease that rarely manifests
uniformly across the joint. Instead, degeneration typically affects specific anatomical
compartments—most commonly the TF and PF joints—either independently or
concurrently. Each compartment has distinct biomechanical functions, loading patterns,
and disease trajectories. The TF joint bears the majority of axial load during gait and is
often the primary focus of radiographic grading and clinical decision-making. In
contrast, the PF joint is crucial for activities involving knee flexion, such as stair
climbing or rising from a chair, and is increasingly recognized as a frequent site of early

OA-related changes and pain.

Despite these compartment-specific characteristics, most existing radiographic OA
assessments—such as the KL grading scale—provide a single global score, failing to
capture the nuanced spatial distribution of joint degeneration. As a result, early signs of
localized OA, particularly in the PF joint, may be overlooked or underestimated.
Furthermore, radiomics-based studies to date have largely adhered to this
compartmental separation, developing predictive models either for the TF or PF joint
independently. While such approaches have demonstrated value in their respective
contexts, they inherently assume that each compartment functions as an isolated
predictive domain. This assumption overlooks potential synergistic interactions and

structural interdependencies between compartments that may collectively influence OA
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progression and patient outcomes.

The rationale for adopting a multi-compartment, or multi-view, radiomics approach lies
in the hypothesis that integrating information from both the TF and PF joints provides
a more comprehensive and biologically relevant representation of joint health.
Structural abnormalities in one compartment may alter biomechanics and loading
patterns in the other, potentially accelerating degeneration. For instance, cartilage loss
or osteophyte formation in the PF joint may affect patellar tracking and increase stress
on the medial TF compartment. Conversely, varus or valgus malalignment in the TF
joint may secondarily alter PF joint mechanics. Capturing such inter-compartmental
relationships requires a modelling framework capable of synthesizing features from

multiple views and anatomical regions.

In addition to improving biological fidelity, multi-view radiomics may also enhance
predictive performance. Independent PF and TF models may each capture unique
features relevant to OA progression, but their predictive power may be incomplete when
considered in isolation. A combined model has the potential to increase sensitivity and
specificity by incorporating a broader array of imaging biomarkers, thus better
reflecting the complex and multifaceted nature of the disease. This is particularly
important for patients at intermediate KL grades or those with asymmetric disease

patterns, where clinical decision-making is often uncertain.

Therefore, in this chapter, we propose a multi-view radiomics framework that integrates
features extracted from both the PF and TF compartments to improve prediction of knee
OA progression. This approach builds upon prior compartment-specific models
developed in earlier chapters and addresses a critical methodological gap in OA

imaging research. By evaluating whether integration leads to measurable improvements
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in prognostic accuracy and clinical utility, this work aims to lay the groundwork for

more holistic, patient-centred risk stratification strategies in knee OA management.

6.2 Methodology

6.2.1 Data Sources and Participants

This preliminary study utilised the MOST cohort, referred to here as the US cohort, and
a combination of the MenTOR and KICK cohorts, collectively designated as the UK

cohorts.

Participants were included if they had valid baseline radiographs from both PA and
lateral views of the knee, enabling radiomics analysis of both the PF and TF
compartments. To ensure reliable outcome classification, participants were required to
have at least 60 months of follow-up or clear interim clinical documentation that
allowed for definitive assessment of osteoarthritis progression status. Individuals with

a history of knee replacement prior to baseline were excluded.

For each participant, the most affected knee—defined as the knee with the higher KL
grade or the one more proximally related to the study endpoint—was selected as the
index knee for analysis. If data for the initially selected knee were incomplete, the

contralateral knee was used instead.

In this study, the US cohort was used solely for internal model evaluation, as both the
GPR Score and the DR Score had already been independently developed and validated
using this population in prior work. The UK cohort served as an external test set to
further assess the generalisability and predictive value of the multi-view combined

model, allowing direct comparison of individual and integrated radiomics scores across
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different clinical populations.

6.2.2 Exposures and Imaging Acquisition

Both PA and lateral knee radiographs were used as the primary imaging sources for
radiomics feature extraction. These two views provided complementary information on
the TF and PF compartments, respectively, and were jointly analysed in the multi-view
radiomics framework. All radiographs were taken at the baseline visit (or earliest

available visit post-enrolment) and served as the exposures for predictive modelling.

In the US cohort, PA and lateral knee X-rays were acquired using standardized protocols.
For the PA view, the Rosenberg technique was employed, with participants in a semi-
flexed, weight-bearing position and knees positioned for optimal joint space
visualization. The lateral view was also acquired in a semi-flexed, weight-bearing
position with the knee aligned parallel to the Bucky and the foot placed against a
plexiglass plate, ensuring clear visualization of the PF joint. These imaging protocols

provided consistent and high-quality radiographs suitable for radiomics analysis.

