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Abstract 

This thesis uses individual-level observational data to make new contributions to the 

literature. In total joint replacement, patient attributes associated with long-term gains from 

surgery are uncovered, while methodological contributions are made to the optimal timing 

of patient-reported outcomes, the identification of regression to the mean, and the estimation 

of an appropriate control group to improve the accuracy of economic evaluation. In 

congenital heart disease, a microsimulation model is developed to project the demographics 

of an at-risk cohort, and a costing study is completed to highlight the costs of uncertainty in 

anticoagulation treatments. Finally, the advantages of ‘big data’ techniques such as 

classification and regression trees (CART) for health economics analysis are show-cased in 

the CART modelling of general practitioner prescribing for cardiovascular disease, and the 

drivers of decision-making in health funding.     
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Chapter 1: Introduction 

1.1 A brief history of individual-level observational data and health economics 

Individual-level observational data is pervasive in health research: from registries tracking 

treated patients, longitudinal studies following a diseased cohort, linked data combining 

health and socio-economic data, both patient and provider, and big data, capturing 

individuals' almost every transaction. But this was not the case as little as 50 years ago.  

In the 1950s and 1960s, health economics was largely theoretical. Arrow’s 1963 paper 

‘Uncertainty and the Welfare of Medical Care’ discussed the peculiar attributes of the health 

market, such as uncertainty, asymmetric information and the later-termed principal-agent 

problem [1]. Mushkin [2] and later Grossman’s [3] work on health as an investment and the 

theory of human capital provided theoretical frameworks for considering health within 

standard economic principles. Mushkin used aggregated social security records from the 

United States to elucidate her argument, while Grossman developed a theoretical model. 

Health economics as a discipline was just beginning, and the tools of economic evaluation 

were being developed [4].  

One of the first recorded cost-effectiveness analyses was Klarman et al. in 1968 [5], who 

studied treatment of chronic renal disease. The then Committee on Chronic Kidney Disease 

tracked individuals with chronic renal disease from various hospitals across the United States. 

Klarman and colleagues built a life-table from the data, adjusted it for quality of life, and 

estimated the cost-effectiveness of various treatment options [5]. While strictly a randomized 

rather than observational experiment, the RAND Health Insurance Experiment (HIE) during 

the 1970s and 1980s generated one of the first major datasets for health economic analysis 

[4]. The HIE observed the health service utilization of more than 7,700 individuals under 

different levels of insurance, and remains the seminal work on the topic to this day [6].  

It has subsequently been argued that the availability of data in the US was a key driver for 

why the health economics discipline is US-centric [7], and that the greater availability of data 

was a principal reason for the rapid expansion of the health economics field in the late 1980s 

and 1990s [8]. However, patient registries, a common source of individual-level data, precede 

the health economics discipline: Denmark had a tuberculosis registry that commenced in 
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1921, while cancer and psychiatric registries were launched in various regions, including 

New Zealand and the United Kingdom, during the 1940s and 1950s [9]. These early registries 

were focused on the prevalence of disease and mortality, reflecting the priorities of the health 

systems at the time. Observational studies and health surveys similarly preceded the 

established health economics discipline; a longitudinal analysis of mental growth was 

published in 1940 [10] and national health surveys were conducted as early as the 1930s [11]. 

Nonetheless, it was not until the 1980s and 1990s that health economics analysis using 

individual-level data became more prominent1. Research that had used country-level data 

such as Grossman and Jacobowitz’s 1981 [13] work on abortion and infant health were 

increasingly augmented with individual-level studies such as Joyce and Grossman’s 1990 

paper [14]. In Australia, Deeble and Scotton’s [15] seminal paper set the case for the rise of 

the Medicare universal healthcare insurance scheme during the 1980s, but perhaps most 

notable in terms of the use of data in health policy was the 1990 requirement of a cost-

effectiveness analysis for submissions to the Pharmaceuticals Benefit Scheme, Australia’s 

drug reimbursement office [16, 17]. This resulted in an increase in the use of economic 

evaluation, and in particular  a rise in the use of individual-level data (as shown in Figure 1, 

reproduced from Pearson et al. (2015) [18]), and a subsequent improvement in the economic 

efficiency of the PBS [19].  

1.2 Individual-level observational data and health economics today 

Today individual-level observational data is ubiquitous in health economics. The Agency for 

Healthcare Research and Quality registry of registries lists 2,388 active registries, covering 

chronic diseases, cancers and mental health to name but a few [20]. Many registries now 

consider the morbidity associated with disease or treatment, with emphasis on patient-

reported outcomes, including health-related quality of life, that can be used in economic 

evaluations. More generally, healthcare systems are focusing on integrated care models 

where funding is based on value rather than activity (e.g. providing a service). Measuring 

                                                 
1 Notable earlier exceptions include Lewit and Coate’s estimate of price elasticities for the decision to smoke 
and the intensity of smoking using the 1976 National Health Interview Survey [12]. 
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and reporting patient outcomes is perhaps the most important required step towards 

implementing value-based care [21].  

Data linkage, where records on the same entity are paired together from various data sources, 

is increasingly recommended around the world [22] when individual data sources do not 

provide both the inputs and outcomes required to answer a given research question. Linking 

data sources, such as risk factor data from an administrative dataset and clinical outcome data 

from a registry, can overcome this problem, or help to provide a more robust study design 

(e.g. the linkage of twin registries to outcomes data to analyse causal effects such as 

Magnusson et al. [23]). In Australia, however, the number of publications using data linkage 

is surprisingly low [24].  

One of the newest applications of individual-level data in health care is the use of genomics 

in personalised or individualised medicine. Personalised medicine stratifies care by genetic 

characteristics, tailoring disease diagnosis and treatment. Proponents suggest personalised 

medicine offers a new paradigm that will transform the way health care is delivered, with the 

potential to dampen increasing health expenditure [25]. In Australia, the government has 

recently invested AUS$25 million2 to ‘prepare Australia for the Genomics Revolution in 

Healthcare’ [26]. While evidence of such revolution is yet to be realised around the world 

[27], what cannot be questioned is the huge volume of individual-level observational data 

that increasing genome testing will deliver. 

Another more recent form of individual-level observational data is ‘big data’. Early use of 

the term is commonly ascribed to a magazine article in 1989 by Lawson, who wrote about an 

advertiser’s use of individual-level data to better target customers [28], but others have 

concluded the most likely origin was at Silicon Graphics in the 1990s [29]. Indeed some have 

noted that ‘big data’ is not even a new phenomenon, and that surveys such as the National 

Health and Nutrition Examination Survey have for many years collected large amounts of 

data across the population [30]. However, the obvious difference is that now data is being 

collected without an explicit purpose [30], but as a by-product of the digitization of a variety 

of transactions, including service delivery. What cannot be questioned is the sheer volume of 

                                                 
2 Note: only Australian dollars are referred to in this thesis. 
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data available in today’s electronic age, with digital data now constituting 94% of all data. In 

health economics, ‘big data’ offers a range of opportunities, such as more real-world, 

population-based evaluations to complement randomized control trials; enhancement of 

personalised medicine through economic evaluation at the individual level; and increased 

real-time monitoring of the spread of disease or medical errors [30]. In practice, the use of 

‘big data’ in health economics is still in its infancy, as noted in a recent Pharmacoeconomics 

‘big data’ special edition that was aimed precisely at spurring the use of large, complex data 

in health economics [31].   

Given the abundance of individual-level observational data in health economics, it is perhaps 

unsurprising that there are gaps, underutilization and inefficiency in the way we use this data. 

These instances where we do not make full use of the available data can stem from simply 

underestimating its potential to answer research questions. In other cases, it comes from 

measuring the data at the wrong time, or using methods to analyse it that don't fit the research 

question. In some cases, it stems from path dependency – doing what we have always done, 

and not updating our research methods on the back of new research and new data. There are 

systemic causes too, with few incentives for academics to share data, or to reanalyse existing 

information rather than seek new data [32]; as Clarke [32] notes: ‘…it’s often easier to obtain 

money from funding agencies to collect data than analyse it. Funding a new clinical trial 

sounds much more exciting than a reanalysis of existing data’. 

And in ‘big data’ times, underutilization can stem from simply having too much data for the 

finite number of researchers to investigate thoroughly. Of course, this is not confined to 

health economics. In 1997, Lesk noted that while we might be able to save data for literally 

all the information in the world, a typical piece of data would never be looked at by a human 

being [33]. His concluding comments highlight the need to make better use of the wealth of 

information we already possess: ‘…the challenge for the lawyers and economists is to 

arrange the payment structures so that we are encouraged to use the work of others rather 

than re-create it’. 
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1.3 Overarching aim  

This thesis aims to show how currently available individual-level observational data can be 

better utilised to contribute to improved decision-making in health practice and policy. I 

define observational data, as per Cochran [34] in 1965, as data stemming from studies in 

which: ‘it is not feasible to use controlled experiments, in the sense of being able to impose 

the procedures or treatments whose effects it is desired to discover, or to assign subjects at 

random to different procedures.’ Observational data is non-experimental data, and often 

collected for another purpose. ‘Individual-level’ is defined as having (at least) one record per 

individual unit. In health economics, the individual unit is most commonly the patient, but it 

can also refer to the provider (e.g. the general practitioner, the surgeon, or the hospital), the 

treatment or funding application, depending on the research question.  

At a high level, this thesis presents seven practical, published applications in health 

economics that take already-available, individual-level, observational data, and use them to 

add value to current decision-making in health practice and policy. A methodological chapter 

investigating the issue of multicollinearity in a ‘big data’ technique is also included. This 

thesis spans a broad range of observational individual-data types: registry data, cost data, 

longitudinal data, linked data and ‘big data’ (see Table 1(i)). Beneath the overarching goal 

of increasing the value of observational, individual-level data, there are three areas of 

applications that this thesis aims to make a specific contribution to: osteoarthritis and total 

knee replacement, and in particular the methods of economic evaluation of total knee 

replacement; congenital heart disease and models of care for Fontan recipients; and the use 

of ‘big data’ methods in health economics. Table 1(i) summarises the diverse range of data 

types and health-service applications contained within this thesis; I discuss each area in more 

detail in the following sections.  
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Table 1(i): Thesis structure and coverage  

Chapter Paper Registry Cost Longitudinal Linked Big 
data 

 Osteoarthritis and total knee replacement 
2 Patient-reported outcome 

measurements: getting the 
timing right 

X  X X  

3 Regression to the mean in 
osteoarthritis 

  X X  

4 Predicting the long-term 
gains in health-related 
quality of life after total knee 
arthroplasty 

X X X X  

Models of care in the Fontan congenital heart disease cohort 

5 The Fontan epidemic: 
projections of the Fontan 
population to 2045 

X     

6 Aspirin versus warfarin cost X X  X  

Big data classification and regression tree (CART) applications in health economics

7 Using classification and 
regression trees (CART) to 
identify prescribing 
thresholds for cardiovascular 
disease 

  X X X 

Health systems funding

8 Using CART to identify 
thresholds and hierarchies in 
the determinants of funding 
decisions 

 X  X X 

CART methods for health economics

9 Multicollinearity in CART     X 
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1.4 Chapters 2-4: Osteoarthritis and total knee replacement 

Chapters 2-4 present three publications that investigate osteoarthritis and total joint 

replacement. Total knee replacement (TKR) is presently considered an effective and cost-

effective procedure for treating patients with end-stage arthritis [35]. However, current 

economic evaluations of TKR typically use simplistic pre-post quasi-experimental designs, 

as ethical and practical difficulties with sham surgeries have limited RCTs [36, 37]. Health 

related Quality of Life (HrQoL) is measured at one or maybe two points in time 

postoperatively, and the analyst then interpolates between the pre- and postoperative values, 

and extrapolates from the final postoperative follow-up value to estimate the patient’s overall 

HrQoL trajectory after surgery. The methodological literature notes that when considering 

uncertainty, researchers need to consider not only sampling error, but the error associated 

with the interpolation assumptions [38, 39]. In practice, this is often overlooked even in 

economic evaluations based on just one postoperative measurement. Similarly, the timing of 

postoperative follow-up measurements can influence the accuracy of economic evaluation. 

As Devlin and Appleby [40] note: ‘inferring the benefit of treatment from just two 

observations of PROMs makes the timing of the second observation crucial. For example, 

collecting PROMs data six months after hip surgery might miss the time when patients first 

get back to their usual activities, as well as giving no real indication of the longer-term 

outcomes and durability.’ For the control trajectory, the pre-treatment score is assumed to 

remain constant in the absence of surgery. The Quality Adjusted Life Year (QALY) gain 

from TKR is then calculated as the area between the interpolated and extrapolated HrQoL 

utility curve after TKR and this hypothetical constant ‘without surgery’ utility.  

The first specific aim of this thesis is to provide improvements for economic evaluation 

methods for TKR in particular, and for pre-post quasi-experimental studies more generally. 

In chapter 2, I make use of the St. Vincent’s Melbourne Arthroplasty (SMART) registry to 

investigate the HrQoL trajectory of patients after TKR for a special cohort of patients with 

more follow-up measures than usual. Using a simulation exercise, I estimate the optimal 

timing point for measuring PROMs after surgery. Too early, and the gains from the surgery 

are yet to be fully realised; too late and the linear interpolation between the pre- and post-test 

scores will underestimate the true ‘area under the curve’ HrQoL gain from surgery. I show 
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that follow-up measurement at three months postoperatively provides the most accurate 

estimate of the QALY gain from surgery. More generally, I show that the timing of the post-

surgery measurement can significantly bias the cost-effectiveness results in pre-post study 

designs that are typically used in the economic evaluation of TKR, and highlight how a 

simple simulation exercise can be used to help optimise follow-up timing. 

In chapter 3 I move from the treated to the control, and analyse data from the OsteoArthritis 

Initiative (OAI) longitudinal observational cohort study to investigate the HrQoL trajectory 

of patients in the absence of TKR. Using a propensity-score matching approach, I find 

evidence of regression to the mean (RTM) where the matched patients who did not have 

surgery also experienced improvement. This suggests that patients can improve to some 

degree without surgery, and that current methods of economic evaluations that ignore this 

are prone to bias. I offer an approach and a correction factor to offset this.  

In chapter 4, I aim to make an applied contribution by investigating the preoperative patient 

attributes that predict long-term outcomes from TKR. While TKR has been proven to be cost-

effective on average, up to 30% of patients remain dissatisfied with their outcomes [41], 

indicating that outcomes can vary dramatically across individuals. Given the volumes of 

TKA (at over 1.5 million surgeries across the OECD each year), reducing inappropriate 

surgeries can have substantial patient and cost benefits. Using the SMART registry, I 

investigate the predictors of long-term cost-effectiveness of TKR, with the aim of identifying 

preoperative patient attributes that suggest TKR is unlikely to be cost-effective. I find that 

patients without severe radiographic osteoarthritis and associated poor HrQoL are unlikely 

to benefit from surgery. This is perhaps not surprising, but does reiterate the need to focus 

the treatment on those who will benefit the most from it – those with relatively poor HrQoL 

largely due to the physical issues associated with end-stage knee OA. 

Collectively, these three chapters use previously collected and available data to make three 

small contributions to osteoarthritis and joint replacement research: first, by advancing 

methods on the timing of PROMs collection; second, by highlighting bias associated with 

economic evaluation of observational data using pre-post study designs; and third by 
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understanding longer-term outcomes and drivers of appropriate patient selection for joint 

replacement.    

1.5 Chapters 5 and 6: Congenital heart disease and the Fontan procedure 

In chapters 5 and 6, I make use of another registry: the Fontan Registry of Australia and New 

Zealand. The Fontan Registry was created in 2011 after a grant enabled the retrospective 

collection of data on children who had a Fontan procedure as palliation for their congenital 

heart disease. The Fontan procedure was first introduced in 1971, and since then the chances 

of survival into adulthood have increased dramatically as a result of refinements and 

alterations to the procedure: the current extra-cardiac conduit (ECC) method is delivering 20-

year survival superior to 92% [42]. However, there have been no published projections of 

this increasingly long-living population due to the absence of appropriate data. The aim of 

chapter 5 is to utilise the Fontan Registry’s observational, individual-level data to inform 

stakeholders about the potential changes in the size and demographics of this patient cohort, 

so that models of care can be updated to meet the needs of this changing population. 

Parametric survival curves are estimated from the Registry’s survivorship data, and used as 

input into a specifically-developed microsimulation model of the Fontan cohort. The 

microsimulation model projects the living population of Fontan recipients out to 2040, and 

provides the first documented prediction of this increasingly long-living cohort. Importantly, 

it shows how models of care for this cohort will need to move from child and adolescent 

models of care, to adult models of care, as the average age of the population increases to over 

20 years of age.  

In chapter 6, data from the Fontan Registry is linked with cost data from the Royal Children's 

Hospital International Normalised Ratio (INR) database to provide a cost analysis of 

anticoagulation treatment with warfarin versus aspirin. Treatment with warfarin versus 

aspirin has long been a clinical debate: a randomized trial [43] was unable to confirm non-

inferiority of either treatment due to a lack of power [44]. Some studies have reported no 

clinical difference between aspirin and warfarin in reducing thromboembolic events [45-48], 

while others find that treatment with warfarin is associated with a lower risk of 

thromboembolic events post discharge [49]. The aim of this chapter is to estimate the cost 

implications of this uncertainty in optimal treatment. I show that warfarin has an additional 
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cost burden over aspirin of almost $1,000 per patient per year, and in doing so, highlight the 

potential value of new information (e.g. a randomized control trial) that can inform a decision 

on the relative effectiveness of aspirin versus warfarin. 

Collectively, these two chapters use the Fontan Registry to make contributions to the 

treatment of Fontan recipients: in chapter 5 by estimating the impact of survival on the long-

term population demographics of this patient cohort; and in chapter 6 by highlighting the 

clinically-unsupported disparities in treatment costs within the patient cohort.  

1.6 Chapters 7-9: Applications of ‘big data’ methods such as classification and 
regression trees (CART) to health economics: cardiovascular disease and GP 
prescribing patterns 

Chapters 7-9 present health economics applications of the Classification and Regression Tree 

(CART) ‘big data’ technique. These chapters show how new methods can help make old data 

sing. Digitalization has led to a remarkable growth in administrative and transactional data 

that requires extra software and hardware to analyse [50]. Along with the ‘big data’ has come 

the rise of ‘big data’ techniques and new ways to interrogate and analyse data. Indeed, ‘big 

data’ refers not only to large datasets, but the selection of tools and techniques used to analyse 

them [51]. Health economics, however, has been slow to adopt such techniques. The aim of 

these chapters is to improve understanding of how, why and when classification and 

regression trees (CART) can be useful in diverse health economics applications. 

CART is a recursive partitioning ‘big data’ technique that splits observations into 

increasingly homogenous ‘nodes’ corresponding to each class of interest [52]. It then repeats 

this process again and again for each node, creating an inverted tree structure. There are 

distinct strengths of CART that make it particularly applicable to analysing complex medical 

decision-making processes [53]. First, the hierarchical structure of CART models is often 

more intuitive than traditional regression models, because it mimics the heuristics of decision 

making [54]. Second, CART affords the data greater freedom to inform the model structure 

[55]. Regression models impose a model structure which is often refined by comparing across 

a limited number of possible specifications. If the model structure is true, imposing it 

improves the statistical power of the analysis. But if the model structure is false, then the 
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results may be biased or suggest an undue level of certainty, i.e. produce standard errors that 

are too small [56]. By contrast, CART performs an exhaustive search over all possible cut-

points and predictors [57]. The precise form of the relationship between a predictor and 

outcome is not constrained by linearity and/or the inclusion/exclusion of higher order terms. 

As a result, CART can outperform standard regression models when predicting outcomes in 

the presence of non-linear relationships and thresholds [57] that are common in health. It is 

this strength that has seen CART used in a variety of prognostic analyses to identify risk 

thresholds for in-hospital mortality [58], vertebral fractures [59] and cirrhosis [60]. 

In chapter 7, I analyse the prescribing practices of Australian general practitioners (GPs) in 

treating patients with cardiovascular disease. This application makes use of the AusHeart 

study, with individual-level data on the prescribing practices of 322 GPs across 5,293 patients 

during 2008 [61]. A range of guidelines exist to help GPs decide on appropriate treatment of 

patients at risk of cardiovascular disease, but previous work had showed a high rate of non-

compliance with these guidelines [62]. Little was known, however, about the decision 

processes of GPs in the absence of following guidelines. I use CART to conduct an analysis 

of GP prescribing behaviours. The hierarchical and non-linear structure of the CART model 

provided a novel technique for better understanding GP prescribing behaviours. Previous 

work had uncovered evidence-practice gaps in prescribing for cardiovascular disease [61], 

but the CART analysis goes further by uncovering what information GPs are actually using 

in their prescribing decisions. In particular, I find that individual risk factors rather than an 

absolute risk score were the predominant drivers of GP prescribing. In addition, I find that a 

range of hierarchies exist in the decision-making, where socio-demographic factors and some 

individual risk factors only become relevant for patients with a particular profile of other risk 

factors.  

In chapter 8, CART is used to analyse healthcare funding decisions in Australia. Previous 

literature had shown cost-effectiveness was a predictor of funding, with less cost-effective 

interventions less likely to be funded [63]. However, the previous work had used standard 

logistic regression, with powered terms, to try to understand the relationship between 

intervention attributes and its likely funding. I re-analyse earlier work using the CART 

technique which is better suited to the non-linear and hierarchical nature of funding decision-
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making. I uncovered hierarchies where interventions were grouped according to their type 

and objective. Cost-effectiveness thresholds varied markedly depending on which group the 

intervention belonged to: lifestyle-type interventions with a prevention objective needed to 

be close to cost saving or dominant in order to be funded. For lifestyle-type interventions 

with a treatment objective, the threshold was much more in line with the much-quoted 

$50,000/QALY at $37,024. Most importantly, the CART models provide additional insights 

regarding the role of the funding environment and the structure of decision-maker 

preferences. 

Finally, chapter 9 is an as yet unpublished methodological contribution that seeks to help 

researchers completing and reviewing analysis using CART methods understand how typical 

issues in linear regression manifest in CART analysis. In particular, I consider how 

multicollinearity affects CART analyses. While the impact of multicollinearity on standard 

regression models is well established, the implications for a CART model are less well 

understood. In this chapter, a simulated example is provided that analyses CART results in a 

synthetic dataset with multicollinearity.   

1.7 Thesis structure 

The thesis proceeds with each of the seven published articles as chapters 2-8, with the ‘in 

print’ versions of the manuscripts provided in the appendix. Across the chapters, a wide 

variety of methods are used, including survival analysis, multivariate regression, economic 

evaluation, propensity score matching, microsimulation, and the CART ‘big-data’ technique, 

across a range of divergent real-world applications (Table 2). Chapter 9 is the as yet 

unpublished additional methods chapter detailing how multicollinearity affects CART 

analyses. Finally, the thesis concludes with a summary of work to date, and a discussion of 

the implications of the findings and the opportunities to increase the value from already-

available data. 
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Table 2: Thesis methods  

Chapter Paper Survival 
analysis 

Econ 
eval. 

Micro 
sim. 

Regress
-ion 

CART Match 
-ing 

Osteoarthritis and total knee replacement 

2 Patient-reported 
outcome measurements: 
getting the timing right 

 X X    

3 Regression to the mean 
in osteoarthritis  X    X 

4 Predicting the long-term 
gains in health-related 
quality of life after total 
knee arthroplasty 

 X  X   

Models of care in the Fontan congenital heart disease cohort 

5 The Fontan epidemic: 
projections of the Fontan 
population to 2045 

X  X    

6 Aspirin versus warfarin 
cost  X     

Big data classification and regression tree (CART) applications in health economics 

7 Using classification and 
regression trees (CART) 
to identify prescribing 
thresholds for 
cardiovascular disease 

    X  

Health systems funding 

8 Using CART to identify 
thresholds and 
hierarchies in the 
determinants of funding 
decisions 

    X  

CART methods for health economics 

9 Multicollinearity in CART     X  
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Figures 

Figure 1: Studies using Australia’s Pharmaceutical Benefits Scheme data 

 
Number of publications (cumulative) according to analytical approach. Reproduced from Pearson et al. 
(2015) [18]. 
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Figure 2: Typical current methods of economic evaluation for total knee replacement 

 
Typical current methods of economic evaluation for total knee replacement use a pre-post study design, 
interpolate between these points. In chapter 2, I investigate the optimal timing of the post-treatment 
measurement to eliminate bias. In chapter 3, I investigate if the pre-treatment QOL score is an 
appropriate control for total knee replacement by estimating the trajectory of patients who do not have 
surgery. In chapter 4, I investigate the patient attributes that predict the QALY gain from surgery.  

  

QOL

TIMEPre-treatment Post-treatment

QALY gain

Chapter 2: When is optimal time for post-treatment measurement?

Chapter 3: What does the ‘no treatment’ trajectory look like?

Chapter 4: What 
patient attributes 
predict QALY gain?
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PART 1: Chapters 2-4: Osteoarthritis 
Table 1(ii): Chapters 2-4: Osteoarthritis 

Chapter Paper Registry Cost Longitudinal Linked Big 
data 

 Osteoarthritis and total knee replacement 
2 Patient-reported outcome 

measurements: getting the 
timing right 

X  X X  

3 Regression to the mean in 
osteoarthritis 

  X X  

4 Predicting the long-term 
gains in health-related 
quality of life after total 
knee arthroplasty 

X X X X  

Models of care in the Fontan congenital heart disease cohort 

5 The Fontan epidemic: 
projections of the Fontan 
population to 2045 

X     

6 Aspirin versus warfarin cost X X  X  

Big data classification and regression tree (CART) applications in health economics

7 Using classification and 
regression trees (CART) to 
identify prescribing 
thresholds for cardiovascular 
disease 

  X X X 

Health systems funding

8 Using CART to identify 
thresholds and hierarchies in 
the determinants of funding 
decisions 

 X  X X 

CART methods for health economics

9 Multicollinearity in CART     X 

 

  



39 
 
 
Chapter 2: Using patient-reported outcomes for economic 
evaluation: getting the timing right  

Published in Value in Health (July 2016) with Michelle M. Dowsey, PhD, Philip M. Clarke, 

PhD and Peter F. Choong, MBBS, MD, FRACS 

Abstract 

Background 

Patient-reported outcome measures (PROMs) are becoming increasingly popular in 

orthopaedic surgery. Pre- and postoperative follow-up often elicit PROMs in the form of 

generic quality of life instruments (e.g. SF-12) that can be used in economic evaluation to 

estimate the Quality Adjusted Life Years (QALY). However, the timing of postoperative 

measurement is still under debate.  

Purpose 

We explore the timing of postoperative PROMs collection and the implications for bias in 

QALY estimation for economic evaluation.  

Methods 

We compared the accuracy of QALY estimation based on utilities derived from the SF-12 at 

one of six weeks, three months, six months and 12 months after total knee arthroplasty, under 

different methods of interpolation between points. Five years of follow-up data were 

extracted from the St. Vincent’s Melbourne Arthroplasty Outcomes (SMART) registry (n = 

484). The SMART registry collects follow-up PROMs annually and obtained more frequent 

outcomes on subset of patients (n = 133).  

Results 

Postoperative PROM collection at six weeks, six or 12 months biased the estimation of 

QALY gain from TKA by -41% (95% CI -59%: -22%), 18% (CI 4%: 32%) and -8% (CI -

18%: -2%) respectively. This bias was minimized by collecting PROMs at three months 

postoperatively (6% error; CI -9%: 21%).  
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Conclusion 

The timing of PROM collection and the interpolation assumptions between measurements 

can bias economic evaluation. In the case of TKA, we recommend a postoperative 

measurement at three months with linear interpolation between pre-  and postoperative 

measures. The design of economic evaluations should consider timing and interpolation 

issues.  

2.1 Introduction 

Patient-reported outcome measures (PROMs) are advocated by a growing range of authors 

to help measure the value and quality of orthopaedic surgery [1, 3, 17, 26]. Rolfson and 

Malchau [26] suggest: ‘the debate is not primarily why or if we should measure PROMs, but 

rather how, when and what to measure, and how to interpret the results.’ While the literature 

is increasingly investigating the what [6, 11] and how [16, 27], there is less discussion of 

when to efficiently measure PROMs. This is perhaps because clinical outcomes are generally 

evaluated at a point in time after the patient outcome has stabilized, with the arthroplasty 

deemed a success if the change in outcome is greater than some minimum important 

difference [19, 26]. However, PROMs can also be used for economic evaluation [12]. 

Generic instruments such as the SF-12 and SF-36 measure health-related quality of life 

(HrQoL), which can be valued using the SF-6D to estimate Quality Adjusted Life Years 

(QALYs) for economic evaluation. QALYs weight any improvement in HrQoL by duration, 

and thus measure outcomes over time rather than at a single point in time. When PROMs are 

observed is therefore particularly important for economic evaluation.  

To calculate QALY gains from arthroplasty, health economists will use the HrQoL scores 

recorded at discrete times to estimate a continuous HrQoL curve. Assumptions are required 

about how the patient’s HrQoL varies between follow-up measurements and in to the future 

after the final follow-up measurement [4, 15]. Such assumptions could bias cost-utility 

analysis. The methodological literature notes that when considering uncertainty, researchers 

need to consider not only sampling error, but the error associated with the interpolation 

assumptions [4, 15]. In practice, HrQoL curves can be based on as little as two measurements. 

Jenkins et al. [21], for example, use one preoperative and one postoperative measurement to 
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evaluate the cost-utility of total hip and knee replacement. As Devlin and Appleby [12] note: 

‘inferring the benefit of treatment from just two observations of PROMs makes the timing of 

the second observation crucial. For example, collecting PROMs data six months after hip 

surgery might miss the time when patients first get back to their usual activities, as well as 

giving no real indication of the longer-term outcomes and durability.’  

As the use of PROMs for economic evaluation increases, it is paramount that they are 

collected in a manner that maximizes the information that can be derived from them [10]. 

This paper examines the timing of PROMs data for economic evaluation. Specifically, we 

aim to show how the timing of HrQoL measurement can lead to significant bias in QALY 

estimation, and to highlight how this bias can be reduced by repositioning follow-up 

measurement. We investigate this issue using the example of total knee arthroplasty (TKA).  

2.2 Materials and Methods 

2.2.1 Data collection 

Data for this study was derived from the St. Vincent’s Melbourne Arthroplasty Outcomes 

(SMART) Registry which collects clinical and PROMs data in all patients who undergo 

elective lower limb arthroplasty at the institution. Baseline data is prospectively collected 

and includes patient demographics, diagnoses, and self-reported co-morbidities. Follow-up 

captures an extensive range of outcomes, including surgery and prosthesis related variables. 

Patients complete a condition-specific questionnaire and general health questionnaire (SF-

12) [29] within 12 weeks prior to surgery and annually postoperatively. The SF-12 and its 

longer form the SF-36 are recognized tools that are used widely for economic evaluation of 

TKA (see, for example, Fordham et al. [13], Liebs et al. [23] and Losina et al. [24]), and are 

widely recorded in arthroplasty registries around the world [14]. A systematic review by 

Jones and Pohar [22] into HrQoL after orthopaedic surgery confirmed the use and construct 

validity of the SF-12 for economic evaluation of TKA. Data entry and questionnaire follow-

up is completed by a dedicated Registry Coordinator.  Mortality data is checked against data 

from the Registrars of Births, Deaths and Marriages via the Australian Orthopaedic 

Association (AOA) National Joint Replacement Registry [2]. The SMART Registry has been 
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approved by the Human Research Ethics Committee of St. Vincent’s Hospital Melbourne, 

(HREC-A 100/14) and informed consent is obtained prior to entry onto the Registry. 

2.2.2 Data 

Preoperative and annual postoperative SF-12 scores out to five years were available in 484 

patients who underwent primary elective TKA between January 2006 and December 2007. 

Within the same time-frame additional SF-12 scores were collected in a subset of patients 

(n=133) at six weeks, three and six months post-surgery. These additional follow-ups 

provided measured data to more accurately describe the HrQoL path after surgery. This was 

used to test the accuracy of QALY gains estimated using just one follow-up point at 12 

months. They were available because of an otherwise unassociated randomized control trial 

conducted at the site. Selection into the trial was based on allocation to participating surgeons 

and use of a standard prosthesis type routinely used at the site [8]. The prosthesis offered no 

improvement in outcomes relative to other prostheses used at the site [18]. We tested for 

differences in the characteristics of patients in the subset and the full cohort.   

2.2.3 QALY estimation 

Results from the SF-12 assessments at each measurement point were converted into utility 

scores using the established Brazier algorithm [5]. An average utility curve, which measures 

the mean HrQoL trajectory for the given cohort, is derived by interpolating between the 

follow-up measurement points, and extrapolating to five years. The QALY gains from 

surgery were then calculated as the ‘area under the curve’ between the estimated average 

utility curve and the baseline set at the average preoperative utility score. QALY gains after 

one year post surgery were discounted at 3% per annum [28]. 

2.2.4 Generalizing findings 

Bootstrapping was performed to account for potential variation between the true population 

average utility curves and the sample average utility curve calculated from the SMART 

registry data. This involved calculating 1,000 average utility curves by sampling at the 

individual level, and calculating 95% confidence intervals on the bootstrapped results. We 

employed non-parametric bootstrapping specifically to evaluate the statistical significance of 

the population bias within the subset and the full cohort.  
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2.2.5 Interpolation methods  

Two typical methods for interpolation between measurement points were used based on 

available TKA literature [13, 21] and wider methodological cost-effectiveness literature [4, 

15]: 

1. Linear: assume the trajectory between any two HrQoL measurement points is linear 

(Figure 1(a))   

2. Immediate: assume the HrQoL measurement applies constantly to the time period 

prior to the measurement point e.g. the HrQoL score measured at one-year follow-up 

is assumed to have accrued immediately after surgery (Figure 1(b)) 

Figure 1 shows how each interpolation method would apply to the same set of HrQoL points. 

The QALY gain measured by each method is the shaded ‘area under the curve’ shaded. It 

varies dramatically depending on the interpolation method.  

2.2.6 Extrapolation methods 

In addition to interpolation between measurement points, extrapolation assumptions may also 

be required to estimate HrQoL into the future if the follow-up measurements do not 

sufficiently cover the intended study time-horizon. In arthroplasty, this extrapolation is 

usually relatively simplistic: the final follow-up measurement will be carried forward into 

the future (e.g. see Jenkins et al. [21]), sometimes known as last-observation-carried-forward 

extrapolation [25]. A combination of approaches can be used within the same evaluation: 

linear or immediate interpolation between measurement points, and last-observation-carried-

forward extrapolation for outcomes past the follow-up period.  

2.2.7 Scenario analysis 

We completed an investigation of the accuracy of the five-year QALY gain from TKA under 

different follow-up timing schedules and interpolation assumptions. First, we calculated the 

‘true’ QALY gain from TKA using all of the HrQoL measurements at six weeks, three 

months, six months, one year, two years, three years, four years and five years with linear 

interpolation between measurement points. This provided the base case on which to evaluate 

potential bias. We then tested the accuracy of QALY estimation using a single postoperative 
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PROM recorded at one of six weeks, three months, six months, or 12 months. We tested 

linear versus immediate interpolation for the interpolating between the preoperative and 

postoperative PROM, to evaluate if one particular method provided a more accurate result. 

Last-observation-carried-forward extrapolation was used to estimate HrQoL from the timing 

of the PROM to the end of the five-year evaluation period. We then repeated the analysis 

with two rather than one postoperative measurements, adding a further measurement at 12 

months (for the six-week, three-month and six-month initial postoperative measurement) and 

at 24 months for the 12-month initial postoperative measurement (Table 1).   

2.3 Results 

2.3.1 Differences between the subset and the full cohort 

There were minor differences between the subset and full cohort in BMI and length of stay, 

but no significant differences in aetiology (over 93% osteoarthritis in both groups) or other 

patient or surgery characteristics (Table 2). 

2.3.2 ‘True’ QALY gain from TKA 

Average preoperative utility score was 0.57 (95% confidence interval (CI) 0.56: 0.58). 

Average postoperative utility rises quickly to three months before peaking at a utility score 

of 0.73 (CI 0.71: 0.76) at six months, and levelling off to 0.70 (CI 0.69: 0.71) at five years 

post-surgery (Figure 2). The ‘true’ discounted five-year QALY gain from TKA was 0.62 (CI 

0.57: 0.66) QALYs.  

2.3.3 QALY estimation using one postoperative PROM 

Using linear interpolation and a postoperative measurement at six weeks, the estimate of the 

QALY gains was 0.36 (CI 0.25: 0.48), for an error of -41% relative to the true QALY gains. 

When the postoperative measurement was at three, six and 12 months, the estimated QALY 

gains were 0.65 (CI 0.56: 76), 0.73 (CI: 0.64: 83) and 0.57 (CI: 0.53: 0.61), and the errors 

were 5%, 18% and -8% respectively. Figure 3 shows how the error in QALY estimation 

varied depending on the timing of the postoperative PROM when using linear interpolation.  
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When using immediate interpolation and a postoperative measurement at six weeks, the 

estimate of the QALY gains was 0.37 (CI 0.25: 0.49), for an error of -40% relative to the true 

QALY gains. When the postoperative measurement was at three, six and 12 months, the 

estimated QALY gains were 0.67 (CI 0.58: 78), 0.77 (CI: 0.68: 88) and 0.64 (CI: 0.59: 0.69).  

Error was minimized under both interpolation methods with a PROM collection at three 

months post-surgery (Figure 4). Postoperative measurement at six months also overestimated 

QALY gains under both interpolation methods. The inclusion of a second postoperative 

measurement at 12 months reduces the error significantly to -3%, 1% and 0% for initial 

preoperative measurements at six weeks, three months and six months respectively. The 

inclusion of a second measurement at 24 months when the initial preoperative measurement 

is at 12 months does not significantly reduce error.  

2.4 Discussion 

2.4.1 Key results 

This research investigated if the timing of PROMs measurement can bias economic 

evaluations of TKA. We used a representative subset of registry patients who had follow-up 

measurements at six weeks, three months, six months and annually to five years 

postoperatively to estimate the ‘true’ QALY gain from TKA. We compared this to QALY 

gains estimated using a PROM at some point in the first 12 months with alternative 

interpolation and extrapolation assumptions. Our analysis showed that HrQoL after TKA 

increases rapidly for the first three-months before peaking at six months and stabilizing at a 

long-term HrQoL level approximately equal to the three-month point. This meant that linear 

interpolation was most accurate when the PROM measurement was at three months (Figure 

3(b)). Measuring at six months underestimated the HrQoL gains prior to the six months, but 

overestimated the gains post six months (Figure 3(c)), because it assumed that the peak 

measured at six months continued on into the future, when the measured trajectory showed 

a slight deterioration in HrQoL between six and 12 months. Measuring PROMs at 12 months 

provided a more realistic appraisal of the longer-term HrQoL level out to year five, but 

missed some of the initial gains accrued in the first 12 months postoperatively (Figure 3(d)). 
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When a second measurement point at 12 months was added, the error in QALY estimation 

was virtually eliminated. 

2.4.2 Implications 

In the United Kingdom, PROMs are routinely collected for knee and hip arthroplasty six 

months after surgery [20]. Our results suggest that for TKA this is likely to be the peak post-

surgery HrQoL, and therefore could overestimate the gains from arthroplasty. To reduce this 

bias, our results support measuring at three months. The bias can be further minimized by 

having two postoperative measures: one within the first six months, and one at 12 months 

postoperatively. The value of a second postoperative measure in reducing wrong decisions, 

versus the cost of the additional collection, could be evaluated within a value of information 

(VOI) framework [9]. More generally, this paper emphasises the need to evaluate the 

additional information gained from an extra measurement versus the additional costs in 

collecting it.  

Our findings also have more general implications for economic evaluations, trials and 

registries. Many economic evaluations in the literature [13, 21], and the registries on which 

they are based, do not contain a follow-up measurement within the first six months. Our 

analysis suggests that such study designs are susceptible to bias that could compromise 

economic evaluations. It is typically assumed that all QALYs are equal, i.e. a QALY is a 

QALY is a QALY [30, 31], yet we have shown that the interpolation and follow-up 

assumptions can significantly bias the estimated QALY gains from arthroplasty. Where cost-

effectiveness is explicitly used in funding determinations, a lack of clear guidelines on 

interpolation and follow-up timing could allow manipulation of cost-effectiveness ratios. We 

suggest some form of standardization. We also suggest that evaluation of uncertainty include 

interpolation as well as the more traditional sampling issues. 

2.4.2 Limitations and generalizability 

The relatively small sample size of the subset of measurements at six weeks, three and six 

months limited the analysis. Different average utility curves could change the key 

conclusions of our analysis, and the generalizability of our findings depends on the extent to 

which our sample data are representative of the wider TKA population. To evaluate this, we 
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used bootstrapping methods to estimate a range of average utility curves, and calculated 

confidence intervals that showed how our results vary with different underlying samples. 

Figure 4 showed relatively large confidence intervals for six week, three month and six month 

due to the smaller sample at these time points, yet for measurement at all bar three months, 

significant bias was uncovered. We note there are many other sources of uncertainty (for 

example, a different population base, surgical methods or hospital care programs, type of 

instruments used) that may mean our estimated average utility curves are not representative 

of those in other populations, even after bootstrapping. For example, a systematic review 

showed some evidence that the Oxford Hip or Knee Score improves between six and 12 

months [7], which if translated into a subsequent improvement in HrQoL, would suggest a 

different average utility curve and optimal timing for PROMs. Similarly, there may also be 

issues of generalizability across HrQoL instruments. For example, the SF-12 and SF-36 have 

a time period to their analysis, instructing respondents to consider the last 4 weeks prior to 

the survey, while the EQ-5D has no such focus, and this could impact on the HrQoL scores. 

Such variation in average utility curves suggests that the added accuracy of two postoperative 

measurements rather than one, may be preferable when standardizing methods across diverse 

populations.  

Finally, we evaluated the bias in QALY estimation over five years and considered TKA 

recipients for that we had complete follow-up, however economic evaluation of TKA should 

consider longer-term outcomes until death. Measurements at six weeks (six months) under 

(over) estimated the longer-term average utility curve and would therefore be expected to 

deliver poorer accuracy over a longer period of evaluation. Similarly, considering those that 

did not have full five-year follow-up due to death (n = 61) would be likely to lower the 

trajectory of the average utility curve. There were no significant differences to our 

conclusions when this was considered in a subsequent analysis (see Appendix 1). 

2.5 Conclusion 

PROMs can be used in economic evaluation to help measure the value and quality of 

orthopaedic surgery. However, we find that the timing of PROMs collection and interpolation 

assumptions between measurements can significantly bias economic evaluation. Some form 
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of standardization should be considered. In the case of TKA, we recommend two 

postoperative measures: one within the first six months, and one at 12 months, with linear 

interpolation between measurements. When only a single postoperative measurement is 

available, we recommend a measurement at three months. We note that further research needs 

to be conducted to ensure that the ‘when’ for the timing of PROMs collection is robust for 

the given population and target measure, as the optimal timing for economic evaluation may 

not be the optimal timing for clinical evaluation. In the interim, interpolation and timing 

issues should be explicitly considered in uncertainty analysis. 
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Figures 

Figure 1: Linear and immediate interpolation 

1(a)      1(b) 

        

  
QALY estimation under different interpolation methods.  
1(a): Linear interpolation between PROMs 
1(b): immediate interpolation between PROMs.  
Shaded area shows estimated QALY gain. 

Figure 2: Average utility curve after TKA 

 

Mean (average) HrQoL utility scores at each follow-up measurement. Error bars show 95% confidence 
intervals for the mean. 
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Figure 3: How the timing of a postoperative PROM affects QALY estimation 

 

3(a)     3(b) 

 

   

3(c)     3(d) 

   

(3(a)) PROM at six weeks; (3(b)) PROM at three months; (3(c)) PROM at six months; (3(d)) PROM at 12 
months. Shaded area represents QALY estimates. 
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Figure 4: Error in QALY estimation by timing of PROM collection 

 

Error in QALY estimation relative to reference scenario under linear and immediate interpolation with 
one postoperative PROM, and under linear interpolation with two postoperative PROMs. Error bars 
show non-parametric 95% confidence intervals from 1,000 bootstrapped samples. 
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Tables 

Table 1: Scenario descriptions 

Scenario Interpolation method Timing of postoperative PROM(s) 

Reference Linear 6wk, 3mth, 6mth, 1yr, 2yr, 3yr, 4yr, 5yr 

1 Linear 6wk 

2 Linear 3mth 

3 Linear 6mth 

4 Linear 12mth 

5 Immediate 6wk 

6 Immediate 3mth 

7 Immediate 6mth 

8 Immediate 12mth 

9 Linear 6wk, 12mth 

10 Linear 3mth, 12mth 

11 Linear 6mth, 12mth 

12 Linear 12mth, 24mth 

All scenarios use last-point-carried forward extrapolation to five years.
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Table 2: Patient characteristics 

Characteristic Subset Full cohort Test stat 

Observations 133 484  

Preoperative quality of life 0.579±0.104 0.570±0.093 0.376 

Age at surgery 68.9±8.5 70.0±8.4 0.140 

BMI (kg/m2) 31.0±6.1 32.3±5.9 0.034 

Osteoarthritis aetiology 124 (93%) 453 (94%) 0.506 

Age-adjusted Charlson Comorbidity Index   0.893 

   0 73 (55%) 255 (53%)  

   1 44 (33%) 153 (32%)  

   2 12 (9%) 60 (12%)  

   3 4 (3%) 14 (3%)  

   4 0 (0%) 2 (0%)  

Length of stay (days) 5.0±1.7 5.5±2.0 0.020 

Discharged on time 116 (87%) 398 (82%) 0.303 

Complications during surgery 20 (15%) 92 (19%) 0.323 

Results show mean ± standard deviation for continuous variables; counts for discrete variables. 
Test statistic reports p value of t test of equal means for continuous variables; Fisher’s exact test of 
contingency for discrete variables.  
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Appendix 1 

Error in QALY estimation is not significantly different with the inclusion of censored 

‘death’ patients (Figure 5). 

Figure 5: Sensitivity analysis: the impact of the inclusion of censored patients on the 
main results 

 

 
Error in QALY estimation to relative reference scenario under main analysis and analysis with the 
inclusion of censored patients. Error bars show non-parametric 95% confidence intervals from 1,000 
bootstrapped samples. 
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Chapter 3: The impact of regression to the mean on economic 
evaluation in quasi-experimental pre-post studies: the 
example of total knee replacement using data from the 
Osteoarthritis Initiative 

Published in Health Economics (December 2016) with Dennis J. Petrie, PhD, Michelle 
M. Dowsey, PhD, Peter F. Choong, PhD and Philip M. Clarke, PhD 
 

Abstract 

Introduction 

Many treatments are evaluated using quasi-experimental pre-post studies susceptible to 

regression to the mean (RTM). Ignoring RTM could bias the economic evaluation. We 

investigated this issue using the contemporary example of total knee replacement (TKR), 

a common treatment for end-stage osteoarthritis of the knee.  

Methods 

Data (n= 4,796) were obtained from the Osteoarthritis Initiative database, a longitudinal 

observational study of osteoarthritis. TKR patients (n=184) were matched to non-TKR 

patients, using propensity score matching on the predicted hazard of TKR, and exact 

matching on osteoarthritis severity and health-related quality of life (HrQoL). The 

economic evaluation using the matched control group was compared to the standard 

method of using the pre-surgery score as the control.   

Results 

Matched controls were identified for 56% of the primary TKRs. The matched control 

HrQoL trajectory showed evidence of RTM accounting for a third of the estimated QALY 

gains from surgery using the pre-surgery HrQoL as the control. Incorporating RTM into 

the economic evaluation significantly reduced the estimated cost-effectiveness of TKR 

and increased the uncertainty. A generalized ICER bias correction factor was derived to 

account for RTM in cost-effectiveness analysis. 
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Conclusion 

RTM should be considered in economic evaluations based on quasi-experimental pre-

post studies.   

3.1 Introduction 

Identifying patients for treatment on the basis of a relatively poor health score is common 

practice in health care [25]. However, health symptoms can fluctuate over time and one-

off measurements can be prone to error. On average, patients identified by poor scores 

improve upon re-measurement, even in the absence of treatment [25, 3]. This concept is 

known as regression to the mean (RTM), first documented in 1886 by Francis Galton who 

noticed that children from taller than average parents were typically shorter than their 

parents, while children from shorter than average parents were typically taller [14]. 

Milton Friedman has lamented the economics profession for ignoring biases driven by 

RTM [13]. 

Pre-post quasi-experimental studies are particularly susceptible to RTM due to the 

difficulties in establishing appropriate controls [15, 10]. Where randomized control trials 

(RCTs) explicitly measure control groups and therefore account for RTM in the 

calculation of the treatment effect (placebo responses include RTM [31]), pre-post studies 

typically use the pre-treatment score as the control [18]. Economic evaluations based on 

these studies are therefore susceptible to bias from RTM, yet there has been little 

empirical research into the implications of RTM on cost-effectiveness analysis. To date, 

studies have explained RTM and provided approaches to identify it [3], quantified RTM 

in simulated datasets [25], and briefly discussed its impact on decision-making in health 

[31], but none have estimated the bias in incremental cost-effectiveness ratios caused by 

RTM in pre-post studies.   

In this paper, we investigate this issue using the contemporary example of total knee 

replacement (TKR), a common treatment for end-stage osteoarthritis (OA) performed 

over 1.5 million times each year across OECD countries3 [36]. Economic evaluations of 

TKR are typically based on pre-post study designs (see, for example, Waimann et al. [43], 

Jenkins et al. [20], Schilling et al. [41] or Dakin et al. [9]). These studies have shown that 

                                                 
3 Author calculations from OECD knee replacement surgery rates per 100,000 inhabitants from the 
OECD’s Health at a Glance 2015 [4] and OECD population rates.  
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TKR improves health-related quality of life (HrQoL) relative to the preoperative score, 

yet surprisingly little is known about the trajectory of patients should they not have 

surgery. While OA is typically thought of as a degenerative disease, recent longitudinal 

studies have revealed, on average, stable or improved physical function, and the presence 

of RTM [7, 45, 37].  

We used a longitudinal observational dataset of almost 5,000 OA patients, some of whom 

received TKR, to estimate a ‘without surgery’ control group for TKR using an exact and 

propensity score matching analysis. We traced the HrQoL trajectory of the matched 

control group to empirically estimate the prevalence of RTM in this cohort, and assessed 

the implications of RTM on the cost-effectiveness of TKR. We then calculated a general 

RTM bias correction factor for economic evaluations based on pre-post studies because 

the ramifications of our findings are applicable to many common treatments that are 

evaluated using study designs susceptible to RTM. To aid the reader, section 3.2 provides 

a background into the current methods of economic evaluations of TKR, how RTM can 

be estimated, and the derivation of the RTM bias correction factor, before proceeding as 

normal with Methods, Results and Discussion sections.    

3.2 Background 

3.2.1 Current methods of economic evaluation of TKR 

Economic evaluation of TKR is challenging. Ethical and practical difficulties with sham 

surgeries have limited RCTs [28, 30]. Joint replacement registries have been used 

successfully to identify the techniques and prostheses that deliver better outcomes [16], 

but typically do not capture data on patients who do not have surgery. Researchers have 

analysed waiting times to investigate how outcomes vary as a result of the timing of 

surgery, however such research has not provided a comprehensive picture of the HrQoL 

trajectory in the absence of surgery (see, for example, Ostendorf et al. [38], or Nikolova 

et al. [35]). Economic evaluations of TKR are therefore typically one-group pretest-

posttest designs [18], that use the patient’s preoperative HrQoL utility score as the control 

(see, for example, recent studies by Jenkins et al. [20], Dakin et al. [9], Schilling et al. 

[41] or Losina et al. [26]). The Quality Adjusted Life Year (QALY) gain from TKR is 

then calculated as the area between the actual HrQoL utility curve after TKR and this 

hypothetical constant ‘without surgery’ utility. Such an assumption for the control could 
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significantly bias economic evaluations. While the HrQoL trajectory of OA patients is 

still under considerable debate [7], significant deterioration in pain and functional 

outcomes has been clearly observed in end-stage OA patients in the period immediately 

preceding the surgery [7, 39]. Assuming a constant ‘without surgery’ control at 

preoperative levels ignores the prior trend of deterioration, possibly underestimating the 

‘area between the curves’ that represent the QALY gain from TKR [9]. Alternatively, the 

presence of RTM could mean that patients identified for treatment by their relatively poor 

health state could experience improved outcomes upon future re-measurement even 

without treatment [25]. This would result in the current practice overestimating the true 

QALY gains from TKR.  

3.2.2 Regression to the mean 

RTM is sometimes considered a statistical concept [3], because it highlights the 

implications of random fluctuations in patient outcomes, but there are ‘real’ reasons why 

those fluctuations occur, such as the episodic nature of a disease, patient adaptation, 

variability with self-reported measurements, or simple randomness. These fluctuations 

should not be attributed to the treatment itself. The impact of RTM can be estimated by 

having or deriving an explicit control group for the treated and tracking their improvement 

over time, or where no potential control group is available, by using a formula derived in 

the literature based on assumptions about the data generating process and the cut-off used 

to decide on treatment. From Barnett et al. [3], the formula for calculating expected RTM 

in simple normally distributed repeated measured data is given by: 

=     ( )   (1) 

=  (1 −  ) ( ), −1 ≤   ≤ 1 

Where the total variance of the outcome in period t is given by =  + , the 

within-subject variance is given by = (1 − ) , the between subject variance is 

given by =  ,  is the correlation between outcomes across time (a measure of the 

persistence of outcomes over time at the individual level), and ( ) =  ∅( )/ℵ( ) where = ( − )/  if the selection for treatment occurs when the individual’s score is less 

than the cut-off c. ∅( ) and ℵ( ) are the standard normal probability density and 

cumulative distribution functions respectively. This formula shows that higher levels of 
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RTM is expected when the cut-off is more extreme (those within the selected treatment 

group are more likely to have been at an extreme outcome prior to treatment) and when 

there is little persistence in individual outcomes over time (individuals currently at 

extreme outcomes are expected to quickly return to the mean).  

While the above formula has been shown to accurately estimate RTM in a simulated 

example for a simple data generating process, the results can be sensitive to the 

assumptions made [25]. In practice, the decision to treat is often based on more than one 

variable, may be assessed at multiple points in time and may also be based on recent 

changes in outcomes rather than the current outcome level. In addition, as in the case of 

TKR, there may be an expectation of continued decline in health in the absence of 

treatment which may be heterogeneous across individuals. In these instances, using a 

comparable control group can provide a more compelling view of the HrQoL trajectory 

in the absence of treatment and the presence of any RTM. The ideal case for a comparable 

control group is where treatment is randomized such that the control group’s outcomes 

are unrelated to treatment assignment. In non-randomized studies such as quasi-

experiments, comparable control groups can be constructed by propensity score or exact 

matching, and the post-treatment trajectory of the control group compared to the 

trajectory of the treated.  

3.2.3 Estimating the impact of regression to the mean on cost-effectiveness 

While it is known that economic evaluations based on pre-post quasi-experimental studies 

are susceptible to bias from RTM, there has been little research into the implications of 

RTM on cost-effectiveness analysis. To help fill this gap, we generalized the impact of 

RTM on cost-effectiveness by developing a RTM bias correction factor based on the level 

of RTM. In pre-post quasi-experimental studies such as those used in the economic 

evaluations of surgery, the observed QALY gain from treatment QALYo is typically 

estimated as function of the observed change in utility scores ΔUo (the postoperative 

utility score minus the preoperative utility score), and the expected duration of the gain.  = ∆ ×    (2) 

The presence of RTM has the effect of reducing the utility gain from treatment by some 

factor α (the ratio of RTM/observed treatment effect) such that the gain in QALYs after 

adjusting for RTM now becomes: 
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= (1 − ) ×     (3) 

Assuming that RTM does not affect costs (a patient is not usually classified for treatment 

by their poor cost outcomes), the impact of RTM on the observed incremental cost-

effectiveness ratio (ICER) can then be calculated as a function of α, the ratio of 

RTM/observed treatment effect: 

=     (4) 

Where ICERo is the observed ICER, ICERr is the RTM-adjusted ICER, and  is the 

RTM bias correction factor (see full derivation in the Appendix). 

3.3 Methods 

3.3.1 Data source 

Data were obtained from the Osteoarthritis Initiative (OAI) database, which is publicly 

accessible at http://www.oai.ucsf.edu/. The OAI is a multi-centre, longitudinal, 

prospective observational study of knee OA that collects a range of socio-economic, 

healthcare access, self-reported and clinical data on 4,796 patients with OA aged 45-79 

enrolled between 2004 and 2006. Specific datasets used are baseline, 12-month, 24-

month, 36-month, 48-month, 60-month, 72-month, 84-month and 96-month clinical and 

medical history data (release versions 0.2.2, 1.2.1, 3.2.1, 5.2.1, 6.2.1, 7.2.1, 8.2.1, 9.2.1 

and 10.2.1 respectively), enrollee demographic information (release version 22). The OAI 

has approval from the Committee on Human Research, the University of California, San 

Francisco (Approval number 10-00532).  

3.3.2 Treatment, outcomes and associated factors 

The treatment for this study was primary total knee replacement. The primary outcomes 

were the HrQoL utility scores, calculated from the Short-Form Health Survey (SF-12) 

patient-reported outcomes using the standard Brazier algorithm [6]. The factors 

associated with the likelihood of TKR treatment were age, gender, race, annual income, 

access to health insurance, body mass index (BMI), smoking status, comorbidities as 

measured by the Charlson Comorbidity Index (CCI) [17], OA severity measured 

radiographically by the Kellgren Lawrence (KL) scale [21]) and subjectively by the 

Western Ontario and McMaster Universities Osteoarthritis Index (WOMAC) patient-
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reported outcome [4], mental component summary (MCS), physical component summary 

(PCS) and HrQoL scores. BMI was classified as moderately obese (30-34.9 kg/m2), 

severely obese (35-39.9kg/m2) and morbidly obese (> 40kg/m2), comorbidities as none, 

one, and two or more, race as white and non-white, smoking status as current smoker 

versus non-smoker. 

3.3.3 Statistical methods for estimating a control group for TKR to evaluate RTM 

Constructing appropriate control groups using propensity scoring is a common method 

for inferring causal treatment effects in the absence of randomized control studies or valid 

instruments, but most propensity score analyses are based on cross-sectional data where 

a single observation is observed for each individual [27]. However, the OAI is a 

longitudinal cohort dataset that follows individuals and tracks the progression of their OA 

over time including TKR as an end-stage treatment for some patients. We therefore 

followed Li et al. [24] and Lu [27] and calculated a proportional hazard for TKR, based 

on age, gender, race, radiographic OA at baseline; ongoing BMI, comorbidities, smoking 

status, HrQoL, PCS, MCS and WOMAC scores at each follow-up. We then performed 

matching without replacement using the patient’s hazard of treatment at each point in 

time. Note that we did not consider the cumulative hazard: recent research has found that 

the anticipated general deterioration in OA patients over long periods of time is not 

observed in practice [7], but that relatively sudden deterioration in pain and function may 

trigger TKR [39]. We therefore included annual change in HrQoL, PCS and WOMAC in 

the model for predicting TKR.  

Matching occurred such that a patient treated at time t could be matched against any 

patient not yet treated at time t. The treated could also act as a control if treatment occurred 

after time t+2 years so that if selected as a control the non-surgery trajectory could be 

observed for two years. Once treated, a patient was censored and could no longer act as a 

control [24]. To reduce the possibility that a matched control patient might have 

commenced some other treatment, we censored controls if they commenced frequent 

medication or injection treatments during the comparator period. The dataset contains 

patients at different levels of OA progression, so we performed an exact match on the 

patient’s KL score, to ensure that we were comparing patients with the same level of 

radiographic OA. As radiographic and symptomatic progression have been shown to be 

nonparallel [7], we also performed an exact match on the patient’s HrQoL (rounded to 
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two decimal places), to ensure we were comparing patients with consistent self-reported 

symptomatology. The propensity score was then used to further match patient 

characteristics, using a caliper (or a maximum allowable difference) of 0.05, or 

approximately 0.4 standard deviations. We chose HrQoL for the exact match rather than 

a WOMAC or PCS score because the focus of this research was on economic evaluations 

derived from HrQoL scores; however, we included an interaction term between HrQoL 

and WOMAC to capture any non-linearities between overall quality-of-life and knee-

specific OA (for example, to account for when HrQoL change may have been due to an 

unrelated condition).  

We evaluated the balance between the treated and control covariates using standardized 

differences between means [2], with a preferred cut-off of 10% for those covariates shown 

to be significant predictors of TKR as recommended by Ho et al. [19]. To ensure similar 

distributions as well as means between the treated and control, variance ratios for the 

propensity score and continuous individual covariates were also evaluated as per Rubin 

[40]. To assess the presence of RTM, we then compared the average HrQoL trajectories 

of those who have a TKR with their control matches who did not have a TKR. In some 

cases, an appropriate match could not be found for TKR patients with particularly high 

propensity scores. No control group could be estimated for this group, but to provide 

some indications of possible trends for the unmatched group, we repeated the analysis for 

subset of TKR patients that could be matched who had TKR propensity scores in the top 

fifth percentile (were most likely to receive a TKR and therefore the most similar to the 

unmatched group). The matching analysis was carried out in Stata 13.1 IC (Stata Corp, 

College Station, USA) using the psmatch2 version 4.0.11 program [23]. 

3.3.4 Data for estimating a control group for TKR to evaluate RTM  

We considered patients that had been observed for at least three years: one year prior to 

TKR to provide evidence of a consistent deterioration between treated and controls prior 

to surgery, and two years post TKR to show differences in the treated and control group 

after surgery. Baseline, 84- and 96-month data were therefore censored due to the lack of 

prior and post data respectively. 60-month data were censored due to the lack of HrQoL, 

PCS or MCS collection during this wave. For other missing data, linear interpolation was 

used for PCS, MCS, BMI and HrQoL where observations were available before and after 

the missing observation; last value carried forward was used for missing years for OA 
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severity, comorbidities and smoking status. The data availability of the key variables is 

shown in the Appendix (Table 7).  

As some patients had their last follow-up many months before TKR, we needed to 

estimate their condition just prior to surgery [37]. We used regression imputation methods 

to estimate measured deterioration in HrQoL prior to TKR as a function of the time 

between the last follow-up measurement prior to TKR and patient covariates discussed 

previously. This regression was used to predict HrQoL at the time of TKR for recipients 

whose last follow-up measurement was more than three months prior to surgery. 

Postoperatively, the gains from TKR typically stabilize after six months [33]. A 

measurement at a minimum of six months after surgery is therefore deemed an 

appropriate proxy for the 12-month outcome. For patients whose first follow-up was less 

than six months after TKR, the measurement of HrQoL was unlikely to reflect outcomes 

at 12 months. We therefore used their second follow-up post-surgery to represent their 

12-month follow-up from TKR. In this way, the 12-month follow-up was measured on 

average 12 months after surgery, but between six and 18 months depending on the 

individual patient. The variation in outcomes between six and 18 months post-surgery is 

minimal relative to the variation between zero and 12 months post-surgery [33]. A more 

detailed description of this data adjustment procedure is provided in the supplementary 

analysis.  

3.3.5 Robustness analysis for control group for TKR to evaluate RTM 

To evaluate the uncertainty of the matching analysis, we bootstrapped the matching 

process, creating 1,000 new datasets from the original dataset by sampling with 

replacement, and repeated the matching and calculation of treatment and control HrQoL 

trajectories. Confidence intervals were calculated from the percentiles of the bootstrapped 

results. Additionally, we parameterized the formula from the literature (equation 1) using 

the OAI data to provide a comparative estimate of RTM.  

In supplementary analyses, we also completed a range of further checks to test the 

robustness of our results. We considered exact matching on WOMAC rather than HrQoL 

to investigate if matching on a knee-specific rather than generic patient-reported outcome 

would provide a different result. To test the impact of the timing of follow-up 

measurements relative to the TKR, we repeated the analysis using just those TKRs that 

occurred within three months of a follow-up.  



67 
 
 

 

3.3.6 Implications for cost-effectiveness analysis 

To investigate the implications of our findings on the outcomes from TKR, we estimated 

the QALY gains in the two years post-surgery, first using the standard preoperative utility 

score ‘without surgery’ control, and second using the control trajectory estimated from 

the matching exercise. We then assumed that utility scores measured at two years post-

surgery continue to 15 years post-surgery, and that the cost of TKR is a constant $20,000 

per surgery, broadly in line with previous economic evaluations [26], to estimate the 

impact of our findings on overall cost-effectiveness. We present these results as indicative 

cost-acceptability curves for TKR when derived from the assumed control, versus when 

derived from the matching exercise. Finally, we confirmed the impact of RTM on cost-

effectiveness by estimating the RTM bias correction factor from equation (4). 

3.4 Results 

3.4.1 Sample characteristics 

After censoring, the number of primary TKRs observed was 263 out of a cohort of 4,768. 

Of these, 184 (70%) had full data available to complete the matching analysis. Of the 

missing, 32 had insufficient length of follow-up (less than three years), and 47 had 

missing covariate data. Sample characteristics are shown in Table 1. Of note is that over 

96% of the cohort had access to some form of health insurance.   

3.4.2 Matching 

The results from the multivariate proportional hazards model of TKR are shown in Table 

2. The most significant independent predictors of TKR were severe OA, both 

radiographic (KL) and symptomatic (WOMAC), and deterioration in WOMAC. Non-

whites, smokers, low income earners and those with significant comorbidity were 

significantly less likely to have a TKR. Good mental health was positively associated 

with likelihood of TKR.  

103 (56%) treated patients were able to be matched. The balance of the covariates 

between the matched treatment and ‘without surgery’ control groups are shown in Table 

3. The standardized differences were small with the majority of covariates falling under 

the 10% target, and a good balance achieved on the key predictors significantly associated 

with TKR: OA severity (both KL and WOMAC), MCS, WOMAC deterioration, and race. 
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The matched control group were more comorbid and obese, and had a wider income 

distribution. The variance ratio between the matched treatment and control groups for the 

propensity score is 1.00, and the variance ratios for the covariates are close to one 

indicating both means and variance have been well-balanced across the two groups.  

81 (44%) treated patients were unable to be matched. These patients had a higher 

treatment propensity score versus treated patients who were matched (mean 0.29±0.10 

versus 0.10±0.09) and were significantly different across almost all patient 

characteristics. In particular, the unmatched had significantly poorer WOMAC, PCS and 

HrQoL scores and experienced significantly larger deterioration in these scores prior to 

surgery, relative to matched TKR recipients (Table 4). 

3.4.3 Matched treated and control HrQoL trajectory 

Figure 1 shows the mean of the HrQoL trajectory for the matched treated and control 

patients and 95% confidence intervals from bootstrapping. Prior to the surgery there was 

a decline in HrQoL of almost 0.05 for both treated and control groups. After surgery, the 

treated group had a statistically significant increase in HrQoL of 0.05 resulting in a gain 

of 0.07 QALYs over the two years after surgery, relative to the preoperative HrQoL. 

However, the ‘without surgery’ control group also experienced a mean improvement in 

HrQoL of 0.02 and a gain of 0.02 QALYs relative to the preoperative HrQoL. The 

increase in HrQoL for the treated group is no longer statistically significant when 

compared to this ‘without surgery’ control group, and the estimated QALY gains from 

surgery reduce from 0.07 to 0.05 QALYs (33% reduction, 95% confidence intervals -5: 

78%). 

3.4.4 A proxy for the unmatched 

An analysis of the matching showed that those with the highest propensity for TKR were 

least likely to be matched, because these patients invariably received a TKR. Thus, a sub-

cohort of the matched group with the top fifth percentile propensity scores was selected 

to investigate if the results would change based on the propensity for TKR. The fifth 

percentile sub-cohort of the matched cohort therefore acted as a proxy to highlight the 

potential impact of RTM in the unmatched group (see Appendix Table 8 for comparison 

of these two groups). 
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Figure 2 shows the HrQoL trajectory for the matched treated and control patients for a 

sub-cohort with the top fifth percentile propensity scores. This sub-cohort had a larger 

deterioration in HrQoL of 0.10 prior to surgery, and a larger improvement in HrQoL of 

0.14 for the treated group after surgery, relative to the full cohort. This resulted in a QALY 

improvement of 0.13 QALYs relative to the preoperative HrQoL. However, the control 

group for this sub-cohort also experienced a mean improvement in HrQoL of 0.06 and a 

gain of 0.06 QALYs relative to the preoperative HrQoL. Using this ‘without surgery’ 

counterfactual would reduce the estimated QALY gains from surgery from 0.13 to 0.07 

QALYs (47% reduction, 95% CI -26: 126%), and the HrQoL gains from surgery are no 

longer statistically significant.  

3.4.5 Impact on cost-effectiveness of TKR 

Equation (4) showed how RTM impacts on the ICER for economic evaluations that use 

a pre-post quasi-experimental study design. The bias correction factor is increasing in α 

(Figure 3), which suggests that cost-effectiveness will be increasingly affected as RTM 

increases: RTM equal to 20% of the observed treatment effect (α = 0.20) causes the ICER 

to increase by 25% (ICER bias correction factor = 1.25); RTM equal to 50% of the 

observed treatment effect (α = 0.50) causes the ICER to increase by 100% (ICER bias 

correction factor = 2).  

Using the matched controls, we estimated RTM equal to 39% of the observed treatment 

effect (α = 0.39), resulting in an ICER bias correction factor of 1.64. Figure 4 shows 

indicative cost-acceptability curves for the matched TKR recipients when using the 

standard assumption of a constant preoperative HrQoL in the absence of surgery (blue), 

and when using the matched control counterfactual from this analysis (red). Incorporating 

RTM in the matched control group significantly reduced the likelihood of cost-

effectiveness and increased the uncertainty around the cost-effectiveness of TKR as 

illustrated by the flatter acceptability curve. At a willingness to pay threshold of 

$50,000/QALY, this suggests that TKR is likely to be cost-effective for 50% of the 

matched treatment group rather than almost 100% suggested under the standard control 

assumptions. 
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3.4.6 Robustness 

The 95% confidence intervals for the control group HrQoL trajectory shown in Figure 1, 

derived from the bootstrapping exercise, suggests the findings of RTM are robust to 

sampling variation of the potential matches. The supplementary analyses contain the 

results of further checks to test the robustness of our results. We found no significant 

differences from using WOMAC instead of HrQoL for the exact matching, or from 

analyzing only the sub-cohort of patients with ideal follow-up relative to TKR.  

Using equation (1) and data from the OAI dataset (HrQoL population mean = 0.76; high 

risk threshold = 0.70 and between year correlation = 0.75), we estimated RTM for this 

OA population cohort of 0.03, indicating that the mean of those with HrQoL ≤0.70 can 

be expected to improve by 0.03 simply due to RTM. This is similar in magnitude to that 

estimated from the matched control group and shown in Figure 1.  

3.5 Discussion 

3.5.1 Estimating regression to the mean in total knee replacement 

Patients who receive TKR typically experience a significant drop in HrQoL in the year 

preceding the TKR, which might have suggested an ongoing decrease in the absence of 

TKR, but we found little evidence to support this. We identified matches to act as a 

control group for 56% of the primary TKRs in the OAI dataset. The average trajectory of 

this control group showed evidence of natural remission in HrQoL without the surgery 

intervention. This remission accounted for a third of the QALY improvements from 

surgery in the matched treatment group, and significantly reduced the cost-effectiveness 

of TKR, relative to the traditional assumption that in the absence of surgery, patients’ 

HrQoL would have remained at preoperative levels.  

We discounted the possibility that remission in the control group was associated with the 

commencement of some other treatment as we censored controls if they commenced 

frequent medication or injections. Further investigating the wider OA literature, we found 

support for the theory that our findings were due to RTM. Researchers have showed that 

at the average level knee pain changes little over time, and ‘is characterized by persistent 

rather than inexorably worsening symptoms’ [7]. At the individual level, pain and 

functional impairment is intermittent and variable [46, 47, 37]; patients actively adapt 
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their behavior to mitigate the impact of OA on their lives [46, 44]; there is evidence of 

non-parallel progression between radiographic and symptomatic OA [7]; and placebo 

effects, which include RTM, are common in OA-related RCTs: a recent meta-analysis of 

such RCTs found a placebo effect size of 75% of the total effect size [45]. Combined, this 

suggested that a poor WOMAC or HrQoL score in one year might not be indicative of a 

persistent poor score in the next, and therefore that RTM was a plausible explanation of 

the improvement observed in our matched control group. This was supported empirically 

by our findings of RTM when the parameters from the OAI dataset were employed in 

equation (1).   

3.5.2 Generalizability of findings 

The TKR patients for which we were able to find appropriate non-TKR matches had 

relatively high preoperative HrQoL, and reported only modest gains from the surgery. By 

contrast, the unmatched TKR group had significantly poorer preoperative HrQoL, and 

subsequently reported larger gains from surgery. It is the unmatched group that appears 

more representative of TKR patients across the United States (see Appendix Table 8), 

which posed some questions about the generalizability of our findings. However, in the 

analysis we further explored the unmatched cohort by examining the results for a sub-

cohort of the matched cohort who were most similar to the unmatched. This sub-cohort 

had comparable pre- and post-surgery HrQoL to the unmatched group, and also showed 

evidence of RTM (Figure 2), suggesting that our findings are generalizable to the wider 

United States.  

In Australia and the United Kingdom, patients who receive TKR typically have a lower 

preoperative HrQoL and in turn achieve a higher gain in HrQoL from the surgery (see 

Appendix Table 8), and the rates of TKR across the population are much lower in these 

countries. It is therefore difficult to categorically conclude that RTM would be present in 

these settings, however we note that 1) the sub-cohort of the matched with the lowest 

preoperative HrQoL and the highest gains from surgery showed evidence of RTM (Figure 

2); and 2) that in the formula-based method for assessing RTM, the magnitude of RTM 

increases as the cut-off threshold for treatment becomes more extreme, as described in 

section 3.2.   
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3.5.3 Implications for economic evaluations of total knee replacement 

These results have implications for economic evaluations of TKR and related issues. In 

the absence of randomized controlled trials, many cost-effectiveness analyses use 

observational data, and adopt methods such as regression or matching to help minimize 

bias [22]. Economic evaluations in hip and knee surgery tend to ignore such methods, 

perhaps because of a lack of appropriate data; such evaluations tend to be based on 

surgery registries capturing only treated patients, rather than observational studies such 

as the OAI that track the OA disease over time. Our findings of RTM in the OA cohort 

suggest that cost-effectiveness analysis of TKR may be biased if an adequate control 

group is not established. This is also true for model-based economic evaluations that 

assume no expected improvement without treatment. A recent systematic review of joint 

replacement in the US highlighted 12 studies that had completed cost-utility analysis 

around TKR or TKR-related topics [34]. All used some form of modelling 

(predominantly Markov or decision-tree), but none afforded non-operative patients any 

opportunity to improve. Similarly, Mather et al. [29] found TKR without delay was a 

cost-effective treatment when compared to waiting for TKR, but assumed that waiting 

was at a much lower utility (0.60 for end-stage OA, versus 0.90 after successful primary 

TKR) and did not allow for RTM while on the waiting list. Our results suggest that, at 

least for some of the TKR cohort, waiting might be accompanied by an improvement in 

HrQoL. The systematic review also evaluated the quality of each paper using the Quality 

of Health Economic Studies instrument and found on average the papers were of high 

quality with a mean score of 89.9 out of 100 [34], but the evaluations of quality appear to 

ignore the potential impacts of RTM. 

44% of TKR recipients were unable to be matched. These patients were significantly 

different in the key predictive attributes with poorer WOMAC, PCS, MCS and HrQoL 

scores and larger deterioration prior to surgery. The inability to find matches for this 

group suggests that patients who had such a progression invariably had surgery, and 

meant we were unable to estimate an appropriate control trajectory. We analysed the sub-

cohort of the control group most similar to the unmatched group: those with a propensity 

score for TKR in the top fifth percentile. We found that the trajectory of this sub-cohort 

of the matched control group also experienced RTM, consistent with the theory that RTM 

increases as the cut-off threshold for classification becomes more extreme. However, 

perhaps reassuringly, this highly likely to be treated sub-group experienced larger QALY 



73 
 
 

 

gains from surgery relative to the full cohort, even after accounting for RTM. This 

suggests that in populations like Australia and the United Kingdom, where preoperative 

utility scores are relatively low and gains from surgery relatively large, TKR is still likely 

to remain cost-effective, on average, even in the presence of RTM.    

3.5.4 Wider implications for quasi-experimental studies 

Our findings are generalizable to other quasi-experimental studies that use a pre-post 

study design. Such studies are likely to be susceptible to RTM just as we have shown with 

TKR. There are a range of mainstream treatments that fall under this category, including 

cardiovascular treatments such as statins [5], infection control [42, 12] and public health 

initiatives [8]. Economic evaluation of these treatments should consider RTM. Some 

steps noted in the literature are first to acknowledge RTM and where possible adjust for 

it [31]. Second, increasing the number of preoperative measurements will add certainty 

around selection into treatment [42, 10]. Finally, we have provided a simple ICER bias 

correction factor based on the level of RTM. 

3.5.5 Limitations 

Several limitations warrant mention. First, the use of propensity score and exact matching 

is unlikely to be as effective as RCTs at eliminating bias. There is the possibility that 

unknown or unobservable factors are important in selection for surgery, that there are 

some underlying differences between the treated and control group, and/or that control 

group patients were treated for a non-related condition during the follow-up. It would be 

useful to replicate this study in conditions where both RCT and observational data are 

available, to provide a gold standard for adjusting observational data for the impact of 

RTM.  

Nonetheless, the matching covered key socio-demographic, healthcare access and 

disease-specific factors that have been identified in the literature associated with TKR 

[1], and considered important in tools being developed to aid decision-making (for 

example, the nomogram tool developed in Dowsey et al. [11]). For the known, observable 

covariates, balancing was imperfect and there was a trade-off between the degree of 

covariate balance and the proportion of the treated that could be adequately matched. Our 

preferred matching delivered balance on key predictive covariates, but resulted in 44% of 

treated being unmatched. We found evidence of RTM in the sub-cohort of the matched 
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most similar to the unmatched group, but the exact size of the RTM in the unmatched 

cohort could not be determined in the absence of a control group. 

Second, there was large uncertainty in the expected trajectory of our control group. The 

OAI dataset is the largest long-term sample of OA progression available with almost 

5,000 patients followed over nine years and counting4, but a larger sample would have 

allowed us to provide a more certain view of the average trajectory of patients who do 

not have surgery. Nonetheless, current economic evaluations typically assume with 

perfect certainty that the control group HrQoL remains at the preoperative utility score 

(for example, Jenkins et al. [20], Schilling et al. [41] and Dakin et al. [9]). Our work 

provided some evidence to help inform more realistic control assumptions, even though 

further data and analysis would help to improve the certainty around the results.  

A third limitation is the timing of follow-up relative to the TKR. We made adjustments 

to the data to account for this based on the literature and observed trends in this dataset. 

The supplementary analysis of the sub-cohort of patients who had TKR within three 

months of their last follow-up indicated that these adjustments had not biased the results 

but ideally, follow-up would have aligned closely with the TKR event for all patients.  

3.5.6 Conclusions 

Despite the broad awareness of RTM, and the known susceptibility of common quasi-

experimental study designs to RTM, many economic evaluations ignore it. This can lead 

to a bias in economic evaluation such that the cost-effectiveness of treatment will be 

overstated. We found evidence of RTM in OA that accounted for a third of the previously 

predicted QALY gain from surgery and significantly reduced the cost-effectiveness of 

TKR. This common example highlights the ramifications of ignoring RTM in cost-

effectiveness analyses. Quasi-experimental pre-post studies are likely to be susceptible to 

RTM and should adjust for it in economic evaluations.   

                                                 
4 The Swedish ‘Better management of patients with OsteoArthritis’ study may surpass it in time. 
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Figures 

Figure 1: Mean HrQoL for treated (TKR) and control matches 
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Figure 2: Mean HrQoL for treated (TKR) and control matches: top fifth percentile TKR 
propensity score 
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Figure 3: ICER RTM bias correction factor as a function of RTM/Treatment effect ratio  

 

ICER bias correction factor for RTM. The relationship between RTM and the ICER bias correction factor 
is increasing. As RTM increases, the bias of the cost-effectiveness of the treatment using pre- to post 
changes grows increasingly worse.    
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Figure 4: Indicative cost-acceptability curve using matched treatment and control 
groups 

 

Indicative cost-acceptability curves of using standard economic methods (blue), and after adjusting for 
RTM using an explicit matched control group (red). After adjusting for RTM, the probability that TKR is 
cost-effective at a willingness to pay threshold of $50,000/QALY drops from almost 100% to around 
50%.  
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Tables 

Table 1: Sample characteristics at baseline 

Variable TKR (n = 184) Full sample (n = 4,768) 

Age 67.2 ± 8.5 61.2 ± 9.2 

Female 105 (57%) 2804 (58.5%) 

Race: white 161 (87.5%) 3790 (79.1%) 

Income bands   

< $10,000 2 (1.1%) 160 (3.6%) 

$10,000 to < $25,000 16 (8.7%) 454 (10.2%) 

$25,000 to < $50,000 51 (27.7%) 1135 (25.6%) 

$50,000 to < $100,000 70 (38%) 1610 (36.3%) 

$100,000+ 45 (24.5%) 1075 (24.2%) 

Access to health insurance 182 (98.9%) 4579 (96.4%) 

BMI: kg/m2 29.8 ± 4.7 28.6 ± 0.048 

Moderately obese 62 (33.7%) 1230 (25.7%) 

Severely obese 26 (14.1%) 416 (8.7%) 

Morbidly obese 3 (1.6%) 84 (1.8%) 

Comorbidities   

0 128 (69.6%) 3565 (75.4%) 

1 35 (19%) 724 (15.3%) 

2+ 21 (11.4%) 441 (9.3%) 

OA severity: KL scale   

0 3 (1.6%) 1,265 (28.1%) 

1 1 (0.5%) 691 (15.3%) 

2 17 (9.2%) 1,365 (30.3%) 

3 56 (30.4%) 892 (19.8%) 

4 107 (58.2%) 293 (6.5%) 

Smoking status: smoker 4 (2.2%) 313 (6.6%) 

WOMAC 38 ± 12.8 12 ± 0.153 

MCS 55.7 ± 8.6 53.6 ± 8.1 
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Variable TKR (n = 184) Full sample (n = 4,768) 

PCS 37.3 ± 7.5 48.8 ± 9.2 

HrQoL 0.70 ± 0.15 0.80 ± 0.12 

Mean ± standard deviations are reported for continuous variables; counts (percentages) for discrete variables.
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Table 2: Multivariate proportional hazards model of TKR 

Variable Odds ratio p-value Lower 95% 

CI 

Upper 95% 

CI 

Age 1.02 0.052 1.00 1.04 

Gender     

Male ref ref ref ref 

Female 1.21 0.230 0.89 1.66 

Race     

White ref ref ref ref 

Non-white 0.40 <0.001 0.25 0.66 

Income bands     

< $10,000 ref ref ref Ref 

$10,000 to < $25,000 0.17 0.008 0.04 0.63 

$25,000 to < $50,000 0.59 0.065 0.33 1.03 

$50,000 to < $100,000 0.74 0.142 0.50 1.10 

$100,000+ 1.30 0.168 0.90 1.88 

Access to health insurance 1.31 0.747 0.26 6.60 

Obesity     

Non-obese ref ref ref ref 

Moderately obese 1.29 0.128 0.93 1.78 

Severely obese 1.05 0.858 0.63 1.74 

Morbidly obese 1.05 0.921 0.42 2.61 

Smoking     

Non-smoker ref ref ref ref 

Smoker 0.36 0.041 0.13 0.96 

Comorbidities     

0 ref ref ref ref 

1 0.82 0.358 0.55 1.24 

2+ 0.65 0.080 0.40 1.05 
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Variable Odds ratio p-value Lower 95% 

CI 

Upper 95% 

CI 

Osteoarthritis     

KL 0 ref ref ref ref 

KL 1 3.19 0.101 0.80 12.80 

KL 2 5.54 0.005 1.66 18.47 

KL 3 17.47 <0.001 5.35 57.07 

KL 4 57.07 <0.001 17.36 187.55 

WOMAC 1.05 <0.001 1.04 1.06 

Quality of life     

MCS 1.06 0.003 1.02 1.10 

PCS 1.00 0.929 0.97 1.03 

HRQOL* 0.60 0.030 0.38 0.95 

Osteoarthritis change (KL) from previous 

year 

   

< 1 ref ref ref ref 

1+ 1.17 0.502 0.74 1.85 

WOMAC 1.02 0.005 1.01 1.03 

Quality of life change from previous year    

PCS 0.98 0.071 0.95 1.00 

HRQOL* 0.87 0.359 0.66 1.17 

* Standardised to improve interpretability
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Table 3: Balance of covariates between treatment and control after matching 

Variable Matched 

Treatment 

Matched 

Control 

Standardized 

difference % 

Variance 

ratio^ 

Age 66.4 ± 8.6 66.8 ± 8.7 -0.046 0.99 

Female 58 (56.3%) 64 (62.1%) -0.118  

Race: white 87 (84.5%) 84 (81.6%) 0.077  

Income bands     

< $10,000 1 (1%) 4 (3.9%) -0.188  

$10,000 to < $25,000 11 (10.7%) 15 (14.6%) -0.118  

$25,000 to < $50,000 27 (26.2%) 29 (28.2%) -0.045  

$50,000 to < $100,000 46 (44.7%) 33 (32%) 0.263  

$100,000+ 18 (17.5%) 22 (21.4%) -0.099  

Access to health 

insurance 

101 (98.1%) 102 (99%) -0.075  

BMI: kg/m2 29.7 ± 5.1 30.4 ± 5.3 -0.135 0.98 

Moderately obese 30 (29.1%) 31 (30.1%) -0.022  

Severely obese 16 (15.5%) 11 (10.7%) 0.143  

Morbidly obese 1 (1%) 6 (5.8%) -0.267  

Smoking status: smoker 4 (3.9%) 2 (1.9%) 0.119  

Comorbidities     

0 68 (66%) 63 (61.2%) 0.100  

1 23 (22.3%) 20 (19.4%) 0.071  

2+ 12 (11.7%) 20 (19.4%) -0.214  

Osteoarthritis     

KL 0 3 (2.9%) 3 (2.9%) 0.000  

KL 1 0 (0%) 0 (0%) 0.000  

KL 2 13 (12.6%) 13 (12.6%) 0.000  

KL 3 30 (29.1%) 30 (29.1%) 0.000  

KL 4 57 (55.3%) 57 (55.3%) 0.000  

WOMAC 34.4 ± 11.5 33.9 ± 20 0.031 0.76 
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Variable Matched 

Treatment 

Matched 

Control 

Standardized 

difference % 

Variance 

ratio^ 

Quality of life     

MCS 55.7 ± 8.1 55.9 ± 10.3 -0.022 0.89 

PCS 38.7 ± 6.6 37.4 ± 8.9 0.166 0.86 

HrQoL 0.72 ± 0.13 0.72 ± 0.13 0.000 1.00 

Osteoarthritis change (KL)  

from previous year 

   

< 1 91 (88.4%) 97 (94.2%) -0.207  

1+ 12 (11.7%) 6 (5.8%) 0.210  

WOMAC 7.2 ± 14.2 7.3 ± 13.7 -0.007 1.02 

Quality of life change from previous year    

PCS -3.6 ± 7.0 -4.6 ± 8.2 0.131 0.92 

HrQoL -0.05 ± 

0.075 

-0.04 ± 

0.107 -0.108 0.84 

Mean ± standard deviations are reported for continuous variables; counts (percentages) for 
discrete variables; ^Variance ratios are only available for continuous variables.
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Table 4: Comparison of covariates between matched and unmatched treated group 

Variable Matched Unmatched  Standardized 

difference % 

Variance 

ratio^ 

Age 66.4 ± 8.6 68.2 ± 8.3 0.213 0.98 

Female 58 (56.3%) 47 (58%) 0.034  

Race: white 87 (84.5%) 74 (91.4%) 0.213  

Income bands     

< $10,000 1 (1%) 1 (1.2%) 0.019  

$10,000 to < $25,000 11 (10.7%) 5 (6.2%) -0.162  

$25,000 to < $50,000 27 (26.2%) 24 (29.6%) 0.076  

$50,000 to < $100,000 46 (44.7%) 24 (29.6%) -0.316  

$100,000+ 18 (17.5%) 27 (33.3%) 0.369  

Access to health 

insurance 

101 (98.1%) 

81 (100%) 0.197  

BMI: kg/m2 29.7 ± 5.1 29.9 ± 4.2 0.043 0.91 

Moderately obese 30 (29.1%) 32 (39.5%) 0.220  

Severely obese 16 (15.5%) 10 (12.4%) -0.090  

Morbidly obese 1 (1%) 2 (2.5%) 0.115  

Smoking status: smoker 4 (3.9%) 0 (0%) -0.285  

Comorbidities     

0 68 (66%) 60 (74.1%) 0.178  

1 23 (22.3%) 12 (14.8%) -0.194  

2+ 12 (11.7%) 9 (11.1%) -0.019  

Osteoarthritis     

KL 0 3 (2.9%) 0 (0%) -0.244  

KL 1 0 (0%) 1 (1.2%) 0.156  

KL 2 13 (12.6%) 4 (4.9%) -0.275  

KL 3 30 (29.1%) 26 (32.1%) 0.065  

KL 4 57 (55.3%) 50 (61.7%) 0.130  

WOMAC 34.4 ± 11.5 42.5 ± 13 0.660 1.06 
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Variable Matched Unmatched  Standardized 

difference % 

Variance 

ratio^ 

Quality of life     

MCS 55.7 ± 8.1 55.8 ± 9.5 0.011 1.08 

PCS 38.7 ± 6.6 35.6 ± 8.3 -0.413 1.12 

HrQoL 0.72 ± 0.13 0.68 ± 0.16 -0.274 1.11 

Osteoarthritis change (KL) from 

previous year 

   

< 1 91 (88.4%) 66 (81.5%) -0.194  

1+ 12 (11.7%) 15 (18.5%) 0.191  

WOMAC 7.2 ± 14.2 15.2 ± 18.2 0.490 1.13 

Quality of life change from previous 

year 

   

PCS -3.6 ± 7.0 -6.7 ± 8 -0.412 1.07 

HrQoL -0.05 ± 

0.075 -0.08 ± 0.088 -0.367 1.08 

Mean ± standard deviations are reported for continuous variables; counts (percentages) for 
discrete variables; ^Variance ratios are only available for continuous variables.
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Table 5: Supplementary table to Figure 2 

 1 year prior At surgery 1 year post 2 years post
Treated utility value 
(standard error) 
 

0.745 
(0.050) 

0.646 
(0.046) 

0.754
(0.046) 

0.781 
(0.060) 

Control utility value  
(standard error) 
 

0.759 
(0.060) 

0.647 
(0.046) 

0.693  
(0.055) 

0.728 
(0.057) 

Treated vs pre-test1 
Utility difference 
t-test p-value 

 

 
0.099 
0.052* 

0.000 
N/A 

0.108 
0.021** 

 
0.135 
0.027** 

Treated vs matched control  
Utility difference 
t-test p-value 

 

 
-0.013 
0.865 

-0.001 
0.994 

0.061 
0.397 

 
0.053 
0.528 

1 Comparison with pre-test “at surgery” utility value is current practice in economic evaluation of 
many surgical interventions. ** statistically significant at the 5% level; * statistically significantly at 
the 10% level.  
Mean HrQoL trajectory for treated and control matches for those most likely to receive treatment 
(top fifth percentile TKR propensity score). Relative to the average, this cohort has larger 
deteriorations in HrQoL prior to treatment, larger gains from treatment, and larger RTM in the 
absence of treatment. 
 

Table 6: Supplementary table to Figure 1 

 1 year prior At surgery 1 year post 2 years post 
Treated utility value 
(standard error) 
 

0.771  
(0.016) 

0.722  
(0.015) 

0.770  
(0.014) 

0.775  
(0.012) 

Control utility value  
(standard error) 
 

0.775  
(0.015) 

0.722  
(0.015) 

0.740  
(0.015) 

0.744  
(0.015) 

Treated vs pre-test1 
Utility difference 
t-test p-value 

 

 
0.049 
0.001*** 

 
0.000 
N/A 

 
0.048 
0.001*** 

 
0.053 
<0.001*** 

Treated vs matched control  
Utility difference 
t-test p-value 

 

 
-0.004 
0.862 

 
0.000 
>0.999 

 
0.030 
0.147 

 
0.031 
0.110 

1 Comparison with pre-test “at surgery” utility value is current practice in economic evaluation of 
many surgical interventions. *** statistically significant at the 1% level.  
Mean HrQoL trajectory for treated and control matches. When using current methods of economic 
evaluation, treatment significantly improves HrQoL. However, when compared to the estimated control 
which shows evidence of RTM, treatment does not statistically improve HrQoL.  
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Appendix 1: Derivation of RTM bias correction factor 

The observed incremental cost-effectiveness ratio ICERo is calculated as a ratio of the 

treatment cost over the observed gain in quality adjusted life years QALYo: =    (1) 

For a quasi-experimental study using a one-group pretest-posttest design, QALYo is a 

function of the observed gain in utility scores after treatment (the observed treatment 

effect), and the expected duration of the gain:    = ∆ ×    (2) 

The presence of RTM has the effect of reducing the utility gain from treatment by some 

factor α (the ratio of RTM/observed treatment effect) such that the gain in QALYs after 

adjusting for RTM, QALYr now becomes: = (1 − ) ×     (3) 

Assuming that RTM does not affect costs (a patient is not usually classified for 

treatment by their poor cost outcomes), the ICER adjusted for RTM is given by: 

=    (4) 

Substituting (1) into (3) gives:  

= ( )×    (5) 

Substituting (5) into (4) gives: 

=    (6) 

  



93 
 
 

 

Appendix 2: Missing data 

The data availability and missingness of the key variables across the 96-month follow-up 

is shown in Table 7. Baseline, 84- and 96-month data censored due to the lack of prior 

and post data respectively. TKR recipients from 60-month follow-up were censored due 

to the lack of HrQoL, PCS or MCS collection during these waves. For missing data, linear 

interpolation was used for continuous variables (PCS, MCS, BMI and HrQoL) where 

observations were available before and after the missing observation; last value carried 

forward was used for categorical variables (OA intensity, comorbidities and smoking 

status).  

Table 7: Data availability by follow-up year (full sample n = 4,796) 

    Month      

Variable 0 12 24 36 48 60 a 72 84 a 96 

PCS, MCS and 

HrQoL c 

4734 4284 4125 4036 4038 0  3702 0  3565 

WOMAC c 4768 4450 4270 4210 4202 3898 3773 3731 3612 

Income bandsb 4434 0 0 0 0 0 0 0 0 

Body mass 

index c 

4792 4243 4026 3891 3788 0 3205 0 3107 

Comorbidities b 4730 0  4171 0 4169 0 3766 0 3898 

Smoking b 4734 0  0 0  4025 0 0 0 3554 

a: Years five and seven were censored due to lack of key outcome and covariate data 
b: Missing data for categorical variables was imputed using last-point carried forward 
c: Missing data for continuous variables was imputed using linear interpolation
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Appendix 3: Generalizability 

Table 8: International comparison of pre- and post-surgery HrQoL 

Study This study Losina et al. 
2009 

Schilling et 
al. 2016 

NHS PROMs 
April 2015-
2016  Matched Matched 

top 5% 

Unmatched

Country US US US US Australia U.K. 

Instrument SF-6D SF-6D SF-6D SF-6D SF-6D EQ-5D 

Pre-surgery 

QOL 

0.72 0.65 0.64 0.69 0.57 0.42 

Post-surgery 

QOL 

0.77 0.78 0.78 0.84 0.71 0.74 

Pre- – post 

gain in QOL 

0.05 0.14 0.14 0.15 0.14 0.32 

Rates of primary TKR per 100,000 population  

(OECD Health at a Glance 2015) 

225.8 180.4 141.4 
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Supplementary analysis 1: Timing of follow-up relative to TKR 

The OAI dataset collects annual follow-up but TKR can occur at any time. The time 

between the last preoperative follow-up before TKR can vary between TKR recipients 

from a day to a year or more. Similarly the time between TKR and the first postoperative 

surgery can vary between TKR recipients from a day to a year or more. For example, if 

follow-up occurs in January each year, and one patient received a TKR in October, there 

is ten months between the last preoperative follow-up measurement and the TKR, and 

only two months between the TKR and the first postoperative follow-up measurement. If 

a different patient received their TKR in March, there is only three months between the 

last preoperative follow-up measurement and the TKR, and nine months between the 

TKR and the first postoperative follow-up. We therefore made adjustments to more 

accurately compare the trajectories of HrQoL across TKR recipients. 

Supplementary figure 5: Ideal (top) and less than ideal (bottom) timing of follow-up 
relative to TKR 

 

t t+1

TJR

Ideal timing of follow-up relative to TJR

HrQoL tra jectory

Fol low-up at t
provides good 
indication of HrQoL
just prior to s urgery

Fol low-up at t+1
provides good  
indication of HrQoL
after surgery

t t+1

TJR

Les s than ideal timing of follow-up relative to TJR

HrQoL tra jectory

Fol low-up at t does 
not provide a good 
indication of HrQoL
jus t prior to s urgery

Fol low-up at t+1
does not provides 
good  indication of 
HrQoL after surgery
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HrQoL deterioration prior to TKR 

The mean deterioration in HrQoL in the year prior to TKR was -0.06, however we 

expected the measured HrQoL deterioration to be smaller in patients who were measured 

months before their surgery, as the measurement points for these patients were not 

positioned to capture the full magnitude of the deterioration in the period to surgery. To 

investigate this, we regressed the measured deterioration in HrQoL prior to TKR as a 

function of the time between the last follow-up measurement prior to TKR td, and the 

range of typical patient covariates. To account for probable non-linearity, we categorized 

td into three-month intervals: 0-3 months, 3-6 months, 6-9 months and 9-12 months.  

We found that the measured deterioration in HrQoL was significantly impacted by the 

position of the measurement point, with a measurement more than nine months prior to 

surgery resulting in a 0.036 smaller deterioration in HrQoL than if the patient was 

measured within three months prior to surgery. 

Supplementary table 8: HrQoL deterioration regression results 

Covariate Coefficient p-value Lower 

95% 

Upper 

95% 

td < 3 months Reference    

3 months < td  < 6 months 0.020 0.242 -0.014 0.054 

6 months < td  < 9 months 0.033 0.077 -0.004 0.071 

9 months < td  < 12 months 0.036 0.095 -0.006 0.078 

Other covariates not shown     

 

We used the regression results to adjust the HrQoL and HrQoL deterioration values for 

those patients measured more than three months prior to surgery by randomly selecting a 

value from the 95% confidence intervals for each of the td classifications.  

HrQoL improvement after TKR 

The mean improvement in HrQoL in the year after TKR was 0.06, however we expected 

the measured HrQoL gain to be smaller in patients who were measured immediately after 
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surgery, as the measurement point for these patients was too close to the surgery. 

Literature suggests that improvements from TKR typically stabilize by six months after 

surgery. To investigate this, we regressed the measured gains in HrQoL after TKR as a 

function of the time between the surgery and the first measurement tg, and the range of 

typical patient covariates. To account for probable non-linearity, we categorized tg into 

three month intervals: 0-3 months, 3-6 months, 6-9 months and 9-12 months.  

We found that the measured gain in HrQoL after surgery was significantly negatively 

impacted by the position of the measurement point, with a measurement less than six 

months after surgery resulting in a -0.032 smaller gain in HrQoL than if the patient was 

measured more than nine months after surgery, