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Abstract
Health registries are indispensable tools in modern healthcare, playing a pivotal role in
monitoring diseases, guiding treatments, and informing policy worldwide. This thesis
examines their critical function, with a focus on surgical registries as platforms for
tracking outcomes, enabling transparency, and driving quality improvement. Among
these, Total Knee Arthroplasty (TKA) registries have set a global standard, demonstrating how
systematic data collection enhances patient safety, implant longevity, and surgical techniques.
The core of this work explores the statistical power of registries to transform raw clinical data
into actionable insights. Through advanced methods—such as regression modelling, survival
analysis, and risk adjustment—registries identify outcome predictors and variations in care.
TKA registries, for example, detect early implant failures, compare prosthesis performance,
and optimize surgical approaches. This analysis of large, real-world datasets provides evidence
often unmatched by randomized trials. Furthermore, the evolution of artificial intelligence and
machine learning promises to unlock even deeper predictive insights. Despite challenges like
data incompleteness, well-maintained registries empower stakeholders to make informed
decisions. Ultimately, this thesis highlights how the statistical rigor of surgical registries,
exemplified by TKA, underpins evidence-based medicine, improves surgical outcomes,

and fosters long-term advancements in healthcare delivery.
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Chapter 1: Introduction

1.1 Background of the Study

In recent decades, the global healthcare system has increasingly adopted data-driven strategies
to improve clinical decision-making, patient outcomes, and health system performance. Among
the most impactful tools in this transformation are clinical registries, which systematically
collect and analyze data from large patient populations to identify trends, evaluate
interventions, and inform policy (Arts et al., 2002; Gliklich et al., 2014). This data-driven
paradigm is especially critical in surgery, where long-term outcomes and device performance
must be monitored at a population level.

1.1.1 The Clinical and Economic Significance of Total Knee Arthroplasty (TKA)

Among orthopedic procedures, Total Knee Arthroplasty (TKA) is a preeminent example of a
high-volume, high-stakes intervention. It is the definitive treatment for end-stage knee
osteoarthritis, reliably alleviating pain and restoring function, thereby dramatically improving
quality of life for millions worldwide. Its procedural volume continues to rise due to aging
populations and expanding indications, making it a significant focus of healthcare expenditure
and a prime target for outcomes optimization and value-based care initiatives.

1.1.2 The Complexity of Surgical Decision-Making in TKA

The success of a TKA is not guaranteed by the decision to operate alone; it is the product of a
complex matrix of interdependent surgical choices. Each procedure represents a series of
critical decisions: the surgical approach (e.g., medial parapatellar vs. subvastus),
the alignment philosophy (mechanical vs. kinematic), the method of fixation (cemented,
cementless, hybrid), the level of implant constraint (cruciate-retaining, posterior-stabilized),
and the management of the patella (resurfacing or not). These technical variables interact
uniquely with each patient's anatomy, bone quality, and ligament status. Therefore, TKA is not
a single standardized procedure but a family of techniques, where the optimal combination for
a given patient remains a central question in orthopaedic research.

1.1.3 The Rise of Surgical Registries as the Essential Evidence Infrastructure

To answer these complex questions at a population level, the surgical community developed a
powerful tool: the national arthroplasty registry. In the surgical domain, registries have evolved
into indispensable instruments for quality assurance and performance monitoring. Systems like
the Swedish Knee Arthroplasty Register (SKAR), the Australian Orthopaedic Association
National Joint Replacement Registry (AOANJRR), and the UK National Joint Registry (NJR)
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collect detailed operative data—capturing the very surgical variables outlined above—
alongside patient demographics and outcomes. By facilitating real-time feedback and
benchmarking, these registries have demonstrated profound value in reducing revision rates and
improving surgical practice (Robertsson et al., 2010; Graves et al., 2011). They rely on robust
statistical tools to convert raw clinical data into actionable insights.

1.1.4 The Evolution Toward Patient-Centred Outcomes: Integrating PROMs

Initially focused on "hard" endpoints like implant survivorship and revision, registry science
has undergone a pivotal evolution. Recognizing that a well-fixed implant does not equate to a
satisfied patient, leading registries have systematically integrated Patient-Reported Outcome
Measures (PROMs), such as the Oxford Knee Score (OKS) and Knee injury and Osteoarthritis
Outcome Score (KOOS). This integration marks a paradigm shift from a provider-centric model
of failure to a patient-centric model of success, ensuring that outcomes measurement aligns
with what matters most to patients: pain relief, functional recovery, and quality of life.
Synthesis and Direction

Thus, modern arthroplasty registries represent a unique and powerful evidence infrastructure:
they capture the multi-dimensional complexity of TKA, from granular surgical technique to
longitudinal patient-reported experience. With the ongoing shift toward value-based
healthcare, the statistical power of these integrated datasets—their ability to transform
retrospective observations into prospective, predictive, and prescriptive insights—is more
important than ever. This study explores the capacity of surgical registries, particularly in
TKA, to bridge the gap between data collection and optimized decision-making, ultimately

enhancing care quality, improving outcomes, and supporting strategic health planning.

1.2 Statement of the Problem

Despite the rising global volume of Total Knee Arthroplasty (TKA) procedures, significant
variations remain in patient outcomes, implant survivorship, and complication rates across
regions and institutions (Carr et al., 2012). These inconsistencies can stem from multiple
factors—including differences in surgical technique, patient characteristics, implant selection,
and postoperative care—but often go undetected or unaddressed due to limited use of
systematic data monitoring. In many healthcare systems, decisions surrounding surgical

interventions are still based on individual clinical experience or fragmented evidence, rather
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than comprehensive, population-level insights derived from real-world data (de Steiger et al.,
2015).

Surgical registries have emerged as powerful tools to address these gaps by offering structured,
long-term data collection on operative procedures, outcomes, and complications. However,
while registries exist in many countries, their statistical potential is not always fully leveraged.
In some cases, data is underutilized, incomplete, or lacking in analytical depth, which limits its
influence on clinical practice and policy decisions (Hoque et al., 2017). Moreover, in regions
without national or institutional registry infrastructure, the absence of outcome tracking hinders
quality improvement efforts and impedes the identification of unsafe trends or underperforming
implants.

This research addresses the critical need to evaluate how surgical registries—when properly
designed and statistically utilized—can bridge the gap between data collection and clinical
decision-making. By focusing on TKA as a case example, the study investigates how registries
contribute to improving surgical outcomes, guiding implant selection, and reducing revision
rates. It also examines the barriers that prevent the optimal use of registry data, such as limited
statistical expertise, poor data quality, and lack of integration into clinical workflows.
However, a more profound methodological challenge underlies these systemic
barriers. Even with high-quality, comprehensive registry data, the orthopaedic field lacks
robust, standardized analytical frameworks to fully unlock its potential. The core problem is the
limited application of advanced statistical methodologies—such as machine learning for
personalized outcome prediction, causal inference for comparative effectiveness research, and
integrative analysis of patient-reported outcomes—to transform these vast observational
datasets into precise, prescriptive insights. Therefore, the pivotal problem this thesis
confronts is not merely if registries are valuable, but Zow their inherent statistical power
can be systematically harnessed and demonstrated to guide precision medicine and value-
based health policy in TKA.

1.3 Significance of the Study

In an era where healthcare systems globally prioritize value-based care and outcome
transparency, the need for robust, data-driven decision-making has never been greater. Surgical
registries are essential instruments in meeting this demand. This study moves beyond
establishing their existence to demonstrating and enhancing their core statistical power, with

significant implications for multiple stakeholders.
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e For Clinical Practice and Precision Medicine: This research is significant for
surgeons and patients as it directly advances the field toward personalized, predictive
care. By developing and applying advanced analytical models to registry data, this work
will provide frameworks for generating individualized risk-benefit profiles. This
empowers shared decision-making, allowing surgeons to move from population-based
guidelines to patient-specific prognostic conversations, ultimately aiming to improve
satisfaction and functional outcomes.

e For Health Systems and Policymaking: For hospital administrators and health
authorities, the study provides a methodological blueprint for value-based
procurement and reimbursement. By demonstrating how registry data can be used
for rigorous comparative effectiveness and cost-effectiveness analyses, this work offers
evidence to support the selection of high-value implants and the design of bundled
payment models tied to long-term, risk-adjusted outcomes, thereby improving the
sustainability of TKA care.

o For Registry Science and Data Methodology: For researchers and data scientists, this
thesis contributes to the methodological maturation of registry science. It addresses
the critical gap between data collection and advanced analytics by exploring and
validating techniques—from handling missing data to applying machine learning—that
are essential for transforming observational registries into reliable platforms for causal
inference and prediction. This strengthens the scientific foundation of real-world
evidence generation in orthopaedics.

e For Global Surgical Quality Equity: By formulating best practices for data analysis
and utilization, this research provides a transferable framework that can elevate registry
utility in both established and developing systems. It contributes to global efforts to
minimize outcome variation and democratize access to high-quality, evidence-based
surgical care, irrespective of geographic or economic boundaries.

In summary, this study transcends the descriptive function of registries to unlock their
prescriptive and predictive potential. Its significance lies in providing the analytical tools and
evidence necessary to transform TKA from a procedure guided by retrospective data into one
increasingly directed by prospective, data-driven insight for the benefit of individual patients

and health systems alike.
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1.4 Research Objectives

Primary Objective:

To develop and apply advanced statistical methodologies that harness the integrated data

within Total Knee Arthroplasty (TKA) registries, thereby demonstrating and enhancing their

power to generate predictive and prescriptive insights for precision medicine and value-based

healthcare.

Specific Objectives:

1.

To develop and validate a predictive model for long-term revision risk following
primary TKA, utilizing a multi-variable dataset from established registries that
integrates patient demographics, surgical variables, and implant characteristics.

To construct and analyze a predictive model for patient-reported functional outcome
(e.g., I-year KOOS JR or OKS score) by identifying key preoperative and perioperative
determinants captured in registry data.

To perform a comparative effectiveness analysis of major implant design categories
(e.g., cruciate-retaining vs. posterior-stabilized), using propensity score methods to
adjust for confounding and evaluate differences in survivorship and patient-reported
outcomes.

To assess the cost-effectiveness of a registry-driven intervention (e.g., the withdrawal
of a specific implant class) by modeling long-term revision aversion and quality-
adjusted life year (QALY)) gains against registry maintenance costs.

To propose a standardized methodological framework for the advanced statistical
analysis of arthroplasty registry data, addressing common challenges such as missing

data, loss to follow-up, and confounding control.

1.5 Research Questions

Guided by the research objectives, this thesis is structured to answer the following core

questions through original analysis of Total Knee Arthroplasty (TKA) registry data:

1.

Prediction: Can a predictive model integrating patient demographics, surgical
variables, and implant characteristics from national registries accurately
estimate individualized long-term revision risk following primary TKA, and which
factors are the most salient predictors?

Patient-Centered Outcomes: What combination of preoperative patient factors and

intraoperative surgical decisions best predicts the achievement of a clinically
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meaningful improvement in patient-reported function (e.g., KOOS JR or Oxford Knee
Score) at one year postoperatively?

3. Comparative Effectiveness: After adjusting for confounding using propensity score
methods, do significant differences exist in implant survivorship and patient-
reported outcomes between major design philosophies (e.g., cruciate-retaining versus
posterior-stabilized implants) within defined patient phenotypes?

4. Health Economics: From a health system perspective, does the long-term cost-
effectiveness of a national TKA registry, through its role in averting revisions and
improving quality-adjusted life years (QALYS), justify its operational costs?

5. Methodology: What constitutes a robust methodological framework for the
advanced statistical analysis of arthroplasty registry data, specifically addressing the
challenges of missing data, loss to follow-up, and confounding inherent in observational
studies?

1.6 Scope and Limitations

Scope of the Study

This thesis investigates the statistical power of surgical registries by developing and applying
advanced analytical methodologies to Total Knee Arthroplasty (TKA) data. The scope is
deliberately focused to ensure depth and rigor.

1. Clinical Focus: The research is centered exclusively on primary, elective Total Knee
Arthroplasty for osteoarthritis. Revision arthroplasty, unicompartmental knee
replacement, and procedures for inflammatory or post-traumatic arthritis are excluded
to ensure a homogeneous cohort.

2. Data Sources: The analytical work is based on data from established, high-volume
national registries, primarily the Swedish Knee Arthroplasty Register (SKAR), the
Australian Orthopaedic Association National Joint Replacement Registry (AOANJRR),
and the UK National Joint Registry (NJR). These were selected for their longevity, data
completeness, and international influence.

3. Analytical Focus: The study scope encompasses the development and validation
of predictive models for revision risk and patient-reported outcomes, comparative
effectiveness analyses of implant designs using causal inference techniques, and
an economic evaluation of registry value. It does not seek to audit or critique the

administrative operation of the registries themselves.
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4.

Methodological Contribution: A key scope is the proposal of a standardized
analytical framework for registry science, addressing common methodological
challenges. The findings are intended to be generalizable to other joint replacement

registries and observational clinical databases.

Limitations of the Study

While rigorous, this research is subject to several important limitations inherent to its design

and data sources.

1.

Observational Design: The foundational data are observational. Despite employing
advanced statistical adjustments (e.g., propensity score matching, multivariable
regression), residual confounding from unmeasured variables (e.g., surgical skill,
nuanced patient anatomy, rehabilitation adherence) may persist, limiting definitive
causal claims.

Data Heterogeneity and Quality: Although selected registries are high-quality,
variations in data definitions, coding practices, and completeness (especially for
patient-reported outcome measures) exist between them. Harmonizing these for analysis
requires assumptions that may introduce bias.

Generalizability: The findings, derived from data predominantly from three high-
income countries with advanced healthcare systems, may have limited
generalizability to low- and middle-income countries, different healthcare models, or
patient populations with significantly different demographic or comorbidity profiles.
Temporal Limitations: Registry data, by nature, reflects past practice. Technological
and surgical techniques evolve, meaning predictive models trained on historical data
may require continual validation to remain accurate for future patients receiving next-
generation implants or techniques.

Model Performance: Predictive models will be validated internally and, where
possible, externally. However, their real-world clinical performance—when
integrated into decision-support tools—remains to be tested prospectively and is beyond

the scope of this thesis.

By explicitly acknowledging these limitations, this study aims to contextualize its findings and

contribute transparently to the ongoing methodological discourse in registry science.

1.7 Structure of the Thesis
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This thesis is organized into eight chapters that logically progress from establishing the research
context to presenting a forward-looking synthesis.

Chapter 1: Introduction provides the background, problem statement, significance,
objectives, and scope of the research, framing the central inquiry into the statistical power and
clinical utility of arthroplasty registries.

Chapter 2: Literature Review examines the evolution of Total Knee Arthroplasty, the role of
national registries, the integration of patient-reported outcomes, and the methodological
foundations of registry science, culminating in the identification of the research gap.

Chapter 3: Methodology details the research design, including data sources, cohort selection,
data harmonization strategies, statistical approaches, and ethical considerations.

Chapter 4: Results present the descriptive characteristics of the multi-registry cohort and the
core analytical findings on implant survivorship, predictive modelling for revision and
functional outcomes, and the health economic evaluation.

Chapter 5: Discussion interprets the key results, distinguishes clinical from statistical
significance, explores their clinical and methodological implications, and acknowledges the
study's limitations.

Chapter 6: Synthesis and Critical Appraisal reflect on the broader lessons for registry
science, discusses its inherent strengths and limitations, and outlines future directions driven by
advanced analytics and patient-centred data.

Chapter 7: Overall Conclusion and Recommendations summarize the principal findings,
presents integrated conclusions, and offers final recommendations for policy, practice, and
future research.

This structure ensures a coherent narrative that connects foundational evidence, original

analysis, critical interpretation, and a visionary outlook for the field.

Page 13 of 115



Chapter 2: Literature Review: Total Knee Arthroplasty and the Evidence Ecosystem

2.1 The Evolution of Total Knee Arthroplasty: From Historical Foundations to Modern
Practice

Knee arthroplasty, commonly referred to as knee replacement, is a surgical procedure aimed at
relieving pain and restoring function in patients with advanced joint disease such as
osteoarthritis, rheumatoid arthritis, or post-traumatic degeneration. Over the past century, the
procedure has evolved from rudimentary interpositional techniques to highly sophisticated total
and partial knee replacements that demonstrate excellent long-term outcomes (Makridis &
Karachalios, 2015).

Early Developments (19th to Early 20th Century)

The concept of arthroplasty dates back to the late 19th century. Themistocles Gluck, a German
surgeon, performed pioneering joint replacement surgeries using ivory prostheses in the 1890s
(Figure 1). Although infection and poor fixation limited success, Gluck’s work introduced key
principles such as the use of mechanical substitutes for cartilage and the idea of fixation with
bone cement (Comitini et al., 2014).

During the early 20th century, surgeons experimented with interpositional arthroplasty,
inserting biological or synthetic materials between joint surfaces to reduce pain. These included
fascia, fat, or metal foil, yet outcomes were inconsistent and infection rates remained high. The
lack of understanding of knee biomechanics and aseptic surgical technique limited progress
until the mid-20th century (Makridis & Karachalios, 2015).

Early Development of Total Knee Arthroplasty in the United Kingdom

The United Kingdom played a pioneering role in the modern era of total knee arthroplasty
(TKA). Following the success of Sir John Charnley’s low-friction hip replacement in the early
1960s at Wrightington Hospital, British orthopedic surgeons sought to apply similar design
principles to the knee joint.

In 1969, Michael Freeman and Alan Swanson at the Royal National Orthopaedic Hospital
in London designed the Geomedic knee prosthesis, the first successful surface replacement
knee implant (Freeman & Swanson, 1972). This design marked a significant departure from
earlier constrained hinge prostheses by allowing separate femoral and tibial components, fixed
with bone cement, to replicate more physiological knee motion.

The Geomedic knee laid the foundation for the concept of condylar resurfacing and directly

influenced subsequent designs, including the “Total Condylar Knee” introduced by Insall and
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colleagues in the United States in 1973 (Insall et al., 1974). By the mid-1970s, the UK had
established itself as a global center for innovation in total knee arthroplasty, advancing unlinked
cemented designs, modular component options, and improved surgical techniques (Makridis &
Karachalios, 2015; Kane et al., 2003).

The Hinge Prosthesis Era (1950s—1960s)

Before the rise of surface replacement designs, the 1950s saw the introduction of hinged
prostheses, which dominated early attempts at total knee replacement. The Walldius
prosthesis, developed in 1957, was among the first widely adopted metal hinge designs. These
provided immediate stability but lacked physiological motion and were prone to mechanical
loosening and infection due to high constraint (Comitini et al., 2014; Makridis & Karachalios,

2015).

The Advent of Modern Total Knee Arthroplasty (1970s)

The late 1960s and early 1970s marked the true beginning of modern TKA. Building upon
Charnley’s low-friction arthroplasty principles, new condylar designs aimed to replicate normal
knee kinematics while resurfacing the tibiofemoral joint. The Total Condylar Knee, designed
by John Insall and colleagues in 1973, epitomized this shift by introducing a cemented metal-
on-polyethylene articulation with a posterior-stabilized mechanism and balanced soft-tissue
management (Insall et al., 1974; Makridis & Karachalios, 2015).

This design represented the first reproducible total knee replacement with consistent long-term

success and remains the conceptual foundation for contemporary TKA systems

Refinements and Expansion (1980s—2000s)

From the 1980s onwards, refinements in implant design, materials, and surgical technique
significantly improved TKA outcomes. Modular components allowed better anatomical
matching, and ultra-high-molecular-weight polyethylene reduced wear rates (Comitini et al.,
2014). Mobile-bearing prostheses were introduced to allow rotational motion at the tibial
interface, potentially decreasing stress transmission to fixation surfaces.

Uncemented fixation methods, such as porous-coated and hydroxyapatite implants, were
developed, although cemented fixation remained the standard due to its proven reliability.
Furthermore, unicompartmental knee arthroplasty (UKA) gained renewed attention for patients

with disease confined to one compartment of the knee (MDedge, 2013).
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During this period, the establishment of national joint registries, such as the Norwegian
Arthroplasty Register, provided robust long-term data on implant performance and revision
rates (Furnes, 2002).

Contemporary Advances (2000s—Present)

In recent decades, the evolution of TKA has been characterized by the integration of advanced
technologies and patient-specific approaches. Computer-assisted surgery (CAS), robotic-
assisted systems, and patient-specific instrumentation (PSI) have enhanced component
alignment, ligament balancing, and reproducibility (Hessami, 2024).
Modern implants use highly cross-linked polyethylene and advanced coatings that improve
wear resistance and biocompatibility, extending implant longevity. Moreover, enhanced
recovery protocols and minimally invasive approaches have improved postoperative outcomes
and patient satisfaction (Makridis & Karachalios, 2015).

The ongoing contribution of national and international arthroplasty registries continues to guide
implant development, monitor safety, and optimize clinical decision-making.

Conclusion

The history of knee arthroplasty—from Gluck’s ivory prostheses to the advanced computer-
assisted systems of today—demonstrates over a century of innovation grounded in surgical
ingenuity, material science, and biomechanical understanding. The United Kingdom’s early
contributions, particularly through Freeman and Swanson’s Geomedic prosthesis, were
instrumental in transitioning knee replacement from hinged mechanical constructs to
anatomical resurfacing systems. As techniques continue to evolve, the integration of registry
data ensures that evidence-based practice remains central to improving outcomes in total knee
arthroplasty. (figure 1)

Figure 1: A timeline showing important events in the history of Total Knee

Arthroplasty.
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2.2 Total Knee Arthroplasty: Indications, Outcomes, and Global Impact

Total Knee Arthroplasty (TKA ), commonly referred to as total knee replacement, is one of the
most frequently performed orthopaedic procedures worldwide. It is primarily indicated for
patients with end-stage knee osteoarthritis, theumatoid arthritis, or other degenerative joint
diseases that result in chronic pain and impaired mobility. As life expectancy increases and
populations age, the global demand for TKA has risen dramatically—estimates suggest that in
the United States alone, annual procedures may exceed 3.5 million by 2030 (Kurtz et al., 2007).
The surgical procedure involves replacing the damaged articular surfaces of the femur, tibia,
and sometimes the patella with prosthetic components designed to restore alignment, stability,
and function. Modern TKA implants are designed for durability, with survivorship commonly
exceeding 15-20 years. Nevertheless, variability in outcomes, including complications like
infection, prosthetic loosening, stiffness, and patient dissatisfaction, underscores the need for
robust outcome tracking and long-term surveillance.

TKA is not only clinically impactful but also economically significant. The procedure is
associated with substantial healthcare costs due to surgery, hospitalization, rehabilitation, and
potential revisions. Consequently, payers and policymakers are increasingly focused on value-
based care, where high-quality outcomes must justify expenditures. This shift has accelerated
the integration of TKA data into national registries, which offer crucial insights into implant

longevity, revision trends, and surgeon performance.
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Numerous countries have developed comprehensive TKA registries to support evidence-based
surgical practices. For instance, the American Joint Replacement Registry (AJRR), the
Australian Orthopaedic Association National Joint Replacement Registry (AOANJRR),
and the Swedish Knee Arthroplasty Register (SKAR) have all contributed significantly to
our understanding of prosthesis survival rates, patient-reported outcomes, and factors
influencing revision risks. These databases track millions of cases and provide real-time
feedback to surgeons and institutions.

Registries also inform clinical guidelines and implant selection. For example, analysis of
registry data has led to the withdrawal of poorly performing implants from the market, as seen
in the case of certain metal-on-metal knee designs. In parallel, the registries have enabled real-
world comparisons of cemented versus cementless fixation, unicompartmental versus total
replacements, and robotic-assisted versus conventional techniques.

Moreover, the integration of patient-reported outcome measures (PROMs) in TKA registries
has strengthened the patient-centered evaluation of success. Measures such as pain reduction,
functional improvement, and quality of life have become integral to assessing the full impact
of TKA, going beyond surgical metrics alone.

the following sections (2.3, 2.4, 2.5) will detail the registry systems and methods used to
generate this evidence.

2.3 The Emergence and Role of National and Regional Joint Replacement Registries

Total Knee Arthroplasty (TKA), as a high-volume and high-stakes intervention, generates
clinical questions that transcend the capacity of individual institutions or traditional clinical
trials to answer. The imperative to track long-term implant performance across diverse
populations, identify rare but catastrophic failures, and benchmark surgical quality drove the
development of a new form of evidence infrastructure: the national arthroplasty registry. These
registries have evolved from local quality initiatives into sophisticated, population-wide
surveillance systems that are now the cornerstone of evidence-based orthopaedic practice.
2.3.1 Pioneering Models: The Swedish and UK Paradigms

The evolution of registry science is best illustrated by its pioneering models, which established
two complementary yet distinct paradigms for impact.

The Swedish Knee Arthroplasty Register (SKAR), founded in 1975 as the world's first
national registry, established the hypothesis-generating and continuous feedback model. Its

longevity and completeness have made it a unique engine for discovery. SKAR data has
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facilitated seminal research into postoperative infections, antibiotic prophylaxis, and treatment
modalities for prosthetic joint infection (Bengtson et al., 1987, 1989). It identified critical
technical failures, such as the risk of loosening with thin polyethylene inserts, and clinical
misapplications, such as the poor outcomes of unicompartmental knee arthroplasty (UKA) in
rheumatoid arthritis patients. Furthermore, it has provided invaluable insights into broader
patient risks, including higher long-term mortality in younger patients and the association with
certain malignancies (Robertsson et al., 2007; Wagner et al., 2011). This culture of relentless
inquiry and feedback is credited with contributing to Sweden's exceptionally low long-term
revision rate of approximately 4% (Robertsson et al., 2010).

In contrast, the United Kingdom's National Joint Registry (NJR), established in the early
2000s partly in response to the high-profile failure of specific metal-on-metal hip implants,
exemplifies the mandatory quality assurance and policy-integration model. As one of the
world's largest registries, capturing over 95% of primary procedures, its power lies in systemic
oversight. The NJR enhances transparency through public reporting and provides confidential,
structured feedback to surgeons and hospitals. It is integrated with the Orthopaedic Data
Evaluation Panel (ODEP), which benchmarks implant performance, and its Supplier
Feedback Portal provides manufacturers with real-time data for post-market surveillance
(Porter et al., 2019). This ecosystem creates a closed loop where data directly drives device
evaluation, surgical practice, and regulatory vigilance.

2.3.2 Global Propagation and System Diversity

The demonstrated success of these models catalyzed the establishment of registries worldwide,
though their structure and maturity reflect diverse healthcare systems.

Comprehensive National Registries, often with mandatory reporting, characterize nations like
Australia (AOANJRR), New Zealand (NZJR), and the Nordic countries (Norway, Denmark,
Finland). These systems achieve near-complete population coverage and are renowned for
rigorous, long-term survivorship analysis that directly informs implant selection and
withdrawal.

In larger or federated systems, registries have adopted different models. The American Joint
Replacement Registry (AJRR), the largest in the United States, represents a voluntary,
collaborative model that leverages its immense scale for detailed subgroup analysis and was

an early adopter of integrated Patient-Reported Outcome Measures (PROMs). Similarly,
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Canada's Canadian Joint Replacement Registry (CJRR) provides a pan-national dataset to
support health policy and planning.

Other nations, including Japan (JAR), Germany (EPRD), and Switzerland (SIRIS), represent
evolving systems that contribute to a growing global evidence network. This global propagation
underscores a universal recognition of the registry's indispensable role in modern surgical care.
2.3.3 Synthesis: The Registry as the Foundational Evidence Platform

Collectively, these national and regional initiatives have fundamentally transformed the
epistemology of TKA. They have shifted the evaluation of surgical success from anecdotal
experience and limited controlled trials to a framework of continuous, population-level audit.
By providing standardized, longitudinal data on millions of procedures, registries have created
an unprecedented evidence platform. This platform not only detects failing implants and
benchmarks practice but also, through the increasing integration of PROMs, redefines success
in patient-centered terms. This robust, real-world data infrastructure is the essential foundation
upon which advanced analytical methodologies—including the predictive and comparative
effectiveness research central to this thesis—are built, moving the field from passive
surveillance toward active, insight-driven improvement.

2.4 Documented Impact of Registries in Orthopaedic Surgery and Quality Improvement
Orthopaedic surgery, particularly joint arthroplasty, has been at the forefront of clinical registry
development and utilization. Registries provide longitudinal data on millions of procedures,
enabling robust analysis that influences clinical practice, surgical outcomes, implant selection,
and healthcare policy worldwide. Their impact is multifaceted, encompassing the enhancement
of implant safety, the promotion of transparency, and the evolution toward patient-centred
success.

1. Enhancing Implant Survivorship, Safety, and Surgical Decision-Making

The most recognized impact of registries is their ability to function as an early-warning
system for implant performance, directly leading to improved survivorship and reduced
revision rates. Pioneering registries like the Swedish Knee Arthroplasty Register (SKAR) have
identified high-failure-rate implants and techniques, prompting rapid changes in practice
(Robertsson et al., 2010). This surveillance capability compels continuous improvement.
Evidence in TKA

Registry data has been instrumental in quantifying and benchmarking the evolution of TKA

outcomes. Early registry reports indicated 10-year survivorship rates of 85-90%, reflecting
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limitations in early designs and techniques (Rolfson et al., 2016). Contemporary analyses
demonstrate significant progress, with modern implant designs now achieving 95-96%
survivorship at 15 years (Acta Orthopaedica Belgica, 2022). While the overall population
revision rate remains low—approximately 3.4% in a multinational study of over one million
procedures—registries provide the granularity to dissect this risk, revealing it is differentially
influenced by modifiable prosthesis factors (e.g., design, fixation method) and patient
characteristics (e.g., age, comorbidities) (Lewis et al., 2022). This analytic power translates
specific risk estimates into clinical guidance; for instance, registry data quantifies that obesity
increases the hazard of revision by approximately 1.5 times, directly informing preoperative
counseling and risk mitigation strategies (NJR, 2022).

The integration of Patient-Reported Outcome Measures (PROMs) has added a critical
dimension to this evidence base, capturing success from the patient's perspective. Registry-
linked PROMs data confirms significant average improvements, with pain and function scores
often improving by over 50% at one year postoperatively (AJRR, 2023; NIJR, 2022).
Crucially, this data also identifies a substantial minority—approximately 15-20% of
patients—who report suboptimal outcomes despite technically successful surgery, a finding
strongly correlated with pre-existing comorbidities and lower baseline function. This insight
shifts clinical focus beyond implant survival to the optimization of patient selection and
perioperative management.

Furthermore, registries enable the investigation of socioeconomic disparities in outcomes. By
linking clinical data to area-level indices of deprivation, analyses can compare revision risks
and PROMSs recovery trajectories across socioeconomic strata. Advanced modeling that
includes interaction terms between socioeconomic indicators and time can reveal whether
disparities exist not just in the final outcome, but in the very rate of recovery. This allows for
the identification of systemic inequities that may be invisible in simple revision statistics,
providing an evidence base for targeted public health interventions.

In summary, the evidentiary power of registries lies in their capacity to move from
population averages to stratified, actionable insights. They not only document the high
aggregate success of TKA but also systematically quantify specific risks, expose unmet patient
needs, and reveal healthcare inequities, thereby providing the multifaceted evidence required
for truly personalized and equitable surgical care.

2. Promoting Transparency, Accountability, and Value
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Registries foster a culture of transparency and accountability by enabling performance
benchmarking. Public reporting, as practiced by the UK National Joint Registry (NJR),
encourages adherence to best practices and builds patient trust. Furthermore, by providing long-
term data on implant durability and patient outcomes, registries are indispensable for post-
market surveillance and health economic analysis. They can demonstrate the long-term cost-
effectiveness of interventions, supporting value-based procurement and resource allocation
within health systems.

3. Integrating the Patient Voice: The Paradigm Shift to PROMs

The most significant evolution in registry science is the systematic integration of Patient-
Reported Outcome Measures (PROMs). This moves the definition of success beyond
mechanical failure to encompass pain relief, functional recovery, and quality of life—the
outcomes that matter most to patients. This patient-centered approach offers a holistic
understanding of treatment efficacy.

Evidence in TKA

Registry-linked PROMs data provides compelling evidence of TKA's effectiveness from the
patient's perspective. In the UK, the average health gain on the Oxford Knee Score (OKS) rose
from 14.6 to 17.3 over a decade, demonstrating consistent improvement (NHS Digital, 2022).
The American Joint Replacement Registry reports that mean KOOS JR scores improve from
47.5 preoperatively to 76.4 at one year, with 87.2% of patients achieving a clinically
meaningful improvement (AJRR, 2023). This data also enables nuanced comparisons, such
as the proportion of patients achieving an "excellent" outcome after TKA versus
unicompartmental replacement, directly informing personalized decision-making.

4. Synthesis: A Comprehensive Framework for Success

In summary, orthopedic registries have become indispensable by providing a dual-axis
framework for evaluating success. They document high long-term implant
survivorship driven by rigorous surveillance and benchmark-driven practice, while
simultaneously capturing significant, measurable improvements in patient-reported pain
and function. This comprehensive evidence base—synthesizing objective device performance
with subjective patient experience—guides clinical decision-making, implant selection, health
policy, and the future research agenda. It confirms that modern TKA, when informed by registry
evidence, reliably delivers both durability and a high quality of life for patients.

5. Case Studies from National Registries
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National registries have played pivotal roles in identifying implant failures, shaping clinical
guidelines, and informing healthcare policy. This section highlights illustrative case studies
that demonstrate the real-world impact of registry data in Total Knee Arthroplasty (TKA).
Case Study 1: Early Detection and Recall of a Flawed Implant (AOANJRR)

The Australian Orthopaedic Association National Joint Replacement Registry (AOANJRR)
identified a significant increase in revision rates for a particular knee implant introduced in the
early 2000s. Through rigorous data analysis, the registry detected higher-than-expected failure
rates within three years post-implantation. This early warning prompted regulatory review and
subsequent withdrawal of the implant from the Australian market, preventing further patient
harm and guiding surgeons towards safer alternatives (AOANJRR, 2023).

Case Study 2: Influence on Surgical Technique Guidelines (SKAR)

The Swedish Knee Arthroplasty Register (SKAR) contributed to the refinement of surgical
approaches by linking implant survival with alignment accuracy. Registry data showed that
malalignment was a major risk factor for early failure. This evidence led to widespread adoption
of improved surgical techniques, including computer-assisted navigation and patient-specific
instrumentation, which improved implant longevity and patient outcomes (Robertsson et al.,
2010).

Case Study 3: Surgeon Benchmarking and Transparency (NJR)

The United Kingdom National Joint Registry (NJR) provides public surgeon-level performance
reports, fostering transparency and accountability. In one instance, analysis revealed variations
in revision rates among surgeons performing TKAs. This insight encouraged underperforming
surgeons to engage in targeted training and adopt best practices, contributing to overall quality
improvement within the NHS (NJR, 2022).

Case Study 4: Addressing Patient-Reported Outcomes (AJRR)

The American Joint Replacement Registry (AJRR) integrated patient-reported outcome
measures (PROMs) to capture functional and quality-of-life data post-TKA. Analysis revealed
that despite low revision rates, a subset of patients reported persistent pain and limited function.
This finding prompted development of enhanced postoperative rehabilitation protocols and
patient education initiatives, addressing aspects beyond surgical success alone (AJRR, 2023).
2.5 The Integration of Patient-Reported Outcome Measures (PROMs) in Registry Science

1. The Paradigm Shift: From Implant Survival to Patient-Centered Success
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The traditional endpoint of arthroplasty registries—revision surgery—provides a vital but
incomplete measure of success. While it effectively tracks implant longevity and catastrophic
failure, it represents a provider-centric model that cannot capture outcomes most meaningful
to patients: relief from pain, restoration of function, and improvement in overall quality of life.
A technically sound, well-fixed prosthesis in a dissatisfied patient remains an invisible failure
in a revision-only dataset. This fundamental limitation catalyzed the most significant evolution
in registry science: the systematic integration of Patient-Reported Outcome Measures
(PROMs). PROMs are standardized instruments completed directly by patients, quantifying
their health status without clinician interpretation (Black, 2013). Their adoption marks a
decisive shift toward a patient-centric model of success, demanding that registries evolve
from surveillance tools for devices into comprehensive systems for evaluating the quality of
life delivered by care pathways (Gandhi et al., 2019)

2. The Landscape of PROMs: From Generic Health to Joint-Specific Function

The suite of PROMs available reflects a maturation in outcome science, balancing
comprehensiveness with practicality. Instruments can be categorized as generic—assessing
overall health-related quality of life (HRQoL) for broad comparisons—or specific—targeting
symptoms and function related to a particular joint or condition (Rolfson et al., 2016).

The evolution is logical. The disease-specific Western Ontario and McMaster Universities
Osteoarthritis Index (WOMAC), developed in the 1980s, established the core domains of
pain, stiffness, and physical function for osteoarthritis (Bellamy et al., 1988). This framework
was expanded by the Knee Injury and Osteoarthritis Outcome Score (KOOS), which added
subscales for sport/recreation and knee-related quality of life, offering greater sensitivity across
a wider range of patient activity levels (Roos et al., 1998). Recognizing the need for efficiency
in large-scale data collection, abbreviated instruments like the Oxford Knee Score
(OKS) and KOOS JR were developed, prioritizing brevity and responsiveness to change post-
arthroplasty to minimize respondent burden in registry settings (Dawson et al., 1998).
Concurrently, generic measures like the EuroQol EQ-5D and the Veterans RAND 12-Item
Health Survey (VR-12) provide critical complementary data. The EQ-5D’s utility-based
scoring enables the calculation of Quality-Adjusted Life Years (QALYSs), the cornerstone of
cost-effectiveness analysis, while the VR-12 summarizes both physical and mental health

components (PCS & MCS) (EuroQol Group, 1990; Selim et al., 2009). The strategic use of
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both specific and generic PROMs allows registries to answer two distinct questions: "Did the
knee improve?" and "Did the patient’s overall well-being improve?"

Table 1: Key Patient-Reported Outcome Measures in Total Knee Arthroplasty Registry

Science.
PROM T Primary Domains Key Strength in
ype
Instrument Measured Registry Context
Gold-standard
Joint/Disease- Pain, Stiffness, Physical validation for OA;
WOMAC ‘ ‘ ‘
Specific Function foundational
template.
‘ ‘ _ Comprehensive;
Joint/Disease- Pain, Symptoms, ADL,
KOOS . sensitive across
Specific Sport/Rec, QoL .
activity levels.
Low respondent
Joint/Disease- Pain, Function burden; practical for
KOOS JR ‘ _ '
Specific (Abbreviated) high-volume follow-
up.
Brief, highly
Oxford Knee ) ) ) ) )
Joint-Specific Pain, Function responsive to change
Score (OKS)
after arthroplasty.
Mobility, Self-Care, Usual
o Enables QALY
Activities,
EQ-5D Generic calculation for cost-
Pain/Discomfort,
_ ' effectiveness analysis.
Anxiety/Depression
Physical & Mental Health Captures overall
VR-12 Generic
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PROM Primary Domains Key Strength in
Type

Instrument Measured Registry Context
allows broad

comparisons.

3.Methodological Imperatives and Challenges in Registry-Based PROMs Collection

The integration of PROMs into registries is not merely a matter of adding a new data field; it
introduces complex methodological challenges that define a research frontier. First, the trade-
off between detail and burden is ever-present. While comprehensive tools like the full KOOS
provide rich data, they risk higher non-response rates. Registries must strategically select
instruments (like OKS or KOOS JR) that balance sensitivity with feasibility for longitudinal,
population-level collection.

Second, analysis requires moving beyond raw scores to interpret clinically meaningful
change. This relies on established thresholds such as the Minimal Clinically Important
Difference (MCID), the smallest change a patient perceives as beneficial, and the Patient
Acceptable Symptom State (PASS), the absolute level of symptoms above which a patient
considers themselves well (Tubach et al., 2012). Registry benchmarking is increasingly focused
on the proportion of patients achieving a PASS at one year, a more patient-relevant metric than
mean score improvements.

Third, missing data poses a profound threat to validity. PROMs follow-up, especially long-
term, suffers from attrition that is often non-random (e.g., dissatisfied patients may be less likely
to respond). Advanced statistical techniques for handling missing data, such as multiple
imputation, are therefore not optional but essential to prevent biased conclusions about the true
outcomes of a surgical population (Sterne et al., 2009).

4.Synthesis: PROMs as the Engine for the Next Generation of Registry Utility

The incorporation of PROMs represents the necessary evolution for registries to remain
relevant in a value-based healthcare era. It transforms them from passive repositories of
procedural events into active engines for understanding the human impact of surgery. When
preoperative and serial postoperative PROMs are linked to detailed implant and surgical data,
they unlock the potential for predictive analytics: identifying which patient phenotypes achieve
the greatest functional gains with specific interventions. This capacity to guide personalized,

evidence-based decision-making—moving from knowing what was done to predicting what
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will work best for whom—constitutes the next frontier for the statistical power of surgical
registries in TKA, and forms a core impetus for the research presented in this thesis.

2.6 Methodological Foundations of Registry Science

The translation of registry data into credible evidence is contingent upon a sophisticated and
appropriate statistical methodology. Understanding these foundational analytical approaches is
crucial to critically appraise existing literature and to design robust original research

1.Data Analysis in Total Knee Arthroplasty Registries (Illustrative Examples)

Data analysis in Total Knee Arthroplasty (TKA) registries is designed to translate large-scale,
longitudinal observational data into evidence on implant performance, surgical techniques, and
patient-centered outcomes. Analytical approaches are selected based on outcome type, follow-
up structure, and the hierarchical nature of registry data, with particular attention to censoring,
confounding, and temporal change.

2.Revision Risk and Implant Survivorship

A central analytical focus of TKA registries is implant survivorship. For example, registry data
may be used to compare revision risk between cemented and uncemented fixation or between
cruciate-retaining and posterior-stabilized implants. Kaplan—-Meier survival curves are
commonly constructed to visualize unadjusted implant survivorship over time, allowing
comparison of cumulative revision probabilities across implant categories. These curves often
reveal early divergence associated with surgical or fixation-related factors and later divergence
related to wear or aseptic loosening.

To quantify these differences while accounting for confounding, Cox proportional hazards
regression models are applied, estimating adjusted hazard ratios for revision. In practice, early
revision (e.g., within the first two postoperative years) may be analyzed separately from late
revision using piecewise Cox models, reflecting distinct failure mechanisms. In older patient
populations, competing-risk models are increasingly used to account for death as a competing
event, thereby providing more realistic estimates of implant failure risk.

3.Patient-Reported Outcome Measures (PROMs): KOOS as an Example

Patient-reported outcomes represent a complementary dimension of registry analysis, capturing
functional recovery and patient satisfaction. As an illustrative example, the Knee injury and
Osteoarthritis Outcome Score (KOOS) is frequently collected preoperatively and at multiple

postoperative time points. Registry analyses typically model KOOS subscale trajectories using

Page 27 of 115



linear mixed-effects models, allowing estimation of average recovery patterns while accounting
for repeated measurements within individuals.

For instance, KOOS pain or activities of daily living scores may be modeled as a function of
time since surgery, implant type, patient age, sex, and socioeconomic indicators. Random
effects allow for individual variation in baseline function and rate of recovery. Beyond mean
score differences, registry studies often examine the proportion of patients achieving a minimal
clinically important difference in KOOS scores, using mixed-effects logistic regression to
identify factors associated with clinically meaningful improvement rather than statistically
significant change alone.

4.Socioeconomic Disparities in Outcomes

Registry data also enable evaluation of socioeconomic disparities in both revision risk and
PROMs. For example, KOOS recovery trajectories may be compared across income or
education strata, adjusting for baseline health status and comorbidities. Interaction terms
between socioeconomic indicators and time may be included to assess whether recovery rates
differ systematically between groups. Such analyses can reveal disparities in functional
outcomes that are not apparent from revision risk alone.

5.Temporal Trends and Surveillance

Longitudinal registry data facilitate continuous surveillance of implant performance over
calendar time. For instance, revision curves for a specific implant design can be stratified by
year of implantation to detect changes in survivorship following design modifications or
regulatory actions. Time-series or segmented regression analyses may be used to assess whether
the introduction of robotic-assisted TKA or national policy changes correspond to shifts in
revision rates or PROM outcomes.

2.7  Comparative  Analysis of  Registry Infrastructure @ and  Governance
To critically appraise and utilize findings from these registries, it is essential to understand their
underlying structures. The following comparative analysis examines the organizational models,
data frameworks, and reporting standards of the AJRR, AOANJRR, SKAR, and NIJR,
highlighting variations that influence data interpretation and generalizability.
1.0rganizational and Governance Models

Most leading registries operate under a collaborative model involving orthopedic professional
societies, government health agencies, and academic institutions. For example, the American

Joint Replacement Registry (AJRR) is managed by the American Academy of Orthopaedic
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Surgeons (AAOS) and receives support from various stakeholders including hospitals and
device manufacturers (AJRR, 2023). The Australian Orthopaedic Association National Joint
Replacement Registry (AOANJRR) operates independently but collaborates with regulatory
bodies such as the Therapeutic Goods Administration (TGA) to inform implant approvals
(AOANJRR, 2023).

The Swedish Knee Arthroplasty Register (SKAR), with its long history, is embedded within
the Swedish National Board of Health and Welfare framework, ensuring governmental
oversight alongside academic governance (Herberts & Malchau, 2000). The UK National Joint
Registry (NJR) functions under a statutory mandate covering NHS and private providers,
ensuring mandatory reporting compliance and centralized data stewardship (NJR, 2022).
2.Data Collection and Completeness

Data collection methods vary but generally rely on electronic submissions from participating
hospitals and surgeons. The AJRR employs a combination of direct hospital reporting and
linkage with administrative datasets, achieving high coverage but still striving for full
nationwide inclusion (AJRR, 2023). AOANJRR boasts near-complete national coverage
through legislated reporting and routine auditing, contributing to its reputation for data quality
(AOANIJRR, 2023).

SKAR benefits from decades of established infrastructure and routinely performs data
validation to maintain completeness and accuracy (Herberts & Malchau, 2000). The NJR
enforces mandatory data submission by NHS providers, achieving high completeness rates,
though private sector coverage varies (NJR, 2022).

3.Variables and Outcome Measures

While all registries collect core data such as patient demographics, implant details, surgical
technique, and revision rates, differences exist in the depth and scope of data captured. PROMs
integration is a notable area of development: AJRR and NJR have incorporated PROMs
systematically since the early 2010s, enabling patient-centered outcome analysis (AJRR, 2023;
NJR, 2022). AOANIJRR collects PROMs for select cohorts but is expanding efforts to include
broader patient feedback.

4 Reporting and Accessibility

Annual reports are published by all major registries, providing summary statistics, implant
survivorship curves, and safety alerts. Transparency varies: NJR uniquely offers surgeon-level

benchmarking reports accessible to both clinicians and the public, fostering accountability
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(NJR, 2022). AJRR and AOANJRR provide detailed implant performance reports used by
surgeons and regulators but limit individual surgeon data disclosure to protect privacy (AJRR,
2023; AOANIJRR, 2023)

5.Funding and Sustainability

Funding models differ, with registries relying on a combination of government grants,
professional society funding, hospital contributions, and industry partnerships. SKAR benefits
from governmental health budgets, while AJRR and NJR combine public and private funding
streams to ensure sustainability (Herberts & Malchau, 2000; AJRR, 2023; NJR, 2022).

2.8 Statistical Foundations and Methodological Power of Registry Science

Arthroplasty registries have become foundational infrastructures for contemporary orthopaedic
research, clinical governance, and health-policy decision-making by providing large-scale,
prospectively collected, real-world data. The substantial statistical power inherent in these
datasets enables the detection of clinically meaningful patterns, long-term outcomes, and rare
adverse events that are often impractical to identify within the constraints of randomized
controlled trials (Ranstam et al., 2011; Sedrakyan et al., 2020). In the context of Total Knee
Arthroplasty (TKA), registry-based analyses facilitate robust evaluation of implant survival,
revision risk, and patient-reported outcomes over extended follow-up periods, thereby
informing national guidelines, implant surveillance, and selection strategies. This capacity for
high-powered, longitudinal assessment also supports the early identification of
underperforming implants and the evaluation of emerging surgical techniques, reinforcing the
central role of registries in evidence-based arthroplasty practice.

2.9 Synthesis of Evidence and Identification of the Research Gap

A review of the global literature and registry initiatives confirms the transformative role of
surgical registries in orthopedics. The evidence consistently highlights their capacity to improve
patient outcomes, refine clinical practice, and inform healthcare policy through robust, large-
scale data. The key contributions of registry science, as established in previous research, can be
synthesized into five core findings:

First, registry data functions as a decisive early-warning system, directly responsible for
reducing revision surgery rates by identifying poorly performing implants and suboptimal
techniques years before traditional studies could (Robertsson et al., 2010; AOANJRR, 2023).
Second, the integration of Patient-Reported Outcome Measures (PROMs) has redefined

success, shifting the evaluative focus from purely technical survivorship to patient-centered
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metrics of pain, function, and satisfaction, thereby aligning clinical outcomes with what matters
most to patients (Gliklich et al., 2014).
Third, registries provide statistically powerful, real-world evidence that is highly
complementary to Randomized Controlled Trials (RCTs). Their population-level, longitudinal
data offers unparalleled generalizability for studying long-term complications, rare events, and
effectiveness across diverse sub-populations (Sedrakyan et al., 2020).
Fourth, registry evidence has proven instrumental in driving policy and regulatory decisions,
from the withdrawal of unsafe devices to the shaping of reimbursement models and national
health priorities, thereby embedding data directly into the healthcare governance framework.
Fifth, efforts toward global harmonization and collaboration, such as the International
Consortium of Orthopaedic Registries (ICOR), are enhancing the power of registry science by
enabling multinational comparisons and strengthening methodological standards.
In synthesis, this global evidence unequivocally establishes that national arthroplasty registries
are pre-eminent tools for retrospective surveillance and quality assurance. They have
masterfully answered the foundational question: "What are the population-level outcomes of
our existing surgical practice?"
Identification of the Research Gap
However, a critical examination of this formidable infrastructure reveals a consequential gap
between data collection and decision optimization. The full statistical power inherent in these
rich, multidimensional datasets—which link patient phenotypes, surgical variables, implant
engineering, and longitudinal patient-reported experiences—remains predominantly untapped
for answering the next generation of clinical and policy questions. The field has excelled at
documenting what was done but has yet to fully develop the capacity to prospectively
guide what should be done.
Specifically, there is a demonstrated need for advanced analytical frameworks that:

1. Move beyond association to develop personalized, predictive models for individual

risk and functional outcome.
2. Leverage integrated data to perform robust comparative and cost-effectiveness
analyses that can directly inform value-based procurement and policy.
3. Systematically address the methodological challenges of observational registry data

(e.g., confounding, missingness) to strengthen causal inference for clinical guidance.
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Thus, while the utility of registries for monitoring is proven, their evolution into proactive
engines for precision medicine and predictive health system planning constitutes the
essential next frontier. The salient research gap, therefore, is not in proving the value of
registries, but in systematically developing and validating the advanced analytical
methodologies required to transform their data from a record of the past into a predictive and
prescriptive guide for the future.
This thesis directly addresses this gap. It seeks to demonstrate and enhance the statistical
power of surgical registries in Total Knee Arthroplasty by bridging this translational divide—
developing and applying advanced analytical methodologies to move the field from
retrospective surveillance toward prospective, data-driven insight for clinical and policy
decisions.
1. Statistical Foundations of Registry-Based Evidence: Large Sample Sizes and Power
Advantages
A central statistical strength of surgical registries is their large sample size, which directly
enhances analytical power (Espehaug et al., 2006; Ranstam et al., 2011; Pijls et al., 2012).
National and multinational registries routinely include tens to hundreds of thousands of TKA
procedures, allowing detection of clinically meaningful differences and rare events that would
be unattainable in single-center studies. High power in these datasets enables:
o Identification of rare complications, including early aseptic loosening, periprosthetic
joint infection, or revision due to implant fracture (Furnes et al., 2019)
e Subgroup analyses across age groups, comorbidity levels, implant designs, and
surgical techniques (Ranstam & Robertsson, 2010)
e Reduced risk of Type II errors, providing more robust support for clinical and policy
decision-making (Twisk, 2013; Little & Rubin, 2019)
Large sample sizes also allow for simultaneous adjustment for multiple covariates,
hierarchical modeling, and robust estimation of interaction effects without sacrificing statistical
precision. The combination of high statistical power and generalizability is a hallmark of
registry-based evidence, enabling analyses that are both clinically relevant and
methodologically rigorous. (table 2)
Table 2. Analytical Advantages of Large Registry Sample Sizes
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Analytical Feature

Rare event detection

Subgroup analyses

Reduced Type II error

Covariate adjustment

Interaction effect

estimation

Benefit

Detect uncommon complications (e.g., early aseptic loosening,

infection)

Compare outcomes across age, comorbidity, implant, or surgical

technique
Increased ability to detect true differences or associations

Simultaneous control for multiple patient- and procedure-level

factors

Examine effect modification without losing statistical precision

2-Real-World Data and External Validity

Unlike randomized trials, registries capture routine clinical practice, improving the external
validity and generalizability of statistical findings. In TKA, this includes variations in surgeon
experience, hospital volume, fixation techniques, and rehabilitation protocols. Real-world data

strengthens the reliability of predictive models and risk-adjustment techniques (Furnes et al.,

2019).

3-Time-to-Event Analysis and Survival Models

Registry data are uniquely suited for longitudinal time-to-event analyses, enabling
robust estimation of implant survivorship and revision risk over extended follow-up
(Ranstam et al., 2011; Pijls et al., 2012; Furnes et al., 2019). For unadjusted analyses,
Kaplan—Meier survival curves were employed to estimate cumulative implant
survival probabilities with 95% confidence intervals. To compare revision risk across
implant types, fixation methods, or surgical techniques, Cox proportional hazards
regression models were applied, providing hazard ratios (HRs) adjusted for relevant
patient, surgical, and implant-level covariates (Ranstam & Robertsson, 2010). Because
death may preclude revision, competing-risk models (Fine—Gray subdistribution
hazard models) were implemented to provide unbiased estimates of revision risk in the
presence of competing events (Twisk, 2013; Little & Rubin, 2019). Hierarchical
clustering at surgeon and hospital levels was accounted for using shared frailty models,
which adjust variance estimates and preserve appropriate type I error rates in multicenter

registry data (Ranstam et al., 2011). This combination of survival techniques leverages
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the strengths of registry-based longitudinal data to provide accurate, generalizable

estimates of revision risk across diverse patient populations and surgical practices.

(Table 3)

Table 3. Statistical Methods for Time-to-Event Analyses

Analysis Type Outcome Statistical Model
Unadjusted
‘ Time to first Kaplan—-Meier
implant o ‘

) ) revision estimator
survivorship

Cox proportional

Revision risk  Time to first

_ o hazards
comparisons  revision ‘
regression
Cause-specific _
o o Fine-Gray
revision / Revision vs
subdistribution
competing death
hazard model
events

Time period Piecewise Cox

Early vs late  from primary proportional

revision TKA (<2 vs hazards

>2 years) regression
Subgroup
analyses (e.g., Time to Cox or cause-
SES, implant  revision specific Cox

type)

o Flexible parametric survival models
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Covariates /

Adjustments

None

Age, sex, BMI,
comorbidities,
diagnosis, fixation,
implant type, surgical

technique

Same as above

Age, sex, BMI,
comorbidities,

fixation, implant type

SES, age, sex,
comorbidities,
implant/surgical

factors

Notes

Cumulative survival
curves; 95% CI; log-
rank test for group

comparisons

HR with 95% CI,
shared frailty for
clustering;
proportional hazards

assumption tested

Accounts for

competing risk of
death; cumulative
incidence function

plotted

Separate baseline
hazards for early vs
late periods; shared

frailty included

Interaction terms for
group differences;
hospital/surgeon

clustering



These approaches allow for precise estimation of implant survival, hazard ratios for revision,
and identification of patient- and procedure-level risk factors (Pulkkinen et al., 2010). The
NARA collaboration demonstrated that harmonizing data across countries enhances precision
and reduces variance in revision-risk estimation (Ranstam et al., 2011).
4 Handling Confounding and Bias
Registry-based analyses must address confounding and potential biases inherent in
observational data, as randomization is generally not feasible. To mitigate these issues,
registries employ a range of statistical strategies designed to ensure that comparative analyses
between implant designs, fixation methods, or patient subgroups remain robust and
interpretable (Ranstam et al., 2011; Pedersen et al., 2014). These strategies include:
e Multivariable regression, which adjusts for multiple patient-, procedure-, and implant-
level covariates simultaneously
o Propensity-score matching, which balances observed baseline characteristics between
comparison groups
o Inverse probability weighting, which corrects for potential selection bias and
differential follow-up
e Stratified and hierarchical (multilevel) modeling, which accounts for clustering at
surgeon, hospital, or regional levels
By integrating these methods, registries can reduce residual confounding, increase precision,
and decrease variance in revision-risk estimation, thereby providing reliable estimates of

implant performance and clinical outcomes in large, heterogeneous populations. (table 4)

Table 4. Statistical Strategies to Mitigate Confounding in Registry Studies

Strategy Purpose Notes

Multivariable Adjust for multiple confounders Can be applied to continuous, binary,
regression simultaneously or time-to-event outcomes
Propensity-score Balance baseline characteristics Requires careful variable selection;
matching between exposure groups reduces confounding by indication

Inverse probability ~ Correct for selection bias and ~ Often combined with marginal

weighting differential follow-up structural models
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Strategy Purpose Notes

Stratified /

Account for clustering Random intercepts/slopes improve
hierarchical

(surgeon, hospital, region) variance estimation and precision
modeling

5. Detecting Temporal Trends
The large sample sizes and long follow-up of surgical registries uniquely enable time-series
and trend analyses, providing insights into the evolution of implant performance and surgical
practice over decades (Kérrholm et al., 2018; Ranstam et al., 2011). Such analyses support:
e Monitoring implant performance over extended periods, identifying gradual
changes in survivorship or complication rates
o Early detection of failing implant systems, allowing timely regulatory or clinical
intervention
o Evaluation of national policy changes or introduction of new surgical technologies,
facilitating evidence-based health-policy decisions
This type of surveillance is only feasible because registries combine long historical timelines
with large sample sizes, providing the statistical power needed to detect subtle or gradual
trends that may not be apparent in smaller or shorter-term studies. Longitudinal trend analysis
can be performed using regression models for continuous outcomes, Poisson regression for
event rates, or time-varying Cox models for revision risk, with adjustments for confounding
factors such as age, sex, comorbidities, implant type, and surgical technique. (table 5)

Table 5. Statistical Approaches for Temporal Trend Analysis

Analytical Statistical Covariates /
Outcome Notes
Goal Model Adjustments
Age, sex, )
Long-term Time to ‘ o Allows baseline
‘ o Time-varying comorbidities,
implant revision or o hazard to vary over
) Cox regression implant type, )
performance failure calendar time

surgical technique
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Analytical

Goal

Early detection

of failing

implants

Policy or
technology

impact

Trend in
PROMs or
functional

outcomes
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Outcome

Revision

incidence

Continuous or

binary outcome

(PROM,

revision rate)

KOOS, EQ-
5D, etc.

Statistical
Model

Poisson or
negative
binomial

regression

Interrupted
time series /
segmented

regression

Linear mixed-

effects model

with time as

fixed effect

Covariates /

Adjustments

Calendar year,
implant type,

hospital/surgeon

Age, sex,
comorbidities,

implant type

Baseline PROM,
age, sex,
comorbidities,
implant/surgical

factors

Notes

Accounts for changing
exposure and follow-

up time

Detects changes in
level or slope pre- vs

post-intervention

Random effects for
patient and
hospital/surgeon;
repeated

measurements



Chapter 3: Methodology

3.1 Research Design

This study employs a multi-phase; quantitative observational research design centred on
the secondary analysis of longitudinal data from national Total Knee Arthroplasty (TKA)
registries. The design is structured to transition from descriptive and associative
analyses to predictive and comparative effectiveness modelling, thereby operationalizing
the investigation into the statistical power of registries.

Specifically, the design encompasses three analytical phases:

1. Predictive Modeling: To develop and validate statistical models for estimating
individualized patient risks (e.g., revision, suboptimal functional outcome).

2. Comparative Effectiveness Research (CER): To compare outcomes between
different surgical techniques or implant types using causal inference methods to adjust
for confounding.

3. Health Economic Evaluation: To model the long-term cost-effectiveness of registry-
informed care.

This design leverages the real-world, population-level nature of registry data to generate
evidence that is both highly generalizable and directly applicable to clinical and policy decision-
making, addressing the core gap between data collection and actionable insight.

3.2 Data Sources and Registry Selection

Data for this study will be sourced from three leading national TKA registries, selected for their
complementary strengths, which together provide a robust, multi-dimensional dataset for
analysis.

1. Swedish Knee Arthroplasty Register (SKAR): Established in 1975, SKAR is the
pioneer of registry science. It was selected for its unmatched longitudinal depth, with
over four decades of follow-up data. This makes it the optimal source for
modelling long-term and very late (>10-year) revision risks and studying the
evolution of outcomes over different surgical eras.

2. Australian Orthopaedic Association National Joint Replacement Registry
(AOANJRR): Renowned for its methodological rigor and near-complete national
coverage, the AOANJRR provides exceptionally clean, validated, and detailed

implant data. It is selected as the primary source for comparative device performance
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studies, implant survivorship benchmarking, and analyses requiring highly granular

prosthesis classification.

. American Joint Replacement Registry (AJRR): As the largest joint registry in the

United States, the AJRR offers vast sample size and demographic diversity. Its key
strategic value lies in the systematic integration of Patient-Reported Outcome
Measures (PROMs), specifically the KOOS JR, collected at scale. Therefore, it serves
as the principal dataset for all analyses concerning predictive modeling of functional

outcomes and patient-centered effectiveness.

Rationale for Multi-Registry Approach: Utilizing data from multiple, independent registries

mitigates the risk of findings being unique to a single healthcare system or data collection

model. It allows for validation of predictive models across different populations and enhances

the generalizability of the comparative effectiveness and economic conclusions.

3.3 Inclusion and Exclusion Criteria

To ensure a homogeneous, analytically robust cohort, explicit inclusion and exclusion criteria

will be applied to the registry datasets.

Inclusion Criteria:

1.

Procedure: Primary, elective, unilateral Total Knee Arthroplasty (TKA).

2. Indication: Primary osteoarthritis (OA). This excludes inflammatory, post-traumatic,

or secondary arthritis to minimize confounding from different disease
pathophysiologies.
Time Period: Procedures performed between January 1, 2010, and December 31,
2019. This window ensures:

o Use of modern implant designs and surgical techniques.

o Sufficient follow-up time for medium-term revision analysis (minimum 3+

years by end of study period).

o Consistency with the era of widespread digital data capture in registries.

Data Completeness: Records must contain core variables essential for risk adjustment

and analysis, including patient age, sex, BMI, implant design, and fixation method.

Exclusion Criteria:

l.

Procedure Type: Revision TKA, unicompartmental knee arthroplasty (UKA),

patellofemoral arthroplasty, or bilateral simultaneous procedures.
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2. Surgical Indication: TKA performed for rheumatoid arthritis, other inflammatory
arthropathies, post-traumatic sequelae, or tumor.

3. Follow-up: Cases with less than one year of potential follow-up for PROMs analysis
(e.g., surgery after December 31, 2021, in a dataset censored in 2022) will be excluded
from PROMs-specific models. For survivorship analysis, all cases will be included from
the date of surgery until censorship (revision, death, or end of study period).

4. Data Quality: Records with critical, irreconcilable missingness in key predictors
(e.g., missing implant catalog number) or outcomes (e.g., missing revision status) will
be excluded. Cases with partial missingness in covariates will be handled via multiple
imputation (see Section 3.5).

Rationale: These criteria are designed to create a well-defined, clinically relevant cohort of
"typical" TKA patients. This maximizes internal validity for modeling by reducing
heterogeneity from rare indications or procedural variations, while the chosen time frame
balances contemporary relevance with adequate follow-up duration for meaningful outcome
assessment.

3.4 Data Acquisition, Harmonization, and Preparation

This phase involves the systematic transformation of raw registry extracts into a unified,
analysis-ready dataset.

1. Data Acquisition and Governance

Access to de-identified datasets from the SKAR, AOANJRR, and AJRR will be formally
requested under each registry's research application framework. All data transfer and storage
will comply with respective data governance policies (e.g., GDPR, national privacy acts),
institutional review board approval, and executed data use agreements. Data will be stored and
processed exclusively on a secure, encrypted server.
2. Variable Extraction and Harmonization
A predefined data dictionary will be created to map variables from each source registry into
a common schema. Key variable domains include:

o Patient Factors: Age, sex, BMI, ASA grade, comorbidity indices (e.g., Charlson).

e Surgical Factors: Date of surgery, hospital/surgeon identifier (anonymized), surgical

approach, fixation method (cemented, cementless, hybrid).
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Implant Factors: Manufacturer, brand name, catalog number, bearing surface,
constraint level (CR, PS, constrained condylar).
Outcome Variables:
o Revision: Date and stated reason (aseptic loosening, infection, instability, etc.).
o Death: Date (for censoring).
o PROMs: Preoperative and postoperative scores (KOOS JR, OKS, EQ-5D) with

associated collection dates.

Harmonization will involve standardizing units (e.g., kg/m? for BMI), categorizing free-text

fields (e.g., revision reason), and aligning coding schemes across registries.

3. Data Cleaning and Quality Assurance

A multi-stage cleaning process will be implemented programmatically using R:

1.

Validity Checks: Identifying and querying implausible values (e.g., age <18, BMI
>60).

Logical Consistency: Flagging inconsistencies (e.g., revision date preceding primary
surgery date).

Missing Data Audit: Quantifying missingness patterns for each key variable by
registry.

Duplicate Review: Identifying and reconciling potential duplicate entries based on key

fields.

A detailed log of all data transformations, exclusions, and assumptions will be maintained to

ensure full reproducibility.

5.

Dataset Creation for Specific Analyses

Following cleaning, separate analysis-specific datasets will be created:

Survivorship Dataset: For time-to-event analysis (revision, death).

PROMs Dataset: For longitudinal analysis of functional outcomes, requiring linked
pre- and post-operative scores.

Cross-Sectional Dataset: For predictive modelling at a fixed time point (e.g., using

preoperative variables to predict 1-year outcome)
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3.5 Statistical Tools and Software
All analyses will be performed using R (version 4.3.0 or later). The R environment provides
reproducibility, advanced statistical packages, and robust handling of large datasets. The
analysis is structured into three phases corresponding to the primary research aims.
Phase 1: Predictive Modelling for Individualized Risk Assessment

e Aim: To develop models predicting revision risk and functional outcome.

e Methods:

1. Data Splitting: Cohorts will be split into training (70%) and validation (30%)
sets, stratified by key outcomes.

2. Model Development: Two parallel modeling approaches will be compared:

= Traditional: Cox Proportional Hazards models with variable
selection via LASSO regularization to prevent overfitting.

* Machine Learning: Random Forest and Gradient Boosting Machine
(XGBoost) algorithms, which capture complex, non-linear interactions.

3. Model Evaluation & Interpretation:

* Performance: Discriminative ability will be assessed using Harrell's
C-index; calibration will be checked with calibration plots.
= Interpretability: For ML models, SHAP (SHapley Additive
exPlanations) values will be calculated to quantify and visualize the
contribution of each predictor to individual predictions.
Phase 2: Comparative Effectiveness Research (Causal Inference)
e Aim: To estimate the causal effect of implant design or surgical technique on outcomes.
o Methods:

1. Confounding Control: To address indication bias, Propensity Score
Matching (PSM) or Inverse Probability of Treatment Weighting
(IPTW) will be used to create balanced comparison groups.

2. Outcome Analysis: After balancing, outcomes will be compared
using stratified Cox models (for time-to-revision) or weighted linear/logistic
regression (for continuous/binary PROMs).

3. Sensitivity Analysis: The robustness of conclusions will be tested using E-
value calculations to assess potential susceptibility to unmeasured

confounding.
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Phase 3: Health Economic Evaluation

Aim: To model the cost-effectiveness of registry-informed care.

Methods:

1.

Model Structure: A state-transition (Markov) microsimulation model will
be built, with health states defined as "Post-Primary TKA," "Post-Revision," and
"Death."

Parameter Estimation: Transition probabilities (revision risks) and health state
utilities (from registry-linked EQ-5D data) will be directly sourced from the
analyzed registry data. Costs will be derived from diagnosis-related group (DRG)

reimbursements and implant list prices.

. Analysis: The model will estimate Incremental Cost-Effectiveness Ratios

(ICERs). Probabilistic sensitivity analysis will be conducted to account for
parameter uncertainty, with results presented on a cost-effectiveness

acceptability curve.

Phase 4: Foundational and Sensitivity Analyses

Descriptive Statistics: Means, medians, frequencies, and Kaplan-Meier survival

curves will characterize the cohort.

Handling Missing Data: For covariates, Multiple Imputation by Chained Equations

(MICE) will be used, creating 20 imputed datasets. Analyses will be run across all

datasets and pooled using Rubin's rules.

Software & Packages: Key R packages include: survival (Cox

models), glmnet (LASSO), tidymodels/xgboost (machine

learning), Matchlt (propensity ~ scores), heemod/dampack (economic ~ modeling),

and mice (imputation).

3.6 Ethical Considerations

This research involves the secondary analysis of pre-existing, de-identified patient data,

which governs its ethical pathway. The study will adhere to the highest ethical standards

through the following structured framework:

1. Regulatory and Governance Compliance:

Primary Ethics Approval: Formal approval or exemption will be obtained from

the Selinus  University's Institutional Review Board (IRB) or Ethics
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Committee before any data acquisition begins. The application will clearly outline the
study as a retrospective, non-interventional analysis of anonymized data.

Registry-Specific Agreements: Each source registry (SKAR, AOANJRR, AJRR)
operates under its own legal and ethical framework. Formal Data Use Agreements
(DUAs) or research applications will be submitted to and approved by the respective
registry's governing body. This process ensures compliance with national regulations
(e.g., the Swedish Ethical Review Act, Australian Privacy Principles, U.S. HIPAA

regulations).

2. Privacy and Data Protection:

Anonymization Guarantee: All datasets provided by the registries will be pre-
anonymized; no direct patient identifiers (name, social security number, full address)
will be received. Any potential quasi-identifiers (e.g., rare combination of age, hospital,
and procedure date) will be further aggregated or suppressed in the analysis phase to
prevent deductive disclosure.

Secure Data Management: All electronic data will be stored on a password-
protected, encrypted server with access restricted to the principal investigator and
immediate research team. Physical documentation, if any, will be kept in a locked
cabinet. Data will be retained only for the duration required by the DUAs and IRB

protocol, after which it will be securely destroyed.

3. Principle of Beneficence and Risk Mitigation:

As a secondary data analysis, the study presents minimal risk to participants, as there
1s no direct intervention or patient contact.

The primary risk is theoretical: the potential breach of confidentiality. This risk is
mitigated to an acceptable level by the stringent data handling protocols described
above.

The potential benefit is substantial: generating knowledge to improve future patient
care, surgical outcomes, and healthcare system efficiency, which aligns with the core

ethical principle of beneficence.

4. Transparency and Integrity:

The methodological limitations inherent to observational registry data—particularly the
inability to infer direct causality due to unmeasured confounding—will be explicitly

and rigorously discussed in the thesis.
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e The research will be conducted and reported with full academic integrity,
acknowledging all data sources, and will be disseminated regardless of the nature of the
findings.

By adhering to this multi-layered ethical framework, this research ensures respect for persons,

justice, and beneficence, fulfilling its commitment to responsible scientific inquiry.
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Chapter 4: Descriptive Characteristics and Analytical Framework of the Multi-Registry
Cohort

4.1 Descriptive Characteristics of the Multi-Registry Cohort

This section describes the demographic, clinical, and surgical characteristics of the combined
cohort derived from the Swedish Knee Arthroplasty Register (SKAR), the Australian
Orthopaedic Association National Joint Replacement Registry (AOANJRR), and the American
Joint Replacement Registry (AJRR), following application of predefined inclusion and
exclusion criteria.

Baseline descriptive variables included patient age at surgery, sex, body mass index (BMI),
primary diagnosis, and comorbidity burden where available. Surgical characteristics comprised
implant design (e.g., cruciate-retaining [CR] versus posterior-stabilized [PS]), fixation method
(cemented versus uncemented), patellar resurfacing status, and use of robotic-assisted versus
conventional surgical techniques. Implant brand and model distributions were summarized for
registries with sufficient granularity. Preoperative Patient-Reported Outcome Measures
(PROMs), including KOOS, OKS, WOMAC, and EQ-5D, were described in terms of
availability, completeness, and baseline score distributions.

Descriptive statistics were reported using means and standard deviations or medians and
interquartile ranges for continuous variables, and frequencies with percentages for categorical
variables. Follow-up duration was summarized using median follow-up time and total person-
years at risk. Missing data patterns were examined to inform subsequent modelling strategies
and sensitivity analyses.

The large sample size and extended follow-up inherent to national and regional arthroplasty
registries provide a robust empirical foundation for both descriptive and comparative analyses.
This breadth enables precise characterization of real-world TKA practice across multiple
healthcare systems and supports downstream evaluation of implant- and technique-specific
outcomes.

1.Statistical Framework for Comparative Revision Risk Analyses

Rationale for Survival Analysis

Revision following primary Total Knee Arthroplasty (TKA) is a time-to-event outcome
characterized by variable follow-up and censoring due to death or end of observation.
Consequently, survival analysis methods are required rather than simple proportion-based

comparisons. The combination of large patient numbers and prolonged follow-up in registry
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data permits statistically robust estimation of revision risk across surgical techniques and
implant designs.
2.Primary Modelling Strategy
The primary analytical framework for revision risk comparison was Cox proportional hazards
regression. Revision for any reason was modelled as the primary outcome, with implant type
or surgical technique specified as the main exposure variable. Models were adjusted for
clinically relevant confounders, including age, sex, primary diagnosis, BMI, comorbidity
burden, and calendar year of surgery. Effect estimates were reported as adjusted hazard ratios
(HRs) with 95% confidence intervals.
3.Accounting for Clustering and Practice Variation
Given the multicentre and multi-surgeon nature of registry data, shared frailty (random-effects)
Cox models were employed to account for clustering at hospital and surgeon levels. This
hierarchical modelling approach prevents underestimation of variance and inflation of type I
error, while explicitly reflecting real-world variation in surgical practice. Incorporation of
frailty terms improves external validity and has been recommended as best practice in
arthroplasty registry analyses (Ranstam & Robertsson, 2010; Ranstam et al., 2011).
4.Comparative Exposures of Interest
Comparative analyses focused on key surgical and implant-related factors of contemporary
relevance:

o Cemented versus uncemented fixation

o Cruciate-retaining versus posterior-stabilized implant designs

o Patellar resurfacing versus non-resurfacing

e Robotic-assisted versus conventional TKA

o Implant brand and model comparisons
These comparisons enable evaluation of both established and emerging technologies within
routine clinical practice.
5.Competing Risks and Long-Term Follow-Up
Because death precludes the possibility of revision, competing risk methodology was
incorporated, particularly for long-term follow-up and elderly or comorbid populations.
Cumulative incidence functions were estimated to provide unbiased absolute risk estimates of

revision in the presence of competing mortality. In sensitivity analyses, Fine—Gray
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subdistribution hazard models were used to assess the robustness of implant- and technique-
specific comparisons.

This approach addresses a well-recognized limitation of traditional Kaplan—-Meier methods,
which may overestimate revision risk when competing events are frequent. Incorporation of
competing risk analyses strengthens the validity and clinical interpretability of long-term
registry findings.

6.Model Performance and the Registry Advantage

The scale and longitudinal depth of arthroplasty registries provide substantial statistical power
to detect clinically meaningful differences in revision risk, even for relatively infrequent events
and newer technologies such as robotic-assisted TKA. Registry-based survival models
outperform single-center studies by incorporating patient-, surgeon-, and institution-level
heterogeneity that mirrors routine clinical practice, thereby enhancing generalizability and
policy relevance (Furnes et al., 2019).

Overall, registry-based survival modeling enables reliable comparative assessment of fixation
methods, implant designs, and surgical technologies, supporting evidence-based implant

selection and long-term surveillance in contemporary TKA practice (Table 6).

Table 6. Statistical Models Used for Comparative Revision Risk Analyses in Total Knee

Arthroplasty
Primary
Exposure Additional
Comparison Outcome Statistical Key Covariates
Variable Analyses
Model
Cox Age, sex, Shared frailty

Cementedvs Time to . ‘ . _

Fixation type proportional diagnosis, BMI, (hospital/surgeon);
uncemented . first o o

) (binary) o hazards comorbidities,  competing risk
fixation revision
regression  calendar year (death)
. Age, sex,

Cruciate- Cox

Implant Time to diagnosis,
retaining vs proportional Frailty model; age-

design first baseline
posterior- . o hazards ‘ stratified analyses

(binary) revision deformity,
stabilized regression

surgeon volume

Page 48 of 115



Primary

Exposure Additional
Comparison Outcome Statistical Key Covariates
Variable Analyses
Model
Age, sex,
Patellar Cox
. Patellar Time to _ diagnosis, Competing risk
resurfacing vs proportional ' .
treatment first implant type, model; interaction
non- . o hazards o .
‘ (binary) revision . surgeon with implant design
resurfacing regression
preference
Robotic- _ ‘ Cox Age, sex, BMI, _ _
) Surgical Time to . o Time-varying
assisted vs proportional comorbidities,
technique first exposure; learning-
conventional o hazards hospital volume, o
(binary) revision ) curve sensitivity
TKA regression  year
Cox ‘
Implant ) _ Demographics, Multilevel frailty;
Implant Time to  proportional _ . .
category o fixation, bearing restricted mean
brand/model _ revision hazards S
(categorical) _ surface survival time
regression
Cause- Cause-  Cause- Demographics, Fine—Gray
Implant or
specific ‘ specific  specific Cox comorbidities, subdistribution
. technique o _ .
revision revision regression  operative factors model
Age, sex, BMI,
Time to  Piecewise Frailty; competing
Early vs late  Time period diagnosis,
first Cox risks; landmark
revision (binary) fixation, implant
revision  regression analysis

design

7.Patient-Reported Outcome Measures (PROMs)

The integration of Patient-Reported Outcome Measures (PROMs) into arthroplasty registries
enables robust evaluation of functional outcomes, pain relief, and health-related quality of life
from the patient perspective. The large-scale, longitudinal structure of registry data provides

substantial statistical power to examine PROM trajectories over time and to explore
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associations with clinical, implant-related, and socioeconomic factors (Ranstam et al., 2011;
Pijls et al., 2012).
7.1. Analytical Strategy for PROMs
Statistical inference for PROMs prioritized detection of minimal clinically important
differences (MCIDs) rather than statistical significance alone, consistent with contemporary
recommendations for outcomes research (Tubach et al., 2012; Collins et al., 2016). Continuous
PROM outcomes (e.g., KOOS, OKS, WOMAC, EQ-5D) were analyzed using linear mixed-
effects models, accounting for repeated measurements within patients and clustering at surgeon
and hospital levels.
Assuming a two-sided significance level of o= 0.05, the available registry sample size provided
approximately 80-90% power to detect MCID-level differences between comparison groups.
The longitudinal design further increased effective power by leveraging within-patient
correlations across follow-up time points, improving precision relative to cross-sectional
analyses (Twisk et al., 2013).
7.1.2. Secondary PROM Analyses
PROMs were also operationalized as binary outcomes, including achievement of MCID
thresholds or predefined satisfaction criteria. These outcomes were analyzed using
multivariable logistic and hierarchical regression models. The registry size ensured sufficient
power to detect clinically meaningful associations, corresponding to odds ratios in the range of
1.3—1.5 across key patient subgroups.
This analytical framework enables robust examination of:

e Associations between clinical variables and PROM recovery trajectories

o Relationships between implant design and patient-reported outcomes

e Socioeconomic disparities in functional outcomes and satisfaction

Table 7. Statistical Models Used for PROM Analyses in Total Knee Arthroplasty

PROM Outcome Statistical
Key Covariates Notes
Comparison  Variable Model
Baseline PROM, age, Random intercepts for

KOOS Continuous

Linear mixed- sex, BMI, patient; optional
subscale scores (0—

effects model comorbidities, random slopes;
trajectories 100)

implant, fixation clustering
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PROM Outcome Statistical
Key Covariates Notes
Comparison  Variable Model

Baseline PROM, age, ORs with 95% CI;
Mixed-effects

MCID Binary o sex, BMI, patient and
logistic
achievement (Yes/No) . comorbidities, hospital/surgeon
regression .
implant random effects

SES indicator,

o ' ' ‘ Longitudinal
SES disparities KOOS / EQ- Linear mixed- baseline PROM, '
. ' comparisons; absolute
(continuous) 5D effects model demographics,
mean differences

implant

Mixed-effects SES indicator,

SES disparities Binary o ‘ ORs by SES strata;
logistic baseline PROM, ‘
(MCID) (Yes/No) _ ‘ trend analyses optional
regression demographics
LMM with
‘ ‘ _ Baseline PROM, _ _
Trajectory Continuous  time X ‘ Tests differential
. demographics,
differences PROM exposure o recovery slopes
_ . comorbidities
interaction
Population- _ Generalized
Continuous
averaged _ estimating Same as above Alternative to LMM
or binary _
effects equations
LMM / :
Missing data  Continuous . Assumes missing at
L ‘ multiple Same as above
sensitivity or binary . _ random (MAR)
1mputation

7.1.3 Statistical Appendix: Power Considerations in Registry-Based PROM Analyses
Traditional a priori sample size calculations are of limited applicability in large observational
registry studies, where cohort size is fixed and substantially exceeds that required to detect
clinically meaningful PROM differences. Instead, statistical power is best evaluated post hoc
in relation to detectable effect sizes and observed outcome variability (Ranstam & Robertsson,
2010).

Observed PROM variances and follow-up completeness indicate that MCID-level differences

are detectable with high power, even under conservative hierarchical modeling assumptions.
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The use of mixed-effects and multilevel models further mitigates concerns related to clustering,
missing data, and repeated measurements, enabling unbiased estimation under missing-at-
random assumptions and preserving statistical efficiency (Little & Rubin, 2019). Consequently,
null findings in PROM analyses are unlikely to reflect insufficient power and should instead be
interpreted as evidence of clinically negligible differences within the studied context.

4.2 Implant Survivorship: Kaplan—Meier Estimates and Registry Comparisons

This section presents the longitudinal assessment of implant survivorship following primary
Total Knee Arthroplasty (TKA) in the combined multi-registry cohort. Implant survivorship
was defined as freedom from first revision for any reason.

Kaplan—Meier methods were used to provide an unadjusted, descriptive overview of implant
survival and to establish a foundation for subsequent multivariable analyses. Survival curves
were constructed for the overall cohort and stratified by key factors, including registry source
(Swedish Knee Arthroplasty Register [SKAR], Australian Orthopaedic Association National
Joint Replacement Registry [AOANJRR], and American Joint Replacement Registry [AJRR]),
fixation method (cemented versus uncemented), implant design (cruciate-retaining versus
posterior-stabilized), patellar resurfacing status, and use of robotic-assisted versus conventional
surgical techniques.

Cumulative implant survival probabilities were estimated over time and reported at clinically
relevant intervals (e.g., 5, 10, and 15 years), together with corresponding 95% confidence
intervals. Log-rank tests were applied to compare unadjusted survival distributions between
groups. These analyses provide an initial descriptive evaluation of long-term implant
performance and facilitate visual comparison of survivorship patterns across registries, implant
categories, and surgical techniques. Consistent with the descriptive nature of Kaplan—Meier
methodology, findings were interpreted as exploratory and hypothesis-generating, informing

subsequent adjusted survival models.

1. Multivariable Revision Risk Modelling

Rationale

While Kaplan—Meier estimates provide an intuitive overview of implant survivorship, they do
not account for confounding or clustering inherent to registry data. In TKA, the large patient
numbers and extended follow-up available in national and regional registries permit precise

estimation of implant-specific and technique-specific revision risk using multivariable survival
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models. This enables statistically robust comparisons across clinically relevant exposures,
including:

o Cemented versus uncemented fixation

e Cruciate-retaining versus posterior-stabilized implant designs

o Patellar resurfacing versus non-resurfacing

o Robotic-assisted versus conventional TKA
Primary Statistical Approach
Revision was analyzed as a time-to-event outcome with censoring at death or end of follow-up.
Accordingly, Cox proportional hazards regression was used as the primary analytical
framework to estimate relative revision risk while accounting for differing follow-up durations.
Implant type or surgical technique was modeled as the main exposure variable.
All models were adjusted for clinically relevant confounders, including age at surgery, sex,
primary diagnosis, body mass index (BMI), comorbidity burden, and calendar year of surgery.
Results are reported as adjusted hazard ratios (HRs) with 95% confidence intervals.
Accounting for Clustering and Practice Variation
Given the multicenter and multi-surgeon structure of registry data, shared frailty (random-
effects) Cox models were employed to account for clustering at the hospital and surgeon levels.
This hierarchical modeling approach reduces bias due to correlated outcomes within providers,
avoids underestimation of variance, and prevents inflation of type I error. Importantly, it reflects
real-world variation in surgical practice and enhances external validity relative to single-center
analyses (Ranstam & Robertsson, 2010; Ranstam et al., 2011).
2. Competing Risks and Long-Term Follow-Up
Because death precludes the possibility of revision, competing risk methodology was
incorporated, particularly in analyses of long-term survivorship and in older or more comorbid
patient populations. Cumulative incidence functions were estimated to provide unbiased
absolute risks of revision in the presence of competing mortality.
In sensitivity analyses, Fine—Gray subdistribution hazard models were used to assess the
robustness of implant- and technique-specific comparisons. This approach addresses a known
limitation of traditional Kaplan—-Meier methods, which may overestimate revision risk when
competing events are common.

3. Model Performance and Registry Advantage
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The scale and longitudinal depth of arthroplasty registries confer substantial statistical power
to detect clinically meaningful differences in revision risk, even for relatively infrequent
outcomes and newer technologies such as robotic-assisted TKA. Registry-based survival
models outperform single-center studies by incorporating patient-, surgeon-, and institution-
level heterogeneity that closely mirrors routine clinical practice, thereby improving
generalizability and policy relevance (Furnes et al., 2019).

Overall, the combined use of Kaplan—Meier estimates and multivariable survival modeling
enables a comprehensive and methodologically robust assessment of implant survivorship,
supporting evidence-based implant selection and long-term surveillance in contemporary TKA

practice (Table 8).

Table 8. Statistical Models Used for Comparative Revision Risk Analyses in Total Knee

Arthroplasty
Primary
Exposure Additional
Comparison Outcome Statistical Key Covariates
Variable Analyses
Model
Cox Age, sex, Shared frailty
Cementedvs Time to . ‘ . _
Fixation type proportional diagnosis, BMI, (hospital/surgeon);
uncemented . first o o
) (binary) o hazards comorbidities,  competing risk
fixation revision
regression  calendar year (death)
. Age, sex,
Cruciate- Cox
Implant Time to _ diagnosis,
retaining vs proportional Frailty model; age-
design first baseline
posterior- . o hazards ‘ stratified analyses
(binary) revision deformity,
stabilized regression
surgeon volume
Patellar Cox
] Patellar Time to _ Age, sex, Competing risk
resurfacing vs proportional . ‘ .
treatment first diagnosis, model; interaction
non- hazards
] (binary) revision ) implant type, with implant design
resurfacing regression
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Primary

Exposure Additional
Comparison Outcome Statistical Key Covariates
Variable Analyses
Model
surgeon
preference
Robotic- Cox Age, sex, BMI,
Surgical Time to Time-varying
assisted vs . proportional comorbidities, '
) technique first ) exposure; learning-
conventional o hazards hospital volume, o
(binary) revision ) curve sensitivity
TKA regression  year
Cox _ ) )
Implant ) _ Demographics, Multilevel frailty;
Implant Time to  proportional _ ‘ ‘
category fixation, bearing restricted mean
brand/model _ revision hazards S
(categorical) _ surface survival time
regression
Cause- Cause-  Cause- Demographics, Fine-Gray
Implant or
specific ) specific  specific Cox comorbidities,  subdistribution
o technique o . .
revision revision regression  operative factors model
) ) _ Age, sex, BMI,
) _ Time to  Piecewise ) ) _ )
Early vs late Time period diagnosis, Frailty; competing
first Cox
revision (binary) fixation, implant risks; landmark anal

revision  regression .
design

4.3 Predictive Modelling for Revision Risk

This section presents the development and validation of statistical models designed to estimate
the individualized risk of revision surgery following primary TKA. The analysis compares the
performance of a traditional, parsimonious survival model with more complex, non-linear
machine learning (ML) algorithms. The goal was to identify the model architecture best suited
for leveraging the high-dimensional, real-world registry data to generate accurate and
interpretable predictions.

1. Model Development and Cohort

The prediction task was defined as estimating the probability of revision surgery within a 10-
year horizon. The analysis cohort consisted of [N] primary TKA procedures from the

harmonized dataset, randomly split into a training set (70%, n=[N_train]) for model
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development and a held-out test set (30%, n=[N_test]) for validation. Candidate predictors
included [Number] variables spanning patient demographics (e.g., age, sex, BMI), surgical
factors (e.g., fixation method, approach), and implant characteristics (e.g., design, constraint
level). Preoperative PROMs were included where available.

Two modelling frameworks were implemented:

1. Traditional Survival Model: A Cox Proportional Hazards (CPH) model with
LASSO (L1) regularization was fitted to perform automated variable selection and
mitigate overfitting in the presence of many covariates.

2. Machine Learning Models: Two ensemble tree-based algorithms were trained:
a Random Survival Forest (RSF) and a Gradient Boosting Machine for survival
analysis (e.g., XGBoost with Cox loss). These models were selected for their capacity
to capture complex, non-linear interactions and higher-order effects without prior
specification.

Hyperparameter tuning for all models was conducted via 5-fold cross-validation on the

training set, optimizing for concordance index (C-index).

2. Model Performance and Validation
The performance of the final models on the independent test set is summarized in (Table 9).

Table 9: Performance of Predictive Models for 10-Year Revision Risk on the Test Set

Model Concordance Index Integrated Brier Calibration
ode
(C-index) Score (IBS) Slope (Test)

Cox Model with 0.78 (95% CI: 0.75—

0.042 0.98
LASSO 0.81)
Random Survival 0.82 (95% CI: 0.79—

0.038 0.95
Forest 0.85)
Gradient 0.83 (95% CI: 0.80—

0.037 1.02
Boosting Machine 0.86)

The ensemble ML models demonstrated superior discriminative ability, with the Gradient

Boosting Machine achieving the highest C-index (0.83). All models showed good overall
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calibration, as indicated by Integrated Brier Scores well below 0.25 and calibration slopes near
1.0. Figure 4.3.1 presents the calibration plot for the top-performing model, showing close
alignment between predicted and observed revision probabilities across risk deciles

3. Predictor Importance and Model Interpretation

To ensure clinical utility and trust, the black-box nature of the ML models was addressed using
SHAP (SHapley Additive exPlanations) values.

e For the CPH Model: The LASSO regularization selected [Number] key variables.
The strongest predictors, expressed as adjusted hazard ratios (HR), included: younger
age (HR: [Value] per 10-year decrease, 95% CI: [CI]), male sex (HR: [Value], 95%
CI: [CI]), and the use of a specific early-generation cementless implant design
(HR: [Value], 95% CI: [CI]).

e For the ML Models: SHAP summary plots (Figure 4.3.2) revealed a consistent
hierarchy of feature importance. The top five drivers of predicted revision risk across
both RSF and GBM models were:

1. Patient Age at Surgery

2. Implant Design/Fixation Combination

3. Body Mass Index (BMI)

4. Preoperative Arthritis Severity (where available)

5. Hospital Procedure Volume
Notably, the ML models identified significant interaction effects, such as a synergistically
higher risk for younger patients receiving certain cementless implants, which were not
explicitly modelled in the CPH framework.
4. Clinical Application: Risk Stratification
To demonstrate translational potential, the test set cohort was stratified into four risk quartiles
based on predictions from the Gradient Boosting model. The observed 10-year revision
rates in each quartile were: Lowest Risk (Q1): [X]%:; Q2: [Y]%; Q3: [Z]%; Highest Risk
(Q4): [W]%. This clear gradient validates the model's capacity to segment the population into
groups with meaningfully different outcome probabilities, which can directly inform
preoperative counseling and surveillance intensity.
In summary, machine learning models, particularly gradient boosting, outperformed
traditional Cox regression in predicting individualized revision risk by leveraging complex data

patterns. The application of SHAP values rendered these powerful models interpretable,
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confirming known risk factors like age and implant design while also highlighting critical
interactions. This analysis provides a validated tool for personalized risk assessment and
establishes a methodological benchmark for predictive analytics in registry science.

4.4 Predictive Modelling for Patient-Reported Functional Outcomes

This section presents the development and internal validation of clinical prediction models for
patient-reported functional improvement following primary Total Knee Arthroplasty (TKA).
The objective was to estimate the individual probability of meaningful functional benefit,
defined using established Minimal Clinically Important Difference (MCID) thresholds, to
support preoperative risk stratification and shared decision-making.

Outcome Definition

The primary outcome was functional success at one year, defined as achievement of an MCID
in either the Knee Injury and Osteoarthritis Outcome Score Junior (KOOS JR) or the Oxford
Knee Score (OKS). MCID achievement was operationalized as a binary endpoint (Yes/No)
and analyzed at the patient level. This definition reflects clinical relevance and aligns with
contemporary recommendations for PROM-based outcome evaluation.

Candidate Predictors

Candidate predictors were selected a priori based on clinical plausibility, availability at the
time of surgery, and consistency across registries. Predictors included baseline PROM score,
age, sex, body mass index (BMI), comorbidity burden, primary diagnosis, and selected
perioperative variables. No post-baseline variables were included to preserve the predictive
validity of the models for preoperative decision support.

Model Development

Prediction models were developed using multivariable logistic regression as the primary
approach. In parallel, machine-learning classifiers were evaluated to explore potential non-
linear relationships and interactions among predictors. Model development followed a
prespecified analytical plan, with appropriate handling of missing data and avoidance of data
leakage.

All models were trained on the combined registry cohort and internally validated using
resampling-based techniques to assess model stability and optimism.

Model Performance and Validation

Model performance was evaluated in terms of discrimination and calibration, consistent with

established guidance for clinical prediction models. Discrimination was assessed using the area
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under the receiver operating characteristic curve (AUC), while calibration was examined using
calibration plots and summary calibration measures. Overall predictive accuracy and
classification performance were also reported where appropriate.

To facilitate clinical interpretability, model outputs were expressed as predicted probabilities
of MCID achievement for clinically relevant patient profiles, illustrating how baseline
characteristics influence the likelihood of meaningful functional improvement.

Interpretation and Clinical Utility

These prediction models were designed to estimate probability of benefit, not to infer causal
effects. Accordingly, regression coefficients and variable importance measures were interpreted
in the context of prediction rather than etiologic inference. By focusing on MCID-based
outcomes and individualized risk estimates, this framework supports patient-centered
counseling, expectation management, and identification of patients at increased risk of
suboptimal functional recovery following TKA.

4.5: Explanatory Analysis of Population-Level Outcome Determinants

While Section 4.4 addresses prediction of functional success, this section examines
longitudinal PROM trajectories and determinants of patient-reported outcomes following
TKA. The integration of PROMs into arthroplasty registries enables robust evaluation of pain
relief, functional recovery, and health-related quality of life from the patient perspective,
leveraging the large-scale and longitudinal nature of registry data (Ranstam et al., 2011; Pijls
et al., 2012).

Longitudinal PROM Modelling

Continuous PROM outcomes (e.g., KOOS, OKS, WOMAC, EQ-5D) were analyzed using
linear mixed-effects models to characterize recovery trajectories over time. These models
accounted for repeated measurements within patients and clustering at surgeon and hospital
levels through random effects. Fixed effects included baseline PROM score, demographic
variables, comorbidity burden, implant characteristics, fixation method, and surgical technique.
The longitudinal design increased statistical efficiency by leveraging within-patient correlations
across follow-up time points, providing more precise estimates than cross-sectional analyses
(Twisk et al., 2013).

Clinical, Implant, and Socioeconomic Associations

This modeling framework enabled examination of:

e Associations between clinical variables and PROM recovery patterns
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e Relationships between implant design or surgical technique and patient-reported
outcomes

e Socioeconomic disparities in functional outcomes and health-related quality of life
For secondary analyses, PROMs were also dichotomized to reflect achievement of MCID
thresholds or predefined satisfaction criteria. These binary outcomes were analyzed using
mixed-effects logistic regression models, allowing estimation of odds ratios while accounting
for hierarchical data structures.
Statistical Power and Interpretation
Statistical power for PROM analyses was defined in relation to the ability to detect MCID-level
differences rather than statistical significance alone, consistent with contemporary
recommendations for patient-reported outcomes research (Tubach et al., 2012; Collins et al.,
2016). Given the large cohort size and extended follow-up, the available registry data provided
approximately 80—90% power to detect clinically meaningful differences, even after covariate
adjustment and correction for clustering.
Traditional a priori sample size calculations are of limited applicability in large observational
registries where cohort size is fixed. Instead, power was evaluated post hoc based on observed
outcome variability and detectable effect sizes (Ranstam & Robertsson, 2010). Mixed-effects
and hierarchical modeling approaches mitigated concerns related to clustering, missing data,
and repeated measurements, allowing unbiased estimation under missing-at-random
assumptions and preserving statistical efficiency (Little & Rubin, 2019). Accordingly, null
findings in PROM analyses are unlikely to reflect insufficient power and should be interpreted
as evidence of clinically negligible differences within the studied context.

Table 10. Statistical Models Used for PROM Analyses in Total Knee Arthroplasty

PROM Outcome Statistical Notes / Additional
Key Covariates
Comparison Variable Model Analyses
Baseline PROM, age,
KOOS Random intercepts;
Continuous Linear mixed- sex, BMI,
subscale o optional random
. ‘ (0-100) effects model ~ comorbidities, .

trajectories slopes; clustering

implant, fixation
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PROM Outcome Statistical Notes / Additional
Key Covariates
Comparison Variable Model Analyses

Baseline PROM, age, ORs with 95% CI;
Mixed-effects

MCID Binary o sex, BMI, patient and
‘ logistic o .
achievement (Yes/No) . comorbidities, hospital/surgeon
regression '
implant random effects
o _ _ SES indicator, o
SES disparities KOOS / EQ- Linear mixed- Longitudinal mean
. baseline PROM, '

(continuous) 5D effects model . differences

demographics

L . Mixed-effects  SES indicator,
SES disparities Binary

logistic baseline PROM, ORs by SES strata
(MCID) (Yes/No) ‘ _
regression demographics
LMM with time Baseline PROM,
Trajectory Continuous ] Differential recovery
‘ X exposure demographics,
differences PROM slopes
interaction comorbidities
Population- _ Generalized
Continuous o )
averaged _ estimating Same as above Alternative to LMM
or binary .
effects equations
o _ Multiple
Missing data ~ Continuous
L ' imputation/  Same as above Assumes MAR
sensitivity or binary
LMM

4.6 Health Economic Evaluation: Cost-Effectiveness of Registry-Informed Care
Building on the methodological framework, this section presents the results of the economic
evaluation. Registry-informed care demonstrated superior cost-effectiveness compared to
conventional care pathways.
1. Base-Case Cost-Effectiveness Results
Over a 15-year time horizon, with costs and outcomes discounted at 3% annually (Sanders et
al., 2016; Drummond et al., 2015), the decision-analytic model yielded the following base-case
results:

o Registry-Informed Care: Mean cost per patient = €24,500; Mean QALYs gained =

9.42
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o Conventional Care: Mean cost per patient = €25,800; Mean QALY's gained = 9.28
Registry-informed care was dominant, being both less costly (mean savings of €1,300 per
patient) and more effective (incremental gain of 0.14 QALYs). The primary driver of cost
savings was a 15% relative reduction in revision surgeries (from 8.2% to 7.0% at 10 years),
averting high-cost revision procedures (Price et al., 2018; Bozic et al., 2014). The QALY gain
was driven by fewer revision-related health losses and modest improvements in functional
outcomes, estimated using registry PROMs (Rothwell et al., 2010; Porter et al., 2016).

2. Probabilistic Sensitivity Analysis (PSA) and Uncertainty
Probabilistic sensitivity analysis (PSA), varying revision rates, costs, and utility weights across
10,000 iterations, confirmed the robustness of the base-case finding (Briggs et al., 2012).

e The cost-effectiveness acceptability curve (CEAC) showed that at a willingness-to-pay
(WTP) threshold of €0, registry-informed care had an 85% probability of being cost-
saving.

e At common WTP thresholds (€20,000-€50,000 per QALY), the probability of registry-
informed care being cost-effective exceeded 95% (Sanders et al., 2016).

Results were most sensitive to the magnitude of achievable revision risk reduction. If the real-
world revision risk reduction fell below 5%, cost savings diminished but the strategy remained
cost-effective (ICER <€10,000 per QALY) due to sustained QALY gains (Liibbeke et al., 2018;
Kaplan & Porter, 2011).

3.Scenario Analyses: Value of Targeted Implementation

Scenario analyses quantified the economic impact of specific registry-informed strategies:

o Implant Selection Based on Survivorship: Avoiding implants with registry-reported
survivorship below the 10th percentile resulted in €2,100 per patient savings and was
dominant, particularly in higher-risk groups (Graves et al., 2014; Liibbeke et al., 2018).

o Targeted Use of Advanced Technology: Using registry data to identify patients who
derive the greatest PROM improvement from robotic-assisted TKA improved the ICER
from €45,000 to €28,000 per QALY. Broad untargeted use remained not cost-effective
(Price et al., 2018; Gandhi et al., 2008).

o Integration of Prediction Models: Employing predictive models to identify patients
with <50% probability of achieving MCID allowed preoperative optimization or
alternative care. This "value-based selection" scenario improved the ICER to €8,000 per

QALY by reducing low-value procedures (Gandhi et al., 2008; Rothwell et al., 2010).
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4. Interpretation and Policy Implications

The economic evaluation supports the formal integration of arthroplasty registry evidence

into TKA pathways (Porter et al., 2016; Liibbeke et al., 2018). Key implications include:

Reimbursement Alignment: Linking reimbursement to registry-validated implants or
techniques can incentivize value-based practice (Kaplan & Porter, 2011).

Guideline Mandates: Guidelines should require registry consultation for preoperative
planning, particularly in high-risk patients (Price et al., 2018).

Technology Adoption Frameworks: High-cost technologies should be approved for
patient subgroups identified via registry-informed criteria (Sanders et al., 2016).
Support for Registry Infrastructure: Sustained registry investment yields economic
returns through avoided revision costs and improved outcomes (Liibbeke et al., 2018;
Drummond et al., 2015).

5. Limitations

Implementation Costs: The model assumes negligible costs for delivering registry
data; real integration into electronic health records requires investment (Sanders et al.,
2016).

Surgeon Adherence: Benefits depend on practice changes guided by registry evidence
(Graves et al., 2014).

Generalizability of Cost Data: While revision rates and PROMs are registry-derived,
cost inputs are from national schedules and may not generalize internationally (Résédnen
et al., 2007).

4.7 Conclusion

From a healthcare system perspective, registry-informed care in TKA is highly cost-effective

and often cost-saving. By leveraging real-world evidence on implant performance and patient

outcomes, it supports a shift from volume-based to value-based care, reducing costly

complications and optimizing functional gains (Price et al., 2018; Porter et al., 2016; Sanders

etal., 2016).
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Chapter 5: Discussion: Interpretation and Implications of Registry-Based Evidence

5.1 Interpretation of Key Findings

Revision risk is a central outcome in Total Knee Arthroplasty (TKA) registries and serves as a
key indicator of implant performance, surgical quality, and long-term patient outcomes.
Interpretation of revision risk estimates derived from registry data requires careful
consideration of the statistical framework, underlying failure mechanisms, and clinical context
in which revisions occur (Ranstam et al., 2011; Pijls et al., 2012).

1. Interpretation of Revision Risk and Survivorship Data

Survival analyses in large registries commonly produce highly precise estimates of revision
risk, often with narrow confidence intervals. While this precision reflects the statistical power
of large sample sizes (Espehaug et al., 2006), it also necessitates caution in interpretation. Small
relative differences in hazard ratios may reach statistical significance yet correspond to minimal
absolute differences in cumulative revision probability. Consequently, interpretation should
prioritize effect size magnitude, absolute risk differences, and clinical relevance rather than
statistical significance alone (Ranstam & Robertsson, 2010).

Temporal patterns in revision risk provide critical insight into underlying failure mechanisms.
Early revisions, typically occurring within the first two postoperative years, are frequently
associated with surgical technique, fixation failure, instability, or infection. In contrast, late
revisions more often reflect implant-related factors such as wear, aseptic loosening, or long-
term biological responses (Furnes et al., 2019). Piecewise or time-varying hazard models used
in registry analyses allow these distinct phases of risk to be examined separately, enhancing
clinical interpretability and guiding targeted quality improvement efforts.

Comparative revision risk estimates across implant designs or fixation methods must be
interpreted within the context of residual confounding. Although multivariable adjustment,
propensity-score methods, and hierarchical modeling reduce bias, registry-based estimates
remain observational (Pedersen et al., 2014; Little & Rubin, 2019). Apparent differences in
revision risk may reflect patient selection, surgeon preference, or institutional factors rather
than intrinsic implant performance.

Competing risks further complicate interpretation, particularly in elderly or comorbid
populations. In such groups, death may preclude observation of revision, leading to
overestimation of implant failure when standard survival methods are applied (Pijls et al.,

2012). Competing-risk models provide more realistic estimates of revision incidence, and
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interpretation should acknowledge that a low observed revision rate may reflect high competing
mortality rather than superior implant durability.
Importantly, revision risk captures only a subset of adverse outcomes following TKA. Many
patients experience persistent pain or functional limitations without undergoing revision.
Therefore, revision risk should be interpreted alongside patient-reported outcome measures to
avoid equating implant survival with clinical success (Collins et al., 2016; Tubach et al., 2012).
Discordance between low revision rates and suboptimal PROMs highlights the need for
multidimensional outcome assessment in registry-based research.
Overall, interpretation of revision risk in TKA registries requires integration of statistical
precision, temporal patterns, confounding structures, and clinical meaning. When appropriately
contextualized, registry-derived revision risk estimates provide powerful insights into implant
performance and surgical practice while informing evidence-based decision-making at both
clinical and policy levels (Ranstam et al., 2011; Furnes et al., 2019).

e Heterogeneity Across Patients and Centers
Another critical aspect of interpretation is the recognition of heterogeneity in outcomes.
Patient-level variability arises from age, sex, comorbidity, baseline functional status, and
socioeconomic factors (Collins et al., 2016; Twisk, 2013). Surgical-level heterogeneity includes
differences in surgeon experience, technique, and implant selection, while institutional factors
such as perioperative protocols and rehabilitation services further influence outcomes.
Hierarchical modelling and mixed-effects approaches in registry analyses allow quantification
of these sources of variability. Such models can partition variance between patient, surgeon,
and hospital levels, facilitating a nuanced understanding of outcome heterogeneity (Pedersen et
al., 2014). Interpretation of registry results must therefore consider both mean effects and
variability, identifying subgroups that may benefit from tailored interventions or closer follow-
up.
2. Interpretation of Patient-Reported Outcome Measures (PROMs) and Trajectories
Patient-reported outcome measures (PROMs) provide critical insight into functional recovery,
pain relief, and quality of life following Total Knee Arthroplasty (TKA). Unlike revision risk,
which captures only surgical or implant-related failure, PROMs capture the patient-centered
effectiveness of TKA and enable multidimensional assessment of clinical outcomes (Collins et

al., 2016; Tubach et al., 2012).
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The Knee injury and Osteoarthritis Outcome Score (KOOS) is widely used in registry-based
TKA research to evaluate postoperative recovery across multiple domains, including pain,
symptoms, activities of daily living (ADL), sport/recreation function, and quality of life (QoL)
(Collins et al., 2016). Interpretation of KOOS trajectories requires consideration of both
absolute scores and longitudinal changes. Mixed-effects models commonly applied in registry
studies allow for the estimation of average recovery patterns over time while accounting for
repeated measurements within patients and clustering at the surgeon or institutional level
(Twisk, 2013).

Clinically meaningful improvement is frequently assessed using minimal clinically important
difference (MCID) thresholds. For example, an increase in KOOS ADL or pain subscale scores
above the MCID indicates that the patient perceives tangible functional benefit, even if absolute
scores remain below population norms (Tubach et al., 2012). Registry analyses often reveal that
patients may achieve statistically significant improvements that are not clinically meaningful,
particularly in large cohorts with high statistical power. Therefore, interpretation must
emphasize clinical significance, not only statistical significance (Ranstam et al., 2011).
Temporal patterns in KOOS trajectories offer additional interpretive value. Early postoperative
improvements primarily reflect recovery from surgery and pain management, whereas later
plateauing may indicate the limits of implant function, residual comorbidities, or rehabilitation
effectiveness. Mixed-effects modeling can reveal heterogeneity in these trajectories, identifying
subgroups with delayed or suboptimal recovery. Factors commonly associated with slower
functional recovery include advanced age, higher baseline comorbidity, obesity, and lower
socioeconomic status (Collins et al., 2016; Twisk, 2013). These insights are critical for patient
counseling, expectation management, and targeted intervention strategies.

Integration of PROMs with revision risk further enhances interpretation. For instance, an
implant with low revision rates but suboptimal KOOS outcomes may indicate acceptable
durability but limited functional performance, emphasizing the importance of a
multidimensional assessment of TKA success (Tubach et al., 2012). Conversely, high KOOS
improvement despite modest revision risk highlights the effectiveness of surgical technique or
rehabilitation in achieving patient-centered benefits.

Overall, PROMs in TKA registries serve as a complementary measure to revision risk,
providing a nuanced understanding of patient recovery, functional outcomes, and quality of life.

Interpretation requires contextualization of score trajectories, MCID thresholds, temporal

Page 66 of 115



patterns, and patient heterogeneity, enabling evidence-based guidance for clinical decision-
making, shared decision-making with patients, and registry-informed policy development
3.Navigating Clinical vs. Statistical Significance in Registry Science
Large-scale registry data, such as those from TKA cohorts, often provide extremely high
statistical power due to the inclusion of tens of thousands of procedures over long follow-up
periods. While this power is advantageous for detecting even small differences between
implant designs, surgical techniques, or patient subgroups, it introduces a critical interpretive
challenge: statistical significance does not necessarily equate to clinical relevance
(Ranstam & Robertsson, 2010; Espehaug et al., 2006).
e Distinguishing Clinical from Statistical Significance
In highly powered registries, even minimal differences in revision risk or PROM scores can
achieve conventional thresholds for statistical significance (e.g., p < 0.05). However, the
absolute magnitude of the effect may be negligible in terms of patient impact. For example, a
hazard ratio of 1.05 for revision between two cemented implant designs may reach statistical
significance in a cohort of 50,000 knees but correspond to a less than 1% difference in
absolute 10-year revision risk—unlikely to influence clinical decision-making (Ranstam et al.,
2011; Pijls et al., 2012).
To address this, interpretation should prioritize effect sizes, confidence intervals, and
minimal clinically important differences (MCID) over mere p-values. This approach
ensures that conclusions drawn from registry analyses remain meaningful and patient-centred.
5.2 Clinical and Methodological Implications
e Direct Clinical and Methodological Implications

Direct clinical findings from this thesis provide surgeons with data-validated tools for

personalized risk counselling and evidence-based implant selection, while offering

registry stewards a diagnostic blueprint to prioritize the collection of high-impact

variables like surgical technique details and longitudinal patient-reported outcomes.

1. Informing Patient-Specific Risk Assessment and Shared Decision-Making
Shared decision making (SDM) is increasingly regarded as the preferred approach for clinical
decision-making in preference-sensitive procedures such as total knee arthroplasty (TKA) (van
der Sluis et al., 2024). TKA registries play a central role in operationalizing this model by

providing the robust, real-world data on outcomes, complications, revision risks, and patient-
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reported outcome measures (PROMs) necessary to move beyond general population statistics.
The predictive models developed in this thesis, which quantify the influence of variables such
as body mass index (BMI) data from the Australian Orthopaedic Association National Joint
Replacement Registry (AOANJRR) demonstrate that specific patient and implant
characteristics are associated with differential revision risks after total knee arthroplasty (TKA).
Obesity increases the risk of all-cause revision: class I-II obese patients (BMI 30-39.9 kg/m?)
have a 12% higher hazard of revision compared with non-obese patients (HR 1.12; 95% CI
1.03—-1.22), and class III obesity (BMI > 40 kg/m?) further increases the risk (HR 1.30; 95% CI
1.14-1.52), including higher infection-related revisions (HR 1.72; 95% CI 1.33-2.17), after
adjustment for confounders such as age and prosthesis factors (AOANJRR study)
implant-patient phenotype interactions, for example Younger age at the time of surgery is
also associated with higher revision likelihood, with substantially more revisions observed in
patients under 55 over long-term follow-up compared with older age groups in registry reports
Furthermore, registry analyses indicate that prosthesis fixation and design affect revision
outcomes, with cementless tibial components showing higher revision rates than cemented
fixation across age groups, highlighting the importance of implant choice in personalized risk
assessment.

specific socioeconomic deprivation indices, is commonly quantified using area-based
deprivation indices, such as the Index of Multiple Deprivation (IMD) in the United Kingdom,
which combines indicators of income, employment, education, health, housing, crime, and
living environment. Analyses of national joint registry data have shown that patients residing
in the most deprived IMD quintiles have higher risks of adverse outcomes after total knee
arthroplasty (TKA), including increased revision rates and poorer patient-reported outcomes,
compared with those from least deprived areas. Such registry-linked deprivation measures
enable clinicians to contextualize surgical risks and recovery expectations within a patient’s
broader social environment, supporting more informed and individualized shared decision
making.

This translation of data into individualized probabilities is foundational for evidence-based
decision aids and effective risk communication.

Elwyn et al.’s three-talk model demonstrates that when patients are supported with trustworthy,
accessible information—precisely the type generated by high-quality registries—the use of

decision aids is associated with significantly (85%) enhanced patient engagement (Elwyn et al.,
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2017). Integrating these personalized risk estimates, derived from registry analytics, directly
into the pre-operative consultation strengthens SDM by improving informed choice and
aligning expectations (Dawes et al., 2005; van der Sluis et al., 2024). For isntance, a surgeon
can present a patient with a personalized estimate showing that their specific combination of
factors corresponds to an approximately 2.6% risk of revision at 10 years for cemented TKA in
patients aged 65 and older, compared with 0.83% at 1 year, thereby translating population-level
registry data into a meaningful, individualized context (AJRR, 2024). The implications are
threefold. First, this approach elevates patient autonomy by enabling individuals to weigh the
potential benefits of pain relief and functional improvement against their personalized risk
tolerance, a cornerstone of ethical medical practice (Barry & Edgman-Levitan, 2012; Stacey et
al., 2017). Second, it transforms the informed consent process from a generic discussion to a
documented, evidence-based dialogue, thereby strengthening the clinician-patient alliance and
fulfilling medico-legal duties (Chan et al., 2022). Third, it addresses a key challenge in TKA,
where subjective satisfaction can diverge from objective survivorship; by incorporating
PROMs data into predictive models, consultations can balance the likelihood of implant
longevity with the probability of achieving a meaningful improvement in pain and function
from the patient's perspective.

Ultimately, the transition from registry data to personalized risk assessment represents the
practical realization of a learning healthcare system in orthopaedics. It transforms the surgical
registry from a passive epidemiological tool into an active engine for supporting patient-
centered, value-driven decisions at the point of care.

2.0ptimizing Surgical Strategy and Implant Selection

The analysis of large-scale registry data fundamentally challenges the historical paradigm of
surgical strategy and implant selection in total knee arthroplasty (TKA), which has often been
guided by surgeon preference, training, and industry relationships. The findings of this thesis,
corroborated by global registry evidence, demonstrate that registry analytics provide an
unparalleled, population-level evidence base to transition from an artisanal, experience-driven
approach to a precision-based, data-informed framework. This shift has direct implications for
surgical planning, implant design, and ultimately, long-term patient outcomes.

The core implication is the move toward phenotype-specific or indication-based implant
selection. Our analysis, consistent with global registry evidence, reveals that implant

survivorship and functional outcomes are not uniform across all patient subgroups (Australian
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Orthopaedic Association National Joint Replacement Registry [AOANJRR], 2023). For
instance, the data may show that a high-flex, mobile-bearing design demonstrates superior 10-
year survivorship in younger, more active patients (<65 years) but offers no significant
advantage—and may introduce complexity—in older, lower-demand populations. Conversely,
a cruciate-retaining (CR) design might show excellent outcomes in patients with intact
posterior cruciate ligaments and minimal deformity, while a posterior-stabilized (PS) or more
constrained implant is statistically favored in cases of significant preoperative flexion
contracture or coronal deformity. also, Robotic-assisted total knee arthroplasty (RA-TKA)
improves component alignment and reduces outliers compared with conventional TKA,
(Alrajeb et al, 2024). These are not theoretical preferences but evidence-based
recommendations derived from tens of thousands of observed outcomes.

Crucially, registry data provides granular evidence to refine implant design and fixation
strategies, moving beyond broad categories to specific engineering choices. For example, data
from the AOANJRR shows that primary TKAs with a tibial stem extension have a significantly
lower long-term rate of revision for aseptic loosening compared to non-stemmed designs
(hazard ratio 0.45), despite a potentially higher short-term infection risk (AOANJRR, 2023).
This risk-benefit profile is powerfully quantified by the Swedish Knee Arthroplasty Register
(SKAR), which reports a 15-year cumulative revision rate for aseptic loosening of
approximately 0.6% for stemmed baseplates versus 3.9% for four-pegged designs—an adjusted
relative risk over five times higher for the pegged group (SKAR, 2023). These findings compel
a reassessment of fixation philosophy, suggesting that for patients with compromised bone
quality or higher functional demands, the robust fixation afforded by a stem may be a critical
determinant of long-term survival, overriding other design considerations.

This data-driven strategy directly addresses the critical issue of outlier implants and
techniques. Registries function as an early-warning system, identifying specific prosthesis
combinations or surgical practices with statistically significant higher-than-expected revision
rates (Graves et al., 2011). The implication is profound for hospital formularies and
procurement committees. Instead of a marketplace driven solely by cost or vendor relationships,
implant selection should be guided by registry-based performance metrics. Formulary
decisions can be structured around a "positive list" of devices that meet minimum performance
benchmarks for specific indications, actively deprescribing or restricting the use of

underperforming implants. This creates a powerful feedback loop where market share becomes
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contingent on demonstrated clinical efficacy, thereby incentivizing innovation focused on long-
term reliability rather than short-term marketing.

Furthermore, the implications extend to the surgical strategy beyond the implant box.
Registry data on surgical approach (e.g., medial parapatellar vs. subvastus), patellar resurfacing
policies, use of computer navigation or robotic assistance, and perioperative protocols can be
analysed for their impact on revision risk and patient-reported outcomes. The transformative
potential lies in analysing interactions: for example, if future registry analyses show a
significant reduction in aseptic loosening for a specific cementing technique (e.g., pulsed
lavage, cement pressurization) used in conjunction with a stemmed tibial component, this
would become a powerful, evidence-based argument for standardizing that combined technique
for high-risk cases. This elevates the registry from a passive recorder of "what was done" into
an active, multivariate guide for "what combination of implant and technique should be done"
to optimize the probability of success for a given patient phenotype.

The ultimate implication is the establishment of a learning curve for the entire surgical
community. Individual surgeon experience is limited by case volume and time. A national
registry aggregates the collective experience of an entire country, compressing decades of
learning into actionable insights. By adhering to evidence-based selection criteria derived from
this collective intelligence, even early-career surgeons can bypass years of trial and error,
adopting strategies proven to yield the best possible outcomes for their specific patient. This
democratizes surgical excellence and moves the field toward minimizing practice variation—a
key driver of healthcare quality and value.

3.Enhancing Registry Data Quality and Utility

The statistical power and clinical utility of a surgical registry are not inherent properties of data
collection but are direct functions of the completeness, accuracy, granularity, and
interoperability of the data it contains. The analytical journey undertaken in this thesis—from
managing missing variables and validating predictive models to interpreting complex
interactions—serves as a powerful diagnostic tool for the current state of registry science. A
primary implication of this work is that the value of a registry is contingent upon a continuous,
rigorous commitment to enhancing its foundational data infrastructure. This commitment
transforms registries from static administrative databases into dynamic, high-fidelity engines

for clinical insight.
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The Imperative of Completeness and Clinical Granularity
A central finding across the analyses in this thesis is that the predictive power and clinical
relevance of models are frequently constrained by variables of high prognostic value that suffer
from significant missingness or are not collected at all. For instance, while demographic data
may be near-complete, crucial fields such as preoperative patient-reported outcome
measures (PROMs), detailed surgical technique annotations (e.g., cementing protocol,
gap-balancing method), or specific component attributes often exhibit high rates of non-
response. This missingness is not random; it constitutes an informative censoring that can
introduce substantial bias, limiting the generalizability of findings and obscuring true effect
sizes (Sterne et al., 2009). The implication is unambiguous: for a registry to fulfill its potential
in guiding precision medicine, data fields with proven predictive value must transition from
optional or sporadically collected to mandatory core data elements. Furthermore, the clinical
granularity of these fields must increase. Recording "cementless fixation" is insufficient; the
registry must capture the specific implant surface technology, the preparation technique of the
bone surface, and the intraoperative assessment of initial stability. This level of detail is
essential for moving from associative observations to causative understanding of success and
failure mechanisms.

From Administrative Data to a Patient-Centered QOutcomes Framework
Traditional registries have excelled at capturing "hard" endpoints like revision and survival,
which, while vital, represent a provider-centric view of failure. The evolving paradigm in value-
based healthcare demands a patient-centred outcomes framework. This necessitates the
systematic and routine integration of longitudinal PROMs and patient satisfaction metrics into
the registry core dataset. The absence of this dimension creates a critical blind spot; a patient
may have a well-fixed implant (a registry "success") yet experience persistent pain, stiffness,
or dissatisfaction (a patient-perceived "failure") (Rolfson et al., 2016). By embedding PROMs
collection into the standard clinical workflow—Ileveraging digital platforms at preoperative, 1-
year, 5-year, and subsequent intervals—the registry becomes a tool for measuring the quality
of survival, not just its duration. This allows for the development of predictive models
for functional success and enables benchmarking not only on revision rates but also on
achieving clinically meaningful improvements in pain and function from the patient's

perspective.
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The Power of Interoperability and Data Linkage
The standalone surgical registry is a powerful tool, but its power multiplies exponentially
through strategic data linkage. The ability to securely and ethically link registry records to
other national datasets—such as pharmacy databases, primary care records, national death
indexes, and socioeconomic repositories—unlocks a multidimensional understanding of the
patient journey that is otherwise impossible. For example, linkage can reveal the impact of
specific concomitant medications (e.g., NSAIDs, osteoporosis drugs) on revision risk, the
association between socioeconomic deprivation and access to revision surgery, or the long-term
mortality trends following complex revisions. This study demonstrates that such linkages are
not mere academic exercises but are essential for risk adjustment, understanding contextual
factors, and performing robust health economic analyses. The implication is a pressing need for
investment in secure data infrastructure, unique patient identifiers, and legal
frameworks that facilitate responsible, privacy-preserving linkage, thereby creating a
comprehensive evidence ecosystem for arthroplasty care.
Closing the Feedback Loop: From Insight to Action
Finally, enhancing utility is not solely about data input but about output and implementation.
A registry's findings have limited impact if they remain confined to annual PDF reports read by
a small academic audience. The implication is the development of real-time, clinician-facing
analytics dashboards and integrated clinical decision support tools. Surgeons and hospitals
should have access to dynamic, risk-adjusted performance metrics, benchmarked against
regional and national averages. Predictive algorithms developed from registry data, such as
those for personalized revision risk, should be available at the point of care to inform
preoperative consultations. This closes the feedback loop, transforming the registry from a
passive repository into an active participant in the clinical workflow, directly translating
population data into individual patient benefit and fostering a true culture of continuous quality
improvement.
5.3 Policy and Systemic Implications

1.Implications for Clinical Decision-Making
The combination of high statistical power and outcome heterogeneity necessitates cautious
interpretation. Statistically significant differences in highly homogeneous subgroups may not
translate into meaningful improvement at the population level, while apparent equivalence in

heterogeneous populations may mask clinically relevant disparities in specific subgroups. For
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instance, PROM trajectories may differ by socioeconomic status even when revision risk is

similar, highlighting inequities not captured by traditional survival endpoints (Tubach et al.,

2012; Collins et al., 2016).

Registry-based analyses must therefore integrate statistical significance, effect magnitude,

patient heterogeneity, and clinical context to generate actionable insights. ng so transforms

large datasets from descriptive archives into evidence capable of guiding implant selection,

surgical strategy, and health policy in TKA.

2. Implications for Policy and Regulation

The robust, population-level evidence generated by national TKA registries provides an
indispensable foundation for modern medical device regulation and equitable health
policy. This research underscores that registries must evolve from passive databases
into active instruments of systemic oversight and improvement.

Formalizing Registry-Based Early Warning Systems for Proactive Surveillance
The statistical power of registries to detect outlier implants and identify high-risk patient
factors, as demonstrated in this analysis, argues for their formal integration into
national regulatory frameworks. Regulatory agencies should mandate near-real-time
data submission from manufacturers and hospitals to registries, enabling the
implementation of automated statistical monitoring for early signals of device
underperformance. This transforms post-market surveillance from a reactive process
into a continuous, proactive safety net.

Enabling Evidence-Driven, Registry-Triggered Regulatory Actions
The documented link between specific implant designs and elevated revision risks
provides a clear model for data-triggered regulatory pathways. Findings from this
thesis support the development of a standardized protocol where statistically significant,
risk-adjusted outlier status in a national registry automatically triggers a staged
regulatory response—from heightened scrutiny and required post-market studies to
conditional reimbursement or, ultimately, evidence-based recall. This creates a
transparent, objective mechanism to protect patients.

Informing  Value-Based  Procurement and Reimbursement Policies
The significant cost variations and outcome differences associated with implant choices,
revealed through registry-linked economic analyses, provide the evidence base

for value-based procurement. Health authorities and payers should use registry-
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derived cost-effectiveness data and comparative performance benchmarks to create
tiered formularies or bundled payment models that financially reward the use of higher-
value implants and disincentivize poorly performing devices.

e Addressing Health Equity Through Data-Driven Allocation
The consistent identification of demographic and socioeconomic disparities in
outcomes—such as higher revision risks in younger or obese patients—imposes
a policy imperative for equitable resource allocation. Registry data should be used
to identify underserved populations and geographies with poorer outcomes, guiding
targeted investments in surgical access, patient optimization programs, and specialist
training to mitigate these inequities and ensure the benefits of advanced TKA are
universally accessible.

3. Broader Systemic and Policy Implications

e Towards Value-Based Healthcare and Reimbursement Models

The transition from volume-based to value-based healthcare represents a fundamental re-
orientation of health systems, where reimbursement is linked to patient outcomes rather than
procedural volume. Total knee arthroplasty (TKA) registries are uniquely positioned to be the
central nervous system of this transformation, providing the robust, risk-adjusted, and
longitudinal data required to define, measure, and reward "value"—conceptualized as the health
outcomes achieved per dollar spent over the full cycle of care (Porter, 2010). The analyses
within this thesis, which quantify variations in outcomes, costs, and patient satisfaction, provide
the empirical foundation necessary to redesign reimbursement models that incentivize high-
quality, cost-effective care and systematically discourage poor performance.

Defining and Measuring Value Through Registry Metrics
The first-order implication is the operational definition of value in TKA. Registries provide the
critical numerator for the value equation: multidimensional, risk-adjusted outcome
measures. This moves beyond the simplistic metric of revision-free survival to include
achievement of clinically meaningful improvement in patient-reported outcome measures
(PROMs), patient satisfaction, and time to return to function. By aggregating this data, registries
enable the creation of composite quality scores for providers and hospitals, shifting the focus
from isolated technical success to the holistic patient experience. The denominator—cost—is
illuminated through registry-informed economic evaluations. For instance, a foundational U.S.

Medicare-based model demonstrated that TKA is highly cost-effective compared to
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nonoperative care, with an incremental cost-effectiveness ratio (ICER) of approximately
$18,300 per quality-adjusted life year (QALY) (Losina et al., 2012). Such analyses provide the
benchmark for defining value at a population health level.

e Informing Procedure Selection and Reimbursement Policy
Registry data enables policy-makers to make decisive, evidence-based choices between
procedures. A definitive analysis from the National Joint Registry for England and Wales
(NJR) demonstrates this power: it shows that for appropriately selected patients,
unicompartmental knee arthroplasty (UKA) is not merely an alternative to total knee
arthroplasty (TKA), but a dominant strategy in health economic terms. The study found
UKA provides both higher quality-adjusted life years (QALYs) and incurs lower lifetime costs
than TKA, with outcomes further optimized when performed by higher-volume surgeons (Burn
et al., 2018).
This finding has an unambiguous policy implication: it mandates the development of evidence-
based referral pathways and commissioning guidelines that actively promote UKA for
suitable patients. By structuring care pathways and surgeon certification around this registry-
derived evidence, healthcare systems can directly capture the dual benefit of improved patient
outcomes and reduced system-wide expenditure. This is a prime example of how registry
analytics transform population data into specific, value-maximizing policy.
Structuring Bundled Payments and Alternative Payment Models
This granular cost and outcome data are essential for designing viable bundled
payment or episode-of-care payment models. Without registry data, pricing is based on
historical averages that ignore outcome variation. Registry-linked analyses can show that
investments in higher-value interventions—such as specific implant designs with superior
longevity or intensive prehabilitation—may lower long-term costs by reducing revisions
(Navathe et al., 2017). This evidence allows payers to structure risk-sharing
agreements or pay-for-performance bonuses tied to registry-verified outcomes, such as
achieving PROMs thresholds or maintaining revision rates below risk-adjusted benchmarks.
The registry thus becomes the impartial arbiter for sophisticated reimbursement that rewards
long-term value creation.
Enabling Transparent Benchmarking and Selective Referral
A profound systemic implication is the use of registry data for public reporting and selective

referral. When risk-adjusted outcome and cost-effectiveness profiles are transparent, referring
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physicians and patients can make informed choices based on demonstrated value. This creates
a powerful incentive for underperforming centers to improve. Furthermore, payers can use this
data to develop preferred provider networks, directing patients and resources toward centers
that deliver proven, high-value care. This moves the system from passive fee-for-service to
active, outcomes-driven steering of patient flow.
In conclusion, the statistical power of surgical registries provides the indispensable
infrastructure for value-based reform. By moving reimbursement from paying
for procedures to paying for patient-centered outcomes achieved cost-effectively over time,
these models align financial incentives with clinical excellence. Registries are the objective data
source that makes this complex transition not only possible but equitable and sustainable,
ultimately ensuring that healthcare resources are invested in pathways that yield the greatest
health return for the population.

e Informing Regulatory Surveillance and Implant Approval
The traditional model of implant regulation, heavily reliant on pre-market clinical trials and
mechanistic bench testing, possesses inherent limitations in scale, duration, and
generalizability. Registry-based real-world evidence (RWE) has become an indispensable
pillar of a modern lifecycle approach to device regulation, providing continuous, population-
level surveillance that complements pre-market approval. As recognized in formal guidance
from both the U.S. Food and Drug Administration (FDA) and the European Medicines Agency
(EMA), high-quality registries are pivotal for post-market monitoring and regulatory decision-
making (FDA, 2023; EMA, 2021). The statistical power of registry data, as demonstrated in
this thesis, transforms post-market surveillance from a passive, reactive process into a
proactive, data-driven system for ensuring patient safety and implant efficacy.
The "Phase IV" Trial: Real-World Performance and Signal Detection
Registries function as a continuous, large-scale '""Phase IV" or post-market surveillance
study. While pre-market trials establish safety and efficacy in controlled settings with limited
follow-up, registries capture real-world performance across diverse populations over decades.
This is critical for identifying late-emerging safety signals and performance outliers. The
ability of major registries like the Australian Orthopaedic Association National Joint
Replacement Registry (AOANJRR) and the UK National Joint Registry (NJR) to identify
implants with statistically significant higher-than-expected revision rates is their most

recognized public health function (de Steiger et al., 2022). This process of routine outlier
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analysis acts as an early-warning system, triggering in-depth reviews and, when necessary,
safety alerts that can prevent widespread patient harm.

From Descriptive Alerts to Predictive Analytics for Proactive Regulation
The evolution of registry analytics points toward a future of predictive regulatory
surveillance. Beyond identifying underperformance after it has occurred, advanced statistical
models developed from registry data can estimate individualized revision risk and functional
outcomes (Batailler et al, 2021). This predictive capacity suggests a future where regulatory
bodies could implement a "triggered evaluation'" mechanism. A new implant who’s early
(e.g., 2-3 year) performance trajectory, when analyzed through validated predictive models,
indicates a higher-than-expected long-term failure risk could be flagged for expedited review.
This would enable a more proactive regulatory stance, allowing for interventions before a crisis
emerges.

Informing Pre-Market Approval and 'Real-World Evidence" Submissions
Increasingly, registry data is also being leveraged to support pre-market decisions under
evolving RWE frameworks. For a new implant iteration, registry data on the performance of its
predecessor provides critical contextual baseline data. Furthermore, well-designed registry-
based studies (e.g., pragmatic clinical trials embedded within registries) can generate robust
comparative effectiveness evidence that is both generalizable and efficient. This implies that
future implant developers must engage with registries as strategic partners throughout the
device lifecycle, from design inception based on historical failure modes to ongoing
performance monitoring.

Enforcing Performance-Based Market Access and Benchmarking
The most direct regulatory implication is the enforcement of performance-based market
access. Regulatory and health technology assessment (HTA) agencies can mandate ongoing
registry participation as a condition of reimbursement. Implants can be required to demonstrate
that their revision rates remain within statistically acceptable confidence intervals compared to
registry-derived benchmarks. Devices that become consistent "negative outliers" could
face conditional certification, usage restrictions, or market withdrawal. This creates a
powerful feedback loop where an implant's commercial longevity is directly tied to its proven
clinical performance, incentivizing manufacturers to prioritize long-term durability and safety.
In conclusion, the integration of surgical registry analytics into the regulatory framework marks

a shift from a static, pre-market model to a dynamic, performance-monitored lifecycle model.
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Registries provide the independent, large-scale data necessary to protect public health by
rapidly identifying failing devices, predicting long-term risks, and ensuring that the implants
available to surgeons and patients have demonstrated their worth in the real world.

¢ Guiding Resource Allocation and Surgical Planning at a National Level
The strategic value of a national joint registry extends beyond individual clinical decisions to
inform the macro-level planning and stewardship of entire healthcare systems. By providing a
comprehensive, longitudinal census of surgical activity, outcomes, and associated costs,
registry data becomes an indispensable tool for health ministries, commissioners, and public
health officials. As exemplified by major registries worldwide, this data translates population
health intelligence into actionable strategies for optimizing resource allocation, anticipating
future demand, and ensuring equitable access to high-quality surgical care.
Demand Forecasting and Evolving Practice Patterns
National registries provide the foundational data for evidence-based demand forecasting and
tracking practice evolution. The American Joint Replacement Registry (AJRR), for instance,
provides a detailed, dynamic picture of the arthroplasty landscape in the United States. Its latest
report captures over 3.7 million hip and knee procedures, documenting not only rising total
volumes but also a significant expansion of procedures performed in ambulatory surgery
centers (AJRR, 2024). This granular insight into surgical setting migration is critical for
infrastructure planning, affecting decisions on capital investment in inpatient beds versus
outpatient facilities. Furthermore, its analysis of detailed geographic patterns—showing the
highest case volumes in states like California, New York, Minnesota, and Texas—helps identify
regions of high current demand and growth, guiding the strategic placement of training
programs and specialist resources.
Optimizing Resource Distribution and Understanding Volume-Outcome Relationships
Registry data powerfully illuminates geographic inequities and the systemic impact of
surgical volumes. The AJRR's comparative analyses demonstrate that its captured procedural
volumes and hospital characteristics show consistent patterns with broader national datasets,
reinforcing the critical study of volume-outcome relationships at a national scale (Bini, 2022).
This evidence compels a targeted policy response. When data confirms that higher-volume
centers achieve better risk-adjusted outcomes, particularly for complex revisions, it argues
strongly for the strategic regionalization of complex care. Resources can be directed to

establish or strengthen specialist revision centers in regions with the highest burden, while
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developing structured referral networks to ensure equitable access for all patients, regardless of
location.

Economic Modeling for Sustainable Investment and Value Demonstration
Ultimately, the justification for investing in registry infrastructure and data-driven policies rests
on demonstrating long-term value. Registry data is critical for robust economic modeling and
sustainability planning. A pivotal evaluation of the Australian Orthopaedic Association
National Joint Replacement Registry (AOANJRR) provides this proof of concept. Its cost—
utility analysis demonstrates that the registry's insights—Ieading to the identification and
reduced use of poorly performing prostheses and the promotion of best practices—result in
averted revisions and improved quality-adjusted life years (QALYs). Crucially, the study
concludes that these health benefits yield a favorable cost-effectiveness ratio, meaning the
societal value gained far outweighs the cost of maintaining the registry (PubMed, [Year]). This
shifts the planning horizon from annual budgets to a lifecycle view of value, providing
policymakers with the economic evidence needed to justify investments in registry systems,
higher-value implants, and preventative care pathways that prevent costly downstream failures.
In summary, the registry evolves from a clinical tool into a strategic planning intelligence
system. Through concrete examples—from tracking ambulatory shift in the AJRR to proving
cost-effectiveness in the AOANJRR—registry-powered insights provide the hard data required
to move healthcare planning from reactive guesswork to proactive, equitable, and sustainable
strategy. By forecasting demand, exposing systemic patterns, and modeling economics, they
ensure that finite healthcare resources are allocated where they will have the greatest impact on
population health

5.4 Limitations of the Study

A critical appraisal of this research must acknowledge its methodological constraints and the
inherent limitations of registry-based science. An honest discussion of these limitations is
essential for appropriate interpretation of the findings and for directing future research.

5.4.1 Limitations Inherent to Observational Registry Data
The core analyses are founded on observational registry data. While advanced statistical
methods were employed to adjust for confounding, residual confounding remains a
possibility. Unmeasured or imperfectly measured variables—such as detailed surgical
technique nuances, precise bone quality, intraoperative soft-tissue handling, patient

psychosocial factors, and rehabilitation protocol adherence—could influence both the choice
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of intervention and the outcomes, potentially biasing the estimated associations. Furthermore,
while multi-registry integration increases generalizability, heterogeneity in data collection
protocols, variable definitions, and follow-up schedules across registries, despite
harmonization efforts, may introduce noise and limit some direct comparisons.

5.4.2 Limitations Related to Predictive and Explanatory Modelling
The clinical prediction models developed in Sections 4.3 and 4.4, while rigorously validated
internally, require external validation in independent, prospective cohorts to confirm their
generalizability and calibration across different healthcare settings. Their performance is
contingent on the quality and completeness of the input data; missing values, even with
sophisticated imputation, may affect individual predictions. The definition of functional
"success" using MCID thresholds, though clinically meaningful, represents a dichotomization
of continuous outcomes, which may oversimplify the spectrum of patient experience and is
sensitive to the specific MCID value chosen.

54.3 Limitations in Outcome Measurement and Follow-up
Registry follow-up, though long-term for revision endpoints, can be incomplete for Patient-
Reported Outcome Measures (PROMs), leading to potential non-response bias. Patients who
do not complete follow-up PROMs may systematically differ from those who do (e.g., they
may be less satisfied, more ill, or fully recovered and disengaged). While mixed models handle
missing data under a missing-at-random assumption, this cannot be verified. Additionally, the
economic evaluation (Section 4.6) relies on modelled cost estimates and utility mappings,
which may not reflect the true micro-costing or health state preferences of all studied
populations, affecting the precision of the cost-effectiveness ratios.

5.4.4 Implications of Limitations and Guided Directions for Future Research

These limitations do not invalidate the findings but frame their context. They directly inform
a roadmap for future research:

1. Prospective, Mechanism-Focused Studies: To address residual confounding, targeted
prospective studies or pragmatic trials are needed to isolate the causal effect of specific
surgical variables (e.g., implant design, alignment strategy) identified here as associated
with outcomes.

2. Model Transportability and Implementation Science: The prediction models require
external validation and integration into clinical workflow studies to assess their real-

world impact on shared decision-making and patient preparedness.
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3. Enhanced Data Infrastructure: Future registry development should prioritize the
standardized collection of a richer set of potential confounders (e.g., patient
expectations, social determinants of health) and surgeon-level factors to improve risk
adjustment.

4. Patient-Centered Outcome Deepening: Research should move beyond MCID
achievement to explore trajectories of recovery, patient-defined success, and the
integration of wearable device data for objective functional assessment, mitigating
PROM non-response bias.

By explicitly acknowledging these constraints, this research provides not only conclusions but
also a transparent foundation upon which the next generation of registry-informed orthopaedic

science can be built.

5.5 Conclusion of the Chapter

The statistical power of surgical registries in TKA, as demonstrated in this thesis, extends far
beyond academic exercises in risk modelling. The implications are profound and practical: they
guide the surgeon's hand in the consultation room, inform the policymaker's decision on
funding, and challenge the research community to build more intelligent, responsive, and
patient-centric data ecosystems. The transition From Data to Decision is not automatic; it
requires deliberate translation of findings into clinical guidelines, registry infrastructure, and
reimbursement policies. This work provides a roadmap for that translation, arguing that the
intelligent use of registry data is not merely an analytical challenge but an ethical imperative to

improve the quality, equity, and sustainability of total knee arthroplasty for future populations.
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Chapter 6: Synthesis and Critical Appraisal: The Future of Registry Science

6.1 Introduction: From Specific Findings to General Principles
This chapter serves a dual purpose: to look forward and to look inward. First, it synthesizes the
most transformative trajectory for registry science—the integration of artificial intelligence
(Al) and advanced predictive analytics—projecting how these technologies will redefine the
generation and application of evidence in total knee arthroplasty (TKA). Second, it steps back
to provide a critical appraisal of the surgical registry methodology itself, examining its
formidable strengths and inherent limitations. This balanced synthesis is essential; it
acknowledges that the immense potential of future innovation is inextricably linked to a clear-
eyed understanding of the foundational data upon which it is built. Only by confronting both
the horizon of possibility and the constraints of reality can the field advance with both ambition
and rigor.

6.2. Future Trends: The Integration of AI and Predictive  Analytics
The evolution of registry science is entering a new paradigm, shifting from large-scale
descriptive epidemiology towards a predictive, prescriptive, and deeply personalized model
of care. This transition is powered by the convergence of ever-expanding registry data with
sophisticated Al methodologies, moving beyond traditional statistics to create a true learning
health system.

As the volume and complexity of data captured in surgical registries continue to grow, the
integration of artificial intelligence (AI) and predictive analytics is poised to revolutionize their
utility in TKA. Traditional statistical methods, while powerful, are limited in their ability to
detect intricate, nonlinear patterns within large datasets. Al algorithms—particularly machine
learning (ML) models—offer a more advanced approach to extracting nuanced insights,
enabling clinicians to move beyond retrospective analysis toward real-time, predictive decision-
making (Venéldinen et al., 2021).

One of the most promising applications is the development of personalized risk prediction
tools. By training ML models on large registry datasets, it is now possible to forecast outcomes
such as the likelihood of revision, postoperative complications, or suboptimal functional
recovery based on patient-specific variables including age, BMI, comorbidities, and implant
type (Fogel et al., 2021). These individualized predictions, when integrated into clinical
decision support systems, empower surgeons to tailor treatment plans and enhance shared

decision-making. Furthermore, Al holds significant potential in optimizing implant selection
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and surgical planning. Through pattern recognition, algorithms can identify which implants
perform best under specific conditions, aiding evidence-based choices. On a broader scale, Al-
driven analytics can uncover latent trends across populations or regions that may not be
apparent using conventional analysis, thereby informing public health interventions and policy
adjustments (Topol, 2019).

Despite its promise, the application of Al to registry data presents notable challenges. Concerns
remain regarding algorithm transparency (""black-box'" models), data privacy, and model
generalizability. There is also a risk of perpetuating existing biases in the data if models are
not carefully developed and validated (Sendak et al., 2020). As such, the ethical and
methodological frameworks guiding Al deployment must evolve in parallel with its technical
development, requiring collaboration between data scientists, clinicians, and regulators.
Looking forward, the next frontier involves transcending prediction to address causality and
creating dynamic patient models. The development of causal Al frameworks seeks to answer
critical "what-if" questions by estimating the causal effect of different treatment choices for an
individual, moving from association to actionable insight. Concurrently, the concept of
the "digital twin'"—a virtual, biomechanical model of a patient’s joint informed by registry
outcomes—could enable simulated preoperative testing of implant configurations. The ultimate
operationalization of these trends lies in seamless integration: embedding validated,
interpretable AI models via application programming interfaces (APIs) directly into electronic
health records and patient portals. This creates a closed feedback loop, where point-of-care
decisions informed by registry Al generate new outcome data, which in turn refines the models,
fostering a perpetually self-improving learning health system.

In the coming years, this fusion of Al with registry infrastructure will likely become a defining
feature of orthopedic data science. This evolution will not replace clinical expertise but rather
augment it, allowing surgeons to make more informed, timely, and patient-centered decisions.
As Al matures, it will transform surgical registries from static repositories into intelligent
systems capable of real-time feedback, dynamic learning, and proactive risk management—
ushering in a new era of precision medicine in TKA.

6.3 Strengths and Inherent Limitations of Surgical Registries

A critical appraisal of the surgical registry methodology is essential to contextualize the
findings and implications presented in this thesis. Registries offer a unique and powerful lens

through which to view the practice and outcomes of total knee arthroplasty (TKA), but this lens
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has specific optical properties—both magnifying and distorting—that must be acknowledged.
An honest assessment of their formidable strengths and inherent limitations is not a
diminishment of their value but a fundamental prerequisite for their intelligent application,
ensuring that evidence derived from them is interpreted with appropriate confidence and
scholarly caution.

Unmatched  Strengths:  Real-World  Vigilance and  Actionable  Insight
The primary strength of registries lies in their unmatched scale and “real-world”
generalizability. Unlike randomized controlled trials (RCTs), which establish efficacy in
idealized, highly selected populations, registries capture the full heterogeneity of clinical
practice. They include elderly patients with multiple comorbidities, varied surgical techniques,
and  diverse  healthcare  settings, providing robust evidence  on clinical
effectiveness (performance in routine practice) rather than just efficacy (performance under
ideal conditions) (Sedrakyan et al., 2020). This inclusive scale is the foundation for their
external validity and direct relevance to everyday clinical decisions.

This longitudinal, population-level data confers two further pivotal strengths. First, registries
are an indispensable early-warning system for post-market surveillance. Their capacity to
rapidly detect implants with statistically significant higher-than-expected revision rates—as
definitively demonstrated in the metal-on-metal hip crisis—represents one of their most salient
contributions to public health and device safety (Graves et al., 2011; AOANJRR, 2022).
Second, they enable continuous quality improvement. By facilitating risk-adjusted
benchmarking across institutions and surgeons, registries identify practice variations and
outliers, prompting targeted interventions to standardize and elevate care (Franklin et al., 2017).
In essence, they transform passive data collection into an active engine for systemic learning.
Acknowledged  Limitations: The  Constraints of  Observational  Reality
The foremost limitation stems from the observational nature of registry data. The absence of
randomization means treatment allocation is subject to confounding by indication, where the
choice of implant or technique is intrinsically linked to patient factors. While advanced
statistical methods can adjust for measured confounders, they cannot eliminate bias from
unmeasured or unrecorded variables (e.g., nuanced surgical skill, patient bone density, or
rehabilitation adherence). This inherent constraint necessitates caution in inferring direct

causation from registry-derived associations.
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A second critical limitation concerns data fidelity and completeness. A registry’s analytical
power is a direct function of its data quality. Challenges of missing data (particularly for
nuanced surgical variables or patient-reported outcomes), reporting bias, and inconsistent
follow-up protocols can introduce significant error and limit the granularity of analyses
(Paxton et al., 2012). The registry captures what was documented, which may not fully equate
to what was done or experienced. Furthermore, the dynamic evolution of medical
practice creates an intrinsic lag. By the time multi-year trends are published, surgical
techniques and implant technology may have advanced, meaning registries often provide a vital
analysis of the recent past that must be thoughtfully applied to present-day decisions (Hooper
et al., 2019).

Synthesis: The Complementary Evidence Ecosystem
These strengths and limitations are not failings but defining characteristics that clarify the
registry’s optimal role within a broader hierarchical and complementary evidence
ecosystem. Registries are not a replacement for RCTs but their essential partner in a virtuous
cycle of knowledge generation. The relationship is synergistic: registries generate
hypotheses through large-scale observation, identifying pressing comparative effectiveness
questions in real-world care. RCTs then test these hypotheses under controlled conditions to
establish causal efficacy. Subsequently, registries monitor the long-term, real-world
effectiveness and safety of those interventions once adopted into widespread practice. This
continuous feedback loop—from observation to experimentation and back to population-level
surveillance—represents the most robust and pragmatic model for advancing evidence-based,
value-driven orthopaedics.

In conclusion, the surgical registry is a tool of extraordinary power for description, surveillance,
and benchmarking. Its strengths in scale, generalizability, and longitudinal vigilance make it
irreplaceable for guiding clinical practice and health policy. Its limitations in establishing
causality and relying on administrative data fidelity necessitate unwavering methodological
rigor and interpretive humility. Embracing this balanced view allows the field to harness the
full potential of registry science while anchoring its insights in a realistic and scholarly appraisal
of what the data can and cannot tell us.

6.4. The Foundational Role of Statistical Analysis in Registry Utility

The utility of a surgical registry is not an inherent property of the data it collects but

is conferred by the statistical methodologies applied to it. As this thesis has demonstrated,
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statistical analysis is the indispensable engine that transforms a passive administrative dataset
into a dynamic source of clinical and policy insight. Its role is threefold: it is the catalyst for
discovery, the guardian against fallacy, and the architect of the future.

The Catalyst for Discovery: From Raw Data to Actionable Evidence
Statistical analysis serves as the cornerstone for unlocking the value embedded in surgical
registries. The transformation of raw data into actionable clinical insights depends on robust
methodologies. Descriptive statistics provide a foundational understanding of demographics
and outcomes, but inferential techniques are the true catalyst. Multivariable regression,
survival analysis (e.g., Kaplan-Meier estimation), and Cox proportional hazards models adjust
for confounding to isolate the effect of specific interventions, enabling fair, risk-adjusted
benchmarking and the identification of trends that would otherwise remain obscured (Franklin
et al., 2017; Sedrakyan et al., 2020). It is this analytical process that generated the evidence for
personalized risk assessment (Chapter 1.1) and optimized implant selection (Chapter 1.2)
central to this thesis.

The Guardian Against Fallacy: Ensuring Integrity in Observational Science
Importantly, statistical methods are the primary guardian of scientific integrity in registry-based
research. Registries are observational by nature, making them inherently vulnerable to bias and
confounding. Techniques for handling missing data (e.g., multiple imputation) and
for minimizing selection bias (e.g., propensity score matching) are not mere technicalities;
they are essential safeguards that enhance the reliability of findings (Paxton et al., 2012).
Rigorous statistical validation prevents the misinterpretation of association as causation,
formally quantifying the limitations discussed in Section 5.3 and enforcing the humility
required to translate registry evidence into responsible guidance.

The Architect of the Future: Enabling Prediction and Personalization
The evolution of statistical science directly defines the future trajectory of registry utility. The
field is now moving beyond traditional hypothesis testing toward predictive modeling and
outcome forecasting. The integration of machine learning and Al-driven algorithms allows for
the identification of complex, non-linear relationships, enhancing prognostic accuracy and
enabling the development of clinical decision support tools based on individualized risk profiles
(Venéldinen et al., 2021). This statistical evolution is the very foundation of the Al-integrated
future envisioned in Section 5.2, positioning advanced analytics as the architect of next-

generation, prescriptive care.
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In conclusion, the "statistical power" referenced in the title of this thesis is not a secondary
feature but the core mechanism of translation. It is the disciplined process through which data
becomes information, information becomes evidence, and evidence informs
decision. From enabling shared decision-making at the bedside to guiding national health
policy, the role of statistical analysis is both foundational and transformative. It ensures that the
immense potential of surgical registries in TKA is realized with the precision, transparency,
and unwavering scientific integrity necessary to advance the field.

1. Advancing Analytic Methodologies for Registry Science

The evolution of registry science is inextricably linked to the sophistication of its analytical
methodologies. While traditional statistical techniques have established the foundational value
of registries for associative epidemiology and surveillance, the inherent complexity, scale, and
high-dimensional nature of modern registry data demand a next-generation analytical toolkit.
The limitations encountered in this thesis—pertaining to missing data, complex variable
interactions, and temporal dynamics—point directly to the frontier of research: the development
and rigorous application of advanced methodologies that unlock deeper, more actionable
insights from the registry resource.

Embracing Causal Inference and Overcoming Confounding
A primary limitation of observational registry data is the pervasive challenge of confounding
by indication. Traditional multivariate regression can adjust for measured confounders but
remains vulnerable to unmeasured or poorly captured variables (e.g., subtle differences in
surgical technique, unrecorded patient comorbidities). The future lies in adopting formal causal
inference frameworks from epidemiology and economics. Techniques such as propensity
score matching, inverse probability of treatment weighting, and instrumental variable
analysis should become standard in comparative effectiveness research using registry data. For
instance, to robustly compare the long-term outcomes of robotic-assisted versus conventional
TKA, a propensity score-matched analysis that balances patient groups across dozens of pre-
operative characteristics provides a far stronger approximation of a randomized trial's causality
than simple regression. The development of standardized protocols for applying these methods
to arthroplasty registry data is a critical research direction to elevate the evidence from
hypothesis-generating to hypothesis-testing.

Leveraging Machine Learning for Prediction, Phenotyping, and Pattern Recognition

The predictive models developed in this thesis likely underscore the potential of moving beyond
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linear assumptions. Machine learning (ML) and artificial intelligence (Al) offer

transformative potential for registry science in three key areas:

The research

Enhanced Predictive Accuracy & Clinical Integration: Algorithms such
as random forests, gradient boosting machines, and neural networks excel
at identifying complex, non-linear interactions between variables. For instance,
a model trained on a national registry like the AOANJRR or AJRR can
synthesize patient demographics, surgical details, and implant factors to
generate a personalized, numeric estimate of 10-year revision risk. Crucially, the
research imperative is to move beyond "black box" outputs. By
applying interpretability frameworks like SHAP (SHapley Additive
exPlanations), such a model can transparently show that for a specific patient—
a younger, obese individual receiving a particular implant—the primary drivers
of an elevated risk prediction are precisely those factors (age, BMI, implant
choice) that registry epidemiology has consistently associated with higher
population-level revision. This explicit linkage between individualized
prediction and established registry evidence builds clinician trust, enabling the
direct integration of sophisticated analytics into shared decision-making at the
point of care.

Unsupervised Phenotyping: Clustering algorithms (e.g., k-means, latent class
analysis) can analyze preoperative patient characteristics to identify novel,
data-driven patient phenotypes that may respond differently to treatments.
This moves beyond clinician-defined categories to discover subtypes of "OA"
with distinct outcome trajectories.

Automated Signal Detection: Natural language processing (NLP) can mine
unstructured operative notes and revision narratives to automatically extract
surgical details or complication reasons, addressing data granularity and
completeness issues.

imperative is not merely to apply "black box" models, but to

develop interpretable, clinically actionable ML tools—such as SHAP (SHapley Additive

exPlanations) values—that explain a model's predictions to surgeons, ensuring trust and clinical

integration.
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Integrating Temporal and Multi-State Modeling
Patient journeys are dynamic, not binary. A future-state registry analysis must move beyond
time-to-first-revision to model the entire sequence of possible events. Multi-state
models (e.g., illness-death models, Markov models) can map pathways such as: Primary TKA
— Infection — Revision for Infection — Re-revision. This allows for estimating the probability
of occupying each health state over time and identifying critical transition points.
Similarly, joint models for longitudinal and time-to-event data can integrate repeated
measures of PROMs with the risk of revision, answering questions like "How does the
trajectory of post-operative pain score influence the hazard of later revision?" These
methodologies provide a richer, more nuanced understanding of the patient experience and the
long-term effectiveness of interventions.

Addressing Missing Data with Advanced Imputation Techniques
Missing data is not a nuisance to be ignored but a substantive problem that can bias results. The
field must move beyond complete-case analysis toward principled methods like multiple
imputation and, increasingly, ML-based imputation. Future research should establish best
practices for handling missingness in registry variables, particularly for high-stakes predictors
like PROMs or surgical details, ensuring that the analyzed dataset is as representative as
possible of the underlying patient population.

In conclusion, the next era of registry science will be defined by methodological rigor and
computational sophistication. By embedding causal inference, leveraging machine learning for
discovery, modelling dynamic patient pathways, and rigorously handling data imperfections,
registries can transcend their role as databases of record. They can become predictive, causal,
and deeply insightful engines that not only describe what has happened but reliably predict what
will happen and illuminate the causal pathways to success and failure in total knee arthroplasty.
2. The Imperative of Deep PROMs Integration

The definitive success of a total knee arthroplasty (TKA) is ultimately adjudicated by the
patient. While traditional registries have masterfully quantified implant survivorship—a
necessary but insufficient endpoint—they have historically captured only half of the value
equation. The integration of longitudinal, systematically collected PROMs represents the most
critical evolution for the next generation of surgical registries. This transition moves the
registry's focus from a provider-centric model of failure (revision) to a patient-centric

model of success, defined by meaningful improvements in pain, function, and quality of life.
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PROMs have become a critical complement to traditional endpoints such as revision in
arthroplasty registries by capturing pain, function, and quality of life directly from patients; the
International Society of Arthroplasty Registries (ISAR) has described widespread adoption of
PROMs such as EQ-5D, KOOS, OKS, and HOOS across national registries including the
Swedish and Dutch Arthroplasty Registers, the UK National Joint Registry, and others,
facilitating value-based evaluation of hip and knee replacement outcomes beyond implant
survivorship (Rolfson et al., 2016; Wilson et al., 2019). The International Consortium for Health
Outcomes Measurement (ICHOM) has developed standardized patient-centered outcome sets
for musculoskeletal conditions, emphasizing harmonized measures that capture what matters
most to patients and enabling comparisons across settings (ICHOM Standard Sets). To interpret
PROMs in a clinically meaningful way, methodological work on thresholds such as the
minimal clinically important difference (MCID) and patient acceptable symptom state
(PASS) informs whether observed changes reflect meaningful improvements for patients rather
than mere statistical variation, which is essential for evaluating registry outcomes and guiding
shared decision-making (systematic reviews of MCID/PASS for PROMs)

Redefining "Success" and "Value" from the Patient Perspective
Without PROMs, a registry risks perpetuating a significant blind spot: a well-fixed,
radiographically sound implant in a dissatisfied patient. The routine collection of preoperative
and serial postoperative PROMs (e.g., at 1, 2, 5, and 10 years) transforms the registry's
analytical capacity. It enables the field to define success not as the mere absence of revision,
but as the achievement of a Minimal Clinically Important Difference (MCID) or Patient
Acceptable Symptom State (PASS) on validated instruments like the KOOS, WOMAC, or
PROMIS. This allows for the creation of new, patient-relevant benchmarks. For example, future
registry reports could benchmark hospitals not only on 10-year revision rates but on
the percentage of their patients achieving a PASS for pain at one year. This recalibration
ensures that the metrics driving quality improvement and value-based payments are perfectly
aligned with the outcomes that matter most to those undergoing surgery.

Interpreting patient-reported outcome measures (PROMs) within arthroplasty registries
requires clinically meaningful thresholds such as the minimal clinically important difference
(MCID) and patient acceptable symptom state (PASS); for example, systematic review
evidence in TKA demonstrates that the Oxford Knee Score (OKS) MCID is approximately 5
points and PASS around 30 points on its 12—60 scale, while KOOS subscales have MCIDs of

Page 91 of 115



roughly 9-14 points and PASS values of 66—85 on a 0—100 scale, helping to distinguish true
functional improvement and satisfactory postoperative states from mere statistical change in
registry cohorts (Migliorini et al., 2024; systematic review of MCID/PASS across PROMs,
2024).

Table 11: Clinically Meaningful PROM Thresholds Used in TKA Registries

MCID PASS
PROM Scale Interpretation

(approx.) (approx.)

Oxford 12-60 Change > MCID reflects meaningful
Knee Score (higher=  ~5points ~30 points improvement; PASS indicates
(OKS) better) acceptable postoperative knee state

Widely used in Swedish & Dutch

KOOS Pain 0-100 10-14 66-75 o
registries

KOOS ADL 0-100 9-14 70-85 Functional recovery threshold
KOOS QoL 0-100 15-20 62-70 Sensitive to patient satisfaction

EQ-5D —0.59 to

~0.08-0.10 ~0.80 Generic health-related quality of life
Index 1.0
VAS Pain  0-100 ~15-20 <30 Symptom-based satisfaction cut-off

2.Enabling Predictive Analytics for Functional Outcomes and Satisfaction
The integration of preoperative PROMs creates a powerful baseline, unlocking predictive
modelling for functional success, not just mechanical failure. Advanced analytics can identify
which patients—based on their preoperative pain, functional disability, mental health, and
expectations—are most likely to achieve excellent outcomes or, conversely, are at high risk
for persistent pain and dissatisfaction despite a technically successful procedure. This
predictive capability, powered by machine learning on registry data, would allow for targeted
pre-habilitation, focused expectation management, and shared decision-making that is informed
by the patient's likelihood of achieving their personal goals. It shifts the consultation from
"What is your risk of revision?" to "What is your probability of being very satisfied with your
knee function in one year?"

3.Addressing Critical Methodological and Implementation Challenges
The imperative for integration is clear, but its execution presents non-trivial challenges that

define the research agenda:
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e Standardization: A proliferation of instruments threatens data comparability.
A key research direction is international consensus on a core outcome set for
TKA PROMs, enabling global benchmarking and meta-analyses.

e Minimizing Attrition and Bias: Postoperative follow-up, especially long-term,
suffers from attrition, which is often non-random (e.g., satisfied patients may be
less likely to respond). Research must develop and validate cost-effective,
patient-friendly digital collection platforms (e.g., smartphone apps,
automated SMS systems) and employ statistical methods to adjust for
informative missingness.

¢ Linking PROMs to Implant and Surgical Data: The most powerful analyses
will emerge from linking detailed PROMs trajectories to specific implant
attributes, surgical techniques, and provider factors. This can answer previously
unanswerable questions: "Does implant 4 lead to faster functional recovery than
implant B in patients with severe preoperative stiffness?"

Driving a Learning Health System for Patient-Centred Care
Ultimately, the real-time feedback loop created by PROMs integration is the engine of a
true learning health system. When aggregated, de-identified PROMs data is fed back to
surgeons and hospitals via dynamic dashboards, it fosters reflective practice and rapid quality
improvement. It allows surgeons to compare their patients' reported outcomes against risk-
adjusted national benchmarks, not just their own intuition. This continuous feedback, grounded
in the patient's voice, ensures that clinical practice evolves in direct response to patient
experience, closing the loop between population data and individual care.

In conclusion, PROMs are not an optional adjunct to the surgical registry; they are its necessary
evolution. By systematically capturing the patient's voice, registries will generate the evidence
needed to optimize not just the longevity of the implant, but the quality of the life it supports.
This integration is fundamental to achieving the triple aim of better health, better care, and
sustainable cost in knee arthroplasty.

3. Operationalizing the Learning Healthcare System

Implication: The statistical architecture and predictive models validated in this thesis form the
essential core for evolving the arthroplasty registry from a passive repository of historical data

into the intelligent engine of a true learning healthcare system for knee replacement.
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Argument: The demonstrated feasibility of generating accurate, individualized risk predictions
from registry data exposes the critical inefficiency of the current paradigm, where such insights
are typically delayed by months or years in annual reports. This research directly implies that
the next necessary innovation is the operational integration of these analytics into clinical
workflow. The definitive future direction is the development of secure, interoperable
application programming interfaces (APIs) that embed validated predictive algorithms directly
into electronic health records and surgical planning platforms. This would enable the provision
of real-time, patient-specific risk scores and evidence-based guidance at the point of care,
thereby closing the feedback loop: each clinical decision informed by registry data generates
new outcome data, which is instantaneously fed back to refine and improve the algorithms,
creating a perpetually self-optimizing cycle of care improvement that transforms population
data into continuous, personalized learning.

6.5 Conclusion of the Chapter

In summary, Chapter 5 synthesizes the trajectory of registry science, arguing that its future
utility in total knee arthroplasty hinges on the deliberate integration of transformative
innovation with methodological rigor. The promise of Al and predictive analytics to create
dynamic, prescriptive systems is profound, yet this potential can only be responsibly realized
when anchored in a clear-eyed understanding of the observational data's inherent strengths and
limitations. Statistical analysis emerges as the critical nexus between these realms—it is the
disciplined engine that must both power future discovery and rigorously govern against fallacy,

ensuring that the evolution of registry science advances with both ambition and integrity.
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Chapter 7: Overall Conclusion and Recommendations

7.1. Summary of Key Findings

This study explored the statistical power and clinical utility of surgical registries in total knee
arthroplasty (TKA), affirming their role as an essential component of modern, evidence-based
orthopaedic practice. The findings demonstrate that registries provide the indispensable real-
world data needed to inform clinical decisions, enhance patient outcomes, and support rigorous
post-market surveillance. A core conclusion is that the transformative potential of this data is
unlocked through sophisticated statistical analysis, which converts vast observational datasets
into actionable insights for benchmarking, risk adjustment, and performance tracking. Looking
forward, the integration of artificial intelligence and predictive analytics is poised to further
amplify this value by enabling more precise, patient-specific care.

The specific evidentiary findings that underpin this conclusion are synthesized below:

1. The Capacity for Personalized Risk Prediction and Clinical Guidance
The analysis confirmed the power of registry data to move beyond population averages.
Through advanced modelling, this research:

o Identified and quantified the combined influence of specific patient factors, surgical
variables, and implant characteristics on the risk of revision and other key outcomes.

e Demonstrated the feasibility of developing predictive models that
generate individualized risk estimates, providing a quantitative foundation for pre-
operative counselling and shared decision-making.

2. The Identification of Optimized Pathways for Implant and Strategy Selection
Interrogation of registry data revealed significant variations in outcomes based on specific
choices:

o Evidence was found for phenotype-specific implant performance, where certain
designs demonstrated statistically superior survivorship in defined patient subgroups.

e The data provided robust evidence to inform surgical strategy, such as the use of stem
extensions in high-risk scenarios, based on differential impacts on long-term versus
short-term risks.

3. The Ciritical Gaps and Imperatives for Registry Data Infrastructure

The analytical process served as a diagnostic, revealing both strengths and limitations:
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o The predictive utility of models was sometimes constrained by incomplete data
fields and the absence of standardized, longitudinal patient-reported outcome measures
(PROMs), highlighting a need for enhanced data completeness.

4. The Foundational Role in Informing Systemic Policy and Value
At a macro level, the research demonstrated how registry analytics translate into system-wide
intelligence:

e The data provides the essential metrics for value-based healthcare, enabling cost-
effectiveness analyses and the design of reimbursement models tied to long-term
outcomes.

e Registries function as an indispensable public health surveillance tool, capable of
detecting underperforming devices and guiding national resource allocation.

Collectively, these findings establish that the power of a surgical registry is active and
translational, conferred through rigorous analysis to guide individual patient encounters, refine
surgical practice, and shape sustainable health policy.

7.2 Overall Conclusions Drawn from the Research

The research concludes that surgical registries are not merely data repositories but dynamic
instruments of quality improvement, clinical safety, and healthcare innovation. Their ability to
collect comprehensive, longitudinal, and real-world evidence makes them uniquely positioned
to inform both micro-level clinical decisions and macro-level policy strategies. Statistical rigor
is essential in ensuring the reliability and validity of registry-based conclusions, and the
incorporation of patient-reported outcomes adds a critical dimension to outcome assessment.
While limitations such as data completeness and potential bias must be acknowledged, these
challenges can be mitigated through standardized reporting practices and appropriate statistical
techniques. In sum, the effective use of surgical registries in TKA represents a paradigm shift
toward data-driven, patient-centred orthopaedic care.

This overarching conclusion is supported by several specific, interconnected insights drawn
from the research:

1. The primary power of a surgical registry is not in data aggregation, but in data
translation. The true value is activated. It is the application of robust statistical and
increasingly sophisticated analytical methods—from risk adjustment to predictive modeling—

that transforms raw data into interpretable evidence. This process bridges the gap between a
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population-level observation and an individual clinical decision, conceptualizing the registry
not as a warehouse, but as a high-precision analytical engine for orthopaedic science.

2. This translational power establishes the registry as the central nervous system for a
learning health system in arthroplasty. The evidence illustrates a continuous, reinforcing
cycle: registry data generates evidence; this evidence informs guidelines and choices; these
actions produce new outcome data that flows back into the registry. This closed-loop system
enables continuous, data-driven quality improvement at scale, moving the field from static
innovation to dynamic, iterative refinement.

3. The utility of registry-derived evidence exists on a spectrum of causation, demanding
appropriate application. Registries excel in providing high-grade comparative effectiveness
research and hypothesis-generating surveillance. For definitive causal attribution, they are
complementary to randomized controlled trials (RCTs). The most robust model for progress is,
therefore, a synergistic evidence hierarchy, where registries and RCTs are partners in a
virtuous cycle of knowledge generation.

4. The future trajectory points toward increased personalization and prescriptive
guidance. The exploration of predictive analytics supports the conclusion that the next frontier
is a shift from retrospective insight to prospective intelligence. Future registries will move
toward predicting outcomes for zhis patient and suggesting optimized pathways, further
blurring the line between clinical research and clinical care.

In definitive answer to the research question, this thesis concludes that the statistical
power of surgical registries in TKA is both transformative and contingent. It is
transformative in its capacity to guide precision medicine, ensure implant safety, and propel
value-based care. It is contingent upon an unwavering commitment to data quality,
methodological rigor, and ethical application. Ultimately, the registry's power lies in its unique
ability to turn the collective experience of the past into a smarter, safer, and more patient-
centred future for knee arthroplasty.

Table 12: Stakeholder-Specific Recommendations for Leveraging Joint Registry Data
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Stakeholder Group

Clinical
Practitioners &

Surgical Teams

Hospital
Administrators &
Procurement

Committees

Healthcare
Policymakers &

Payers

National Registry
Stewards & Health

Data Agencies

Primary Recommendation

Adopt and utilize registry-based,
clinical decision support (CDS)
tools for preoperative planning and

shared decision-making.

Implement evidence-based formulary
policies guided by registry performance
data (e.g., outlier lists, survivorship

curves by patient phenotype).

Design and pilot advanced payment
models (e.g., bundled payments, pay-
for-performance) that incorporate long-
term, registry-verified outcome

metrics.

Mandate core data

elements (including preoperative and
longitudinal PROMs) and invest in
secure data linkage infrastructure (to
pharmacy, primary care, and

socioeconomic databases).
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Rationale & Expected Impact

Tools providing personalized risk estimates
(e.g., for revision, poor PROMs) transform
abstract registry data into actionable patient-
specific guidance. This operationalizes
shared decision-making, manages
expectations, and improves the informed

consent process.

Moves procurement from cost-driven or
vendor-led models to value-driven
selection. Restricting use of poorly
performing implants in specific patient
groups improves overall institutional
outcomes, reduces revision burden, and

enhances value-based care performance.

Aligns financial incentives with long-term
patient success rather than short-term
procedural volume. Tying reimbursement to
risk-adjusted 1-year PROMs scores or 5-year
revision rates rewards quality and durability,
fostering a sustainable, high-value care

system.

Addresses the critical limitations of data
completeness and granularity. Linked, rich
data enables robust risk adjustment,
comprehensive health economic analyses,
and research into social determinants of
outcomes, maximizing the registry's utility

for research and policy.



Stakeholder Group Primary Recommendation Rationale & Expected Impact

Equips the next generation of surgeons to

Integrate registry literacy and data- critically appraise registry evidence and
Surgical Educators
informed decision-making into apply it at the point of care. Fosters a culture
& Professional
S continuing medical education and board where consulting registry data becomes a
ocieties
certification curricula. standard component of surgical planning and

quality improvement.

7.3. Integrated Recommendations for Policy and Practice

The conclusions drawn from this research necessitate concrete actions to fully realize the
potential of surgical registries. The following integrated recommendations are directed at key
stakeholders—clinicians, healthcare administrators, policymakers, and registry stewards—to
translate evidence into enhanced practice and systemic improvement.

e Synergistic Implementation

The power of these recommendations is amplified when implemented in concert. For
example, a policy-driven bundled payment (Payer) that rewards excellent 1-year
outcomes creates a financial imperative for hospitals to adopt high-performing
implants (Administrator) and for surgeons to use predictive CDS tools (Clinician) to
achieve those outcomes, all of which depends on registries collecting robust PROMs
data (Steward). This creates a self-reinforcing ecosystem where policy, practice, and
data infrastructure evolve together to systematically improve the quality, equity, and
sustainability of TKA care.
7.4 Final Suggestions for Future Research
This thesis has mapped the current landscape and future potential of registry science in TKA.
To advance the field along the trajectory identified, the following specific avenues for future
research are proposed, addressing methodological, clinical, and systemic gaps.
1. Methodological Research: Advancing Causal Inference and AI Integration
The observational nature of registry data remains its primary scientific constraint. Future
research must prioritize:
e Developing and Validating Causal Inference Methodologies: Prospective studies

should apply and compare advanced techniques—such as target trial emulation,
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instrumental variable analysis, and marginal structural models—to classic registry
questions (e.g., robotic vs. conventional technique, cementless vs. cemented fixation).
The goal is to establish best-practice frameworks for generating causally stronger
evidence from registries.

Building Transparent and Clinically Actionable AI: Research should focus on
creating "explainable AI" (XAI) models specifically for orthopaedic outcomes.
Future work must move beyond prediction accuracy to develop standardized methods
for presenting model outputs (e.g., via SHAP values) in clinician-friendly dashboards
and validating their impact on real-world surgical decision-making and patient

outcomes in randomized implementations.

2. Clinical Research: Phenotype-Based Care and Long-Term Patient Experience

To realize precision medicine, research must drill deeper into patient heterogeneity and the full

spectrum of success:

Prospective Validation of Phenotype-Based Pathways: The phenotype-implant
matching  strategies  suggested by registry data require  prospective
validation. Multicenter cohort studies or pragmatic trials should test whether
assigning patients to implant categories based on registry-identified phenotypes (e.g.,

nmn

"young active," "osteoporotic low-demand") leads to superior outcomes compared to
standard selection.

Longitudinal Analysis of PROMs Trajectories: With increased PROMs collection,
research must analyze longitudinal PROMs patterns to identify sub-groups of patients

nn

(e.g., "fast improvers," "chronic mild pain"). Linking these trajectories to implant,
surgical, and rehabilitation variables can uncover modifiable factors influencing the

patient's long-term experience beyond revision.

3. Health Systems & Implementation Research: Measuring Impact and Equity

The ultimate test of registry utility is its tangible impact on systems and populations.

Economic and Outcome Impact of Registry-Driven Interventions: Rigorous health
economic evaluations are needed to quantify the return on investment of specific
registry-informed policies, such as formulary restrictions on outlier implants or the
implementation of mandatory preoperative optimization protocols for high-risk patients

identified by registry models.
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e Research on Equity and Access: Leveraging registry data linked to socioeconomic
indices, future studies must systematically investigate disparities in access to high-
volume surgeons, optimal implants, and successful outcomes. This research should
inform targeted interventions to ensure the benefits of data-driven care are equitably
distributed.

4. Data Science Research: Interoperability and Novel Data Streams
To fuel the next generation of analytics, the data itself must evolve.

o Standardizing Core Data Elements for Global Collaboration: Research should
pursue international consensus on a minimal common data model for TKA registries,
enabling secure, federated analyses across countries. This would dramatically increase
statistical power for studying rare outcomes and novel implants.

o Integrating Novel Digital Data Streams: Exploratory research should assess the
feasibility and value of incorporating passive data streams from wearable devices (for
activity and gait) or curated imaging biomarkers from radiographs and MRIs into
registry frameworks, creating a more holistic digital phenotype of joint health.

By pursuing these targeted research avenues, the academic and clinical community can address
the current limitations, leverage emerging technologies, and systematically build a more
predictive, personalized, and effective evidence base for total knee arthroplasty, fully realizing
the promise of a learning health system.

7.5 Concluding Statement

The journey From Data to Decision in total knee arthroplasty is neither automatic nor
straightforward. It is a deliberate process of translation, powered by statistical rigor and guided
by a commitment to patient-centered value. This thesis has demonstrated that surgical registries
are the indispensable engine for this journey, but their output—the evidence that changes
practice—is wholly dependent on the sophistication of the analytical tools applied to them.
Ultimately, the statistical power of a registry is a measure of its capacity to turn the collective
experience of the past into a smarter, safer, and more predictable future for every patient
considering a knee replacement. It is the foundation upon which a learning health system for
orthopaedics is being built: one where every procedure informs the next, where population data
refines individual care, and where the continuous pursuit of better outcomes is systematically
embedded in clinical practice. By embracing this model, the field can ensure that the promise

of innovation in TKA is consistently fulfilled in the lived experience of patien
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