In the UK cohorts, both PA and lateral radiographs were collected as part of routine
clinical imaging. PA views were typically acquired using standing protocols, though
weight-bearing status may have varied across clinical sites. Lateral views were
generally non-weight-bearing, with participants lying on their side in a semi-flexed
position. Standardized exposure settings, proper collimation, and superimposition of
femoral condyles were applied to maintain image consistency across subjects.
Nonetheless, some heterogeneity in positioning and acquisition technique remained,

reflecting the variability encountered in real-world clinical environments.
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For all cohorts, a non-specialist quality control procedure was applied. X-rays were
excluded if the index knee was missing, mislabelled, or not clearly visible, or if the PF
joint was not fully captured in the lateral view. Only knees with valid PA and lateral

radiographs at baseline were included in the final radiographic dataset for analysis.

6.2.3 Covariates and baseline measures

Baseline covariates in this study included KL grade and PFOA status, both of which
served as reference standards for evaluating the performance of the radiomics models.
These covariates were assessed at the same baseline visit when the PA and lateral

radiographs were obtained.

KL grade, an ordinal measure ranging from 0 to 4, was used to evaluate the structural
severity of tibiofemoral joint osteoarthritis based on PA view radiographs. PFOA status
was assessed from lateral view radiographs and recorded as a binary variable indicating
the presence or absence of radiographic features of patellofemoral OA. Both metrics
were determined through consensus readings by two experienced musculoskeletal

radiologists as part of the original cohort studies.

Importantly, neither KL grade nor PFOA status was used as model input. Instead, they
served as comparators in downstream analysis to benchmark the predictive
performance of the radiomics-based scores (GPR and DR Scores) and their combination.
This design allowed for an objective evaluation of whether imaging-derived
quantitative features could outperform conventional expert-based grading systems in

predicting disease progression.
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6.2.4 Outcomes

The primary outcome of this study was the occurrence of KR or vKR within a 60-month

follow-up period, treated as a binary variable (yes/no).

In the US cohort, KR events primarily referred to total knee replacements, as estimated
by clinical collaborators. In the UK cohorts, where actual KR events were infrequent
due to the younger age and earlier disease stage of participants, a validated algorithm
was applied to derive vKR from longitudinal KOOS data (82). This approach allowed
for the identification of knees with significant symptomatic deterioration indicative of

eventual surgical need.

Full details on the vKR algorithm are provided in Appendix. No outcome-related data

were used in model training or score calculation.

6.2.5 Radiomics Score Computation and Model Comparison Strategy

This study aimed to assess the added predictive value of integrating radiomic features
from both PF and TF compartments in forecasting knee replacement risk. Two

previously developed and independently validated radiomics-based scores were used:

GPR Score, derived from features extracted from lateral knee radiographs and trained

on PF joint morphology.

DR Score, generated using deep learning feature representations from PA view

radiographs targeting TF joint structure.

Both scores were computed for each index knee using baseline radiographs from the
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US and UK cohorts. No model retraining or recalibration was performed; the outputs

from the original models were directly used.

To evaluate the predictive utility of combining these two views, the following

comparisons were conducted:

GPR Score vs. Combined Score, and DR Score vs. Combined Score: assessing whether
the integrated model (GPR + DR) outperforms either score alone, thus supporting the

value of multi-compartment analysis.

KL Grade vs. KL Grade + PFOA, and PFOA vs. KL Grade + PFOA: evaluating whether

combining conventional clinical indicators improves prediction.

Combined GPR + DR Score vs. KL Grade, and Combined GPR + DR Score vs. KL
Grade + PFOA: benchmarking the multi-view radiomics model against expert-derived

structural assessments.

All comparisons were performed in the external test set (UK cohorts), using standard
metrics of predictive discrimination including AUC, sensitivity, specificity, and

calibration plots where applicable.

This analysis was designed to determine whether multi-view radiomics provides
incremental prognostic value beyond single-compartment models or clinical grading
systems, offering a preliminary but important step toward comprehensive image-based

OA risk stratification.
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6.2.6 Statistical Analysis

All statistical analyses were conducted using Python (version 3.9), with commonly used
packages such as scikit-learn, pandas, numpy, and pROC for performance evaluation

and visualization.

The primary evaluation metric was the AUC, used to compare the discriminative
performance of different predictive models. AUC values were computed for each of the

following configurations in the external test set (UK cohorts):

e GPR Score alone

e DR Score alone

e Combined GPR + DR Score

o KL Grade alone

e PFOA alone

e Combined KL Grade + PFOA

e Combined GPR + DR Score vs. KL Grade

e Combined GPR + DR Score vs. KL Grade + PFOA

DeLong’s test was used for pairwise AUC comparisons to determine whether
differences between models were statistically significant. Additionally, sensitivity,
specificity, and accuracy were calculated at the optimal cutoff point (defined by

Youden’s index) to aid interpretation.

Missing data in the outcome (VKR) definition were handled according to the validated
algorithm previously developed. Only knees with clearly defined outcomes and

complete radiographic data (PA and lateral views) were included in the final analysis.
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All statistical tests were two-sided, and a p-value of less than 0.05 was considered

statistically significant unless otherwise specified.

6.3 Results

6.3.1 Participants Characteristics

After merging the subjects having GPR Score and DR Score, we get 2,659 participants
from US cohort and 135 participants from UK cohorts. Baseline characteristics (at the
time of imaging), including age, sex, BMI, KL grade, and the frequency of PFOA, and

the incidence of 60-month KR, were summarised in Table 6-1.

Table 6-1 Baseline Characteristics of the Studied Cohorts

US Cohort UK Cohorts p-value
Participants 2659 135 /
Age* 62 (55-68; 50-79) 33 (24-47; 17-60) <0.001
Male 1628 (61.2%) 101 (74.8%)
Sex <0.001
Female 1031 (38.8%) 34 (25.2%)

29.72 (26.58-33.56; 16.72—  26.28 (22.96-29.42; 18.94—

BMI* <0.001
71.91) 49.90)
0 1194 (44.9%) 79 (58.5%)
1 454 (17.1%) 16 (11.9%)
KL Grade* <0.001
2 402 (15.2%) 25 (18.5%)
3 405 (15.1%) 8 (5.9%)
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4 204 (7.7%) 0 (0.0%)

Missing 0 (0.0%) 7 (5.2%)
Yes 403 (15.2%) 17 (12.6%)
PFOA* No 2142 (80.6%) 88 (65.2%) 1.000
Missing 114 (4.2%) 30 (22.2%)
KR Event Yes 312 (11.7%) 157 (11.1%)
0.934
in 60m No 2347 (88.3%) 120 (88.9%)

Note: Note: Data are median n (IQR; range) or n (%). Percentages may not sum to 100% due to
rounding. P-values were compared between this group and the US cohort. They were obtained
using the t-test for continuous variables, including age and BMI. KL Grade was analysed using the
Mann-Whitney U test. The remaining categorical variables were compared using the Chi-square
test.

* Baseline refers to the time of imaging.

+ KR Event for UK cohorts was assessed by vKR criteria.

Abbreviations:

US = United States; HK = Hong Kong; UK = United Kingdom; BMI = Body Mass Index; KL =
Kellgren—-Lawrence Grade; PFOA = Patellofemoral Osteoarthritis; KR = Knee Replacement; vKR

= Virtual Knee Replacement; IQR = Interquartile Range.

6.3.2 Model Performance in the US Cohort (MOST)

In the MOST cohort, which provided a well-controlled training and validation
environment, the combined radiomics model (DR + GPR Score) demonstrated the

highest discriminative ability in predicting KR, with a C-index of 0.907 and an average
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AUC of 0.930, both serving as the reference standard for comparison (Table 6-2).

When evaluated individually, both the DR Score and GPR Score showed strong
performance. The DR Score achieved a C-index of 0.851 and an average AUC of 0.888,
while the GPR Score yielded a C-index of 0.879 and AUC of 0.886. However, neither
surpassed the combined model; the improvements in both C-index and AUC were not
statistically significant when compared to the individual scores (p > 0.050), but the

trend consistently favoured integration.

Traditional radiographic assessments performed notably worse. The KL grade alone
had a C-index of 0.831 and AUC of 0.867, while PFOA status alone produced
substantially lower values (C-index: 0.652, AUC: 0.681), both with statistically
significant differences compared to the combined model (p < 0.050). Adding PFOA to
KL grade (C-index: 0.835, AUC: 0.871) offered only marginal improvement and

remained inferior to the multi-view radiomics model.

Table 6-2 Comparison between different score and their combination in US cohort

C-index P-value Average AUC p-value
DR Score 0.851 0.011 0.888 0.099
GPR Score 0.879 0.108 0.886 0.092
DR + GPR Score 0.907 ref 0.930 ref
PFOA 0.652 0.001 0.681 0.001
KL Grade 0.831 0.001 0.867 0.029
PFOA + KL Grade 0.835 0.001 0.871 0.001

Abbreviations: C-index = Concordance Index, AUC = Area Under the Curve, PFOA =
Patellofemoral Osteoarthritis, KL. Grade = Kellgren—-Lawrence Grade, DR Score = Deep-

Learning-based Radiomics Score, GPR Score = Generalised Patellofemoral Radiomics Score.
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These findings suggest that radiomics-derived scores, especially when combined,
outperform conventional clinical gradings in prognosticating knee OA progression in a

well-structured cohort.

6.3.3 Model Performance in the UK Cohorts (External Testing)

In the UK cohorts, which served as an external test set representing a younger and more
heterogeneous population, the combined DR + GPR Score again outperformed all other

models, achieving a C-index of 0.779 and an average AUC of 0.847 (Table 6-3).

Among the individual models, the DR Score maintained relatively good performance
(C-index: 0.734, AUC: 0.799) and was not significantly inferior to the combined model
(p =0.331 for C-index; p = 0.361 for AUC). In contrast, the GPR Score alone showed
markedly reduced performance in this setting (C-index: 0.594, AUC: 0.654), likely
reflecting the higher variability in lateral radiographs or differences in PF joint

pathology prevalence in this population.

Traditional clinical assessments again underperformed. The KL grade yielded a C-index
of 0.802 and AUC of 0.821, which were numerically close to the radiomics model but
not statistically superior (p = 0.652 and p = 0.582, respectively). PFOA status alone was
the weakest predictor (C-index: 0.531, AUC: 0.572), and even when combined with KL
grade (C-index: 0.782, AUC: 0.794), the model did not outperform the multi-view
radiomics approach. Notably, adding PFOA to KL grade in the UK cohort resulted in a
statistically significant AUC difference (p = 0.027), though it remained lower than the

radiomics model.
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Table 6-3 Comparison between different score and their combination in UK cohorts

C-index P-value Average AUC p-value
DR Score 0.734 0.331 0.799 0.361
GPR Score 0.594 0.043 0.654 0.089
DR + GPR Score 0.779 ref 0.847 ref
PFOA 0.531 0.015 0.572 0.031
KL Grade 0.802 0.637 0.821 0.398
PFOA + KL Grade 0.782 0.553 0.794 0.366

Abbreviations: C-index = Concordance Index, AUC = Area Under the Curve, PFOA =
Patellofemoral Osteoarthritis, KL. Grade = Kellgren—-Lawrence Grade, DR Score = Deep-

Learning-based Radiomics Score, GPR Score = Generalised Patellofemoral Radiomics Score.

Overall, these results demonstrate the robustness and added value of integrating TF and
PF radiomic features for predicting structural OA progression across populations with

differing clinical characteristics and imaging quality.

6.4 Discussion

This study explored the preliminary integration of radiomics features extracted from
both PF and TF compartments using standard clinical knee radiographs. By combining
two previously validated scores—the GPR Score and the DR Score—we aimed to
investigate whether a multi-compartment, multi-view radiomics approach could

improve the prediction of knee OA progression.

Across both the MOST cohort (training/validation) and UK cohorts (external test), the
combined model consistently outperformed or matched the performance of single-

compartment radiomics scores and traditional clinical grading systems (KL grade and
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PFOA). Notably, in the MOST cohort, the combined model achieved the highest C-
index and AUC values, suggesting strong discriminative ability in predicting future
knee replacement. Even in the UK cohorts, which represented a younger and more
heterogeneous population, the combined radiomics model maintained robust

performance, demonstrating its generalizability.

Interestingly, while the DR Score showed relatively stable performance across both
datasets, the GPR Score’s discriminative power declined in the UK cohorts. This
discrepancy may reflect differences in PF joint pathology prevalence, imaging
protocols, or cohort characteristics, highlighting the potential impact of anatomical
region and radiographic view on radiomics model performance. Nevertheless, the
additive value of PF features—when combined with TF features—remained evident in

both cohorts.

Comparison with conventional metrics such as KL grade and PFOA status reaffirmed
the limitations of expert-derived categorical assessments. KL grade alone performed
reasonably well but lacked the granularity and prognostic strength observed in
radiomics-based scores. Moreover, while adding PFOA to KL grade slightly improved
prediction, the combined radiomics model consistently outperformed both,

underscoring the benefits of automated, quantitative imaging biomarkers.

These findings support the hypothesis that a multi-compartment radiomics framework
captures complementary information from both joint compartments and may provide a
more holistic assessment of OA-related structural changes. Although this study
represents a preliminary attempt at combining two independent models, it sets the stage

for more integrated learning frameworks in the future.
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6.5 Chapter summary

In this chapter, we demonstrated that combining patellofemoral and tibiofemoral
radiomic features using standard knee radiographs improves the prediction of knee OA
progression over single-compartment models and traditional grading systems. The
combined GPR + DR Score showed superior or comparable performance across both
training and external validation cohorts, confirming the additive prognostic value of a

multi-view radiomics strategy.

While this approach was based on independent pre-trained models, the results offer a
compelling rationale for developing unified, end-to-end multi-view learning
architectures that more effectively integrate anatomical information. Future work
should further investigate joint-level interaction modelling, cross-modality integration,
and real-world clinical implementation to support precision risk stratification in OA

management.
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Chapter 7: Discussion, Conclusion, and Future Directions

7.1 Overview and Synthesis of Findings

This thesis explored the development, validation, and integration of radiomics-based
approaches for knee OA assessment and prediction, with a particular focus on
compartment-specific and multi-view modelling. Through four interrelated studies, the
work addressed critical methodological and translational gaps in current OA imaging
research, demonstrating how radiomics and deep learning techniques can be

strategically applied to improve clinical understanding and risk stratification.

The first study established the feasibility and value of radiomics analysis specifically
focused on the PF joint. Using lateral radiographs, a set of handcrafted features was
extracted to train a model that predicted the risk of future KR. The study showed that
radiomic features derived from the PF compartment contained meaningful prognostic
information that extended beyond traditional KL grading. This finding underscored the
potential of compartment-specific modelling and highlighted the clinical relevance of

PF joint degeneration, which has often been underrepresented in OA imaging research.

Building on this foundation, the second study addressed the generalizability of the PF-
specific model by applying it across multiple international cohorts. A domain adaptation
framework was employed to mitigate distributional differences between datasets
originating from different imaging protocols and populations. The adapted model
maintained stable performance across external cohorts, demonstrating that radiomics
can be rendered robust and transferable through appropriate methodological strategies.
This work addressed a fundamental challenge in radiomics research—the risk of

overfitting to local datasets—and illustrated a viable path for broader clinical
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deployment of predictive models.

In the third study, the focus shifted to the TF compartment and the use of deep learning
methods. A CNN was developed to automatically learn image-based features from the
TF joint for the prediction of OA severity and structural progression. Unlike traditional
radiomics models, the deep learning framework did not rely on handcrafted feature
engineering but instead leveraged data-driven representations, capturing subtle,
nonlinear patterns within the joint structure. This approach yielded performance gains
over KL grading and highlighted the complementary value of deep learning radiomics

in modelling complex structural variation.

The fourth study sought to integrate these two lines of work—compartment-specific
modelling and deep learning—into a unified multi-view framework. Radiomic features
from both the PF and TF compartments were combined to form a joint representation
of the knee, with the goal of enhancing predictive accuracy and capturing inter-
compartmental interactions. The results demonstrated that multi-compartment models
outperformed single-view approaches, particularly in cases with mild-to-moderate
disease severity, where prognostication is most challenging. This integrative strategy
reflects the complex anatomical and functional interplay of knee joint compartments

and moves toward a more holistic and individualised risk assessment paradigm.

Taken together, the four studies presented in this thesis collectively advance the field
of OA imaging by introducing a structured, evidence-based framework for radiomics
application. Each study contributes a critical layer to the overarching narrative—from
localised modelling and external validation to deep learning enhancement and
compartmental integration. Importantly, the findings support the broader vision that

radiomics, when applied with methodological rigour and clinical insight, can evolve
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into a robust decision-support tool for early diagnosis, progression prediction, and

personalised management of knee OA.

7.2 How the Work Addresses the Thesis Objectives

The overarching aim of this thesis was to explore and enhance radiomics-based
approaches for the assessment and prediction of knee osteoarthritis (OA), with a focus
on compartment-specific modelling, generalizability, and integrative analysis. The four
studies presented in this thesis were strategically designed to address specific objectives
derived from this aim, and together they form a coherent and progressive body of work

that advances the methodological and clinical frontiers of OA imaging.

The first objective was to investigate whether radiomic features extracted from the PF
joint could provide additional prognostic value beyond conventional radiographic
grading systems. This was addressed in Chapter 3, which demonstrated that PF-specific
radiomics features, derived from standard lateral knee radiographs, could effectively
predict future knee replacement risk. The study filled a critical gap in OA imaging by
highlighting the clinical importance of the PF joint and showing that this
underappreciated compartment contains unique structural signals relevant to disease

progression.

The second objective involved evaluating the generalizability of radiomics models
across diverse populations and imaging protocols. Chapter 4 directly addressed this
need through the application of domain adaptation techniques to improve model
performance in external cohorts. By testing the PF radiomics model on multiple datasets
from different geographical and demographic backgrounds, this study demonstrated

that radiomics-based tools can be adapted to operate reliably across real-world clinical
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settings, thereby supporting their potential for broader clinical translation.

The third objective was to develop and evaluate a deep learning-based radiomics
framework centred on the TF joint. In Chapter 5, a CNN was implemented to extract
latent imaging features directly from radiographs, allowing for a data-driven
understanding of joint morphology and its relationship to OA severity and progression.
This study expanded the methodological scope of the thesis, demonstrating that deep
learning could serve as a powerful complement to traditional radiomics approaches,
particularly in its ability to model complex anatomical patterns without manual feature

engineering.

The fourth and final objective was to explore whether integrating radiomic features
from both the PF and TF compartments would yield improved predictions of OA
progression. This was accomplished in Chapter 6, where a multi-view radiomics model
was proposed and validated. The study showed that combining compartment-specific
information captured a more comprehensive representation of joint health and
improved the accuracy of progression prediction, particularly in clinically ambiguous
cases. This integrative approach reflects a move toward holistic and personalised

modelling strategies in OA research.

Collectively, these four studies operationalise the thesis objectives and contribute
incrementally toward the development of a robust, generalizable, and clinically
meaningful radiomics-based framework for knee OA. Each article not only addresses a
specific research question but also builds upon the insights and limitations of the
preceding studies, resulting in a coherent research trajectory. Together, they validate the
feasibility of using radiomics and deep learning to derive meaningful imaging

biomarkers, demonstrate methods to extend these models across domains, and
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culminate in an integrative strategy that mirrors the complex, multicompartmental

nature of knee OA.

In doing so, the thesis advances the scientific understanding of how quantitative
imaging can be used to inform clinical decision-making, stratify patients based on
progression risk, and ultimately support more personalised approaches to knee OA

management.

7.3 Theoretical and Clinical Connections Among Studies

Although each study in this thesis addressed a distinct research question, they are
closely interwoven through shared theoretical foundations and convergent clinical
implications. At the theoretical level, all four studies are grounded in the central premise
that quantitative image analysis can uncover latent structural information predictive of
disease severity and progression in knee OA. Radiomics and deep learning serve as
complementary strategies to operationalise this premise—radiomics through
engineered feature extraction, and deep learning through automated representation
learning. These methods, though distinct in technical approach, are unified in their
capacity to transform traditional two-dimensional radiographs into high-dimensional

data sources for risk stratification.

The clinical motivation underlying the studies is similarly consistent: to overcome the
limitations of conventional radiographic grading systems, such as the KL grading,
which are coarse, semi-quantitative, and often fail to detect early or compartment-
specific degeneration (10, 11). This shared objective provides a common framework
for the four studies, which collectively propose a shift from global, qualitative scoring

toward localized, data-driven modelling of OA risk and trajectory.
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The compartment-specific focus in Chapters 3 and 5—targeting the PF and TF joints,
respectively—highlights the heterogeneity of OA manifestation and the need to model
anatomical substructures independently. While the PF and TF compartments differ in
their biomechanical roles and disease progression pathways, the studies demonstrate
that both regions harbour predictive imaging biomarkers that are undervalued by global
assessment tools. The complementary nature of these compartment-focused models
forms the conceptual foundation for Chapter 6, which integrates features from both
compartments. This multi-view approach aligns with theoretical frameworks in systems
biology and personalised medicine that emphasise integrative, multi-dimensional

modelling of complex disease processes.

Furthermore, the issue of generalizability explored in Chapter 4 links directly to the
broader challenge of translating image-based biomarkers into real-world clinical
practice. Domain adaptation techniques applied in this study not only address dataset-
specific bias but also reinforce the broader theoretical notion that effective clinical
models must be robust across heterogeneous patient populations and imaging protocols.
This reinforces the clinical value of the models developed in other chapters and

underscores the necessity of external validation in health data science.

From a translational perspective, all four studies converge on the clinical goal of early
identification of patients at risk for rapid OA progression or knee replacement surgery.
This objective is particularly relevant in health systems with limited orthopaedic
resources and long surgical wait times, where accurate triage can improve patient
outcomes and resource allocation. The studies propose practical frameworks—whether
through radiomics scores, deep learning outputs, or combined risk indices—that can be

integrated into clinical decision-support systems.
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In summary, the included studies are conceptually linked through a shared commitment
to quantitative, individualised OA modelling, and clinically aligned through their focus
on improving diagnosis, prognostication, and patient management. Together, they form
a cohesive narrative that bridges methodological innovation with real-world

applicability, advancing the field toward more precise and equitable OA care.

7.4 Contributions to Knowledge and Clinical Impact

This thesis contributes novel insights to the field of knee OA by introducing and
validating radiomics-based approaches that enhance the assessment of disease severity,
predict progression, and improve the personalisation of clinical care. Through a
structured series of studies, it bridges methodological innovation with practical
application, advancing both the scientific understanding and clinical utility of imaging

biomarkers in OA.

One of the primary contributions of this work is the demonstration that radiomics
analysis, when targeted to specific anatomical compartments of the knee, can yield
predictive markers that outperform or complement traditional grading systems such as
the KL grade. The introduction of PF-specific radiomics in Chapter 3 fills a notable gap
in OA research, where the PF joint has often been overlooked despite its clinical
significance, particularly in patients with anterior knee pain or isolated PF degeneration.
By showing that PF radiomic features can independently predict the risk of knee
replacement, the study offers a refined tool for identifying high-risk patients who may

not be flagged by conventional assessments.

The thesis also contributes to the critical discourse on model generalizability in medical

imaging. Chapter 4 highlights the limitations of models trained in a single population
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and presents domain adaptation as a solution for bridging distributional gaps across
diverse datasets. This addresses a persistent challenge in radiomics—the sensitivity of
features to imaging settings, scanners, and demographic differences—and provides a
pathway for ensuring equitable and reliable application of machine learning models in
multi-centre or global settings. Such work contributes to the growing literature on
translational machine learning and strengthens the feasibility of deploying OA

prediction tools in heterogeneous clinical environments.

A further methodological advance is offered through the incorporation of deep learning,
specifically CNNs, to model TF joint structures in Chapter 5. This marks a shift from
reliance on predefined features to data-driven feature learning, enabling the capture of
complex and non-linear morphological patterns that may elude traditional radiomic
pipelines. The study not only expands the modelling toolbox available to OA
researchers but also provides evidence that deep learning-based models can offer

superior granularity and predictive performance for structural progression.

Lastly, the integration of PF and TF features in Chapter 6 presents a holistic view of the
knee joint by leveraging a multi-compartment approach. This integrative model aligns
with the clinical reality that OA is a multifaceted disease affecting the joint as a whole,
often with compartmental interplay. By demonstrating that multi-view radiomics
improves predictive accuracy—particularly in early or ambiguous cases—this work
contributes a clinically meaningful strategy for more precise patient stratification and

earlier intervention.

The potential impact of these contributions on OA management is multi-fold. First, they
support the development of radiograph-based decision-support tools that can assist

clinicians in identifying patients at risk of rapid progression, enabling more timely and
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tailored therapeutic planning. Second, they pave the way for automated, scalable
imaging solutions that reduce subjectivity and improve consistency in OA evaluation.
Third, by enhancing prediction and stratification, these models may reduce unnecessary
interventions for low-risk individuals while prioritising care for those most likely to
benefit—ultimately contributing to more efficient resource use in strained healthcare

systems.

In sum, this thesis advances the field of OA research by developing and validating a
suite of radiomics-based models that not only improve the accuracy of disease
assessment but also move toward clinical translation. These contributions lay the
foundation for a new generation of precision tools in musculoskeletal radiology, with

the potential to reshape how OA is diagnosed, monitored, and managed in practice.

7.5 Methodological Strengths, Innovations, and Limitations

The four studies presented in this thesis collectively represent a methodologically
rigorous and forward-looking approach to the application of radiomics in knee OA.
Each study incorporates key innovations that strengthen the overall contribution, while
also revealing common methodological challenges that merit careful reflection. This
section synthesises the methodological strengths, novel elements, and shared

limitations that characterise the body of work.

One of the core methodological strengths lies in the compartment-specific design. By
focusing independently on the PF and tibiofemoral TF joints, the studies recognise the
anatomical heterogeneity of OA and avoid the oversimplification inherent in global
joint scoring systems. This design enables targeted feature extraction and improves the

interpretability of findings, allowing for a more nuanced understanding of how disease
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evolves within different parts of the joint.

Another strength is the staged research design, which progresses from foundational
handcrafted radiomics to deep learning and ultimately to integrative modelling. This
stepwise approach provides clarity on the added value of each methodology and avoids
overcomplication at the early stages. The use of CNNs in the deep-learning-based
radiomics model represents a key methodological innovation, offering automated
feature learning from raw image data and mitigating the need for extensive manual
feature engineering. This approach enhances scalability and adaptability in future

applications.

A further innovation is the incorporation of domain adaptation strategies to improve
model generalizability. Most radiomics studies are limited to internal validation and
suffer from performance degradation when applied to external cohorts. In contrast, this
thesis explicitly addresses domain shift by introducing transfer learning methods that
adapt the model to new populations without full retraining. This advancement not only
improves the translational potential of the models but also contributes methodologically

to the field of generalizable machine learning in medical imaging.

Despite these strengths, several common limitations are acknowledged. First, although
the use of radiographs as input data offers broad clinical accessibility, they are
inherently two-dimensional and may not capture subtle cartilage or soft-tissue changes
visible on MRI. As a result, radiograph-based radiomics models may miss structural
nuances relevant to early OA or biomechanical alterations, limiting their sensitivity in

certain contexts.

Second, while the models were evaluated on multiple datasets, their performance
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remains dependent on image quality, preprocessing choices, and scanner variability.
Even with domain adaptation, full harmonisation across sites remains challenging, and
residual bias cannot be entirely excluded. Additionally, the interpretability of deep
learning models—despite their strong performance—remains a challenge. The features
extracted by CNNs are high-dimensional and lack direct anatomical or physiological

correspondence, which may hinder clinical trust and regulatory approval.

Another shared limitation relates to the observational design of the included cohorts.
Most datasets (MOST, OAI, MenTOR, and KICK) are existing prospective cohorts,
whereas the Hong Kong dataset is retrospective. Although progression and surgical
outcomes were used as endpoints, causal relationships cannot be inferred, and model
predictions may be affected by unmeasured confounding. In addition, some subgroups
(e.g., knees with isolated PFOA or early-stage disease) are underrepresented, which

may limit the generalizability of the findings to broader clinical populations.

Lastly, while the studies show clear potential for clinical application, none of the models
has yet been prospectively validated or integrated into routine clinical workflows. Real-
world feasibility, usability by non-technical clinicians, and cost-effectiveness analyses

remain as future steps before clinical deployment.

In conclusion, the methodological rigour and innovation of this thesis lie in its
thoughtful progression from handcrafted to deep-learning radiomics, its compartment-
specific modelling strategy, and its attention to cross-cohort generalizability. These
strengths are balanced by limitations related to data scope, imaging modality,
interpretability, and validation stage. Recognising these constraints is critical for
guiding future improvements and ensuring that radiomics models evolve in a clinically

responsible and scientifically robust manner.
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7.6 Recommendations for future research

While the present thesis demonstrates the feasibility and clinical value of radiomics-
based analysis in knee OA, several avenues remain for future research to extend, refine,
and translate these findings into clinical practice. The following recommendations
highlight potential directions for methodological enhancement, dataset expansion, and

integrative modelling.

First, the current multi-view radiomics model integrates information from the PF and
TF compartments using relatively straightforward feature-level concatenation. Future
studies may explore more advanced architectures, such as attention-based models or
transformer networks, which are capable of capturing inter-compartment relationships
more dynamically and adaptively. These methods may be better suited to model the
complex spatial and functional interplay between knee compartments. Additionally,
radiographs such as the skyline view, which provides an axial perspective of the PF
joint, may offer complementary information and should be considered for inclusion in

multi-view frameworks.

Second, all predictive models developed in this thesis rely solely on baseline
radiographs, representing a single time point in the disease course. However, knee OA
is a chronic and progressive condition, and the trajectory of structural change may carry
more prognostic value than any single image. Future research should investigate the
use of longitudinal imaging data, incorporating temporal features derived from serial
radiographs. Changes over time may reflect the influence of lifestyle, comorbidities, or
interventions, and could allow for the modelling of progression velocity—potentially

improving the accuracy and clinical relevance of predictions.
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Third, the domain adaptation strategies explored in this thesis were applied only to the
PF-specific radiomics model. While initial results indicate the feasibility of transferring
models across diverse imaging sources and populations, further work is needed to test
domain adaptation in more complex frameworks, including multi-compartment and
deep-learning-based models. Validation across additional datasets from varied clinical
environments will be essential to confirm robustness and identify limitations in

generalizability.

Fourth, the current radiomics models focus exclusively on features extracted from
medical imaging, which reflect morphological and textural properties of joint structures.
However, OA is a multifactorial disease influenced by biomechanical, biochemical, and
systemic factors. Future models should consider integrating clinical variables (e.g., age,
BMI, physical activity), patient-reported outcomes, and molecular biomarkers (e.g.,
inflammatory cytokines or cartilage degradation products). A multimodal approach
could offer a more comprehensive understanding of disease mechanisms and further

personalise risk stratification.

Finally, while this thesis demonstrates proof-of-concept for radiomics as a decision-
support tool, prospective studies are needed to evaluate its real-world utility. Future
research should focus on the development of user-friendly platforms for radiomics-
based prediction, conduct clinical trials to assess decision impact, and explore how such
tools might be incorporated into personalised treatment pathways. These efforts are
aligned with the broader goals of precision medicine, aiming to move beyond “one-
size-fits-all” approaches and deliver targeted interventions based on individual risk

profiles.

In summary, the future of radiomics in knee OA lies in methodological innovation,
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longitudinal and multimodal integration, rigorous external validation, and translational

research that bridges the gap between technical development and clinical impact.

7.7 Concluding Remarks

This thesis set out to explore the potential of radiomics and deep learning techniques in
advancing the assessment and prediction of knee OA progression, with a focus on
compartment-specific modelling and clinical applicability. Through a sequence of four
interlinked studies, the work has contributed to a more precise, data-driven

understanding of knee joint degeneration using routinely acquired radiographic images.

The findings collectively demonstrate that quantitative imaging features from the
patellofemoral and tibiofemoral compartments contain prognostically relevant
information that is not captured by traditional grading systems. By applying advanced
machine learning models—including handcrafted radiomics, convolutional neural
networks, and domain adaptation techniques—this thesis offers novel insights into OA
heterogeneity and progression risk. Furthermore, the integration of multi-compartment
features has shown that comprehensive joint analysis can enhance predictive accuracy

and support individualised patient management.

While limitations remain, the work lays a robust foundation for future developments in
OA imaging research. It calls for greater integration of temporal data, incorporation of
multimodal inputs, and prospective evaluation in clinical environments. The long-term
vision is clear: to transition from descriptive and delayed OA assessment toward

predictive and personalised care.

Ultimately, this thesis contributes to a growing movement in musculoskeletal
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medicine—one that seeks to transform diagnostic radiology from a qualitative
interpretive tool into a quantitative, predictive platform. As radiomics and Al
technologies continue to mature, their incorporation into routine OA management has
the potential to improve clinical outcomes, reduce healthcare burdens, and guide more

timely and targeted interventions for patients worldwide.
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Appendix

Virtual Knee Replacement (VKR)

VKR is a standardised, data-driven surrogate for end-stage knee osteoarthritis (OA),
designed to reduce the influence of non-OA factors on knee replacement (KR) decisions.
It has demonstrated strong predictive ability for KR in the Osteoarthritis Initiative

(OAl), a large observational OA cohort study (82).

A vKR event is recorded when:

KOOS Knee Pain + 0.5 x KOOS Quality of Life — (KOOS Knee Pain

change in last year) < 88

where the KOOS Knee Pain change term is included only if pain has worsened over the

past year.

In practice, KOOS scores often fluctuate, so we refined the criteria to improve

reliability:

e Sustained decline: vKR Score < 88 at three separate follow-ups, with the third

occurrence recorded as the vKR time.

e Rapid deterioration: vKR Score < 88 in two consecutive follow-ups, with the

lowest score assigned as the vKR time.
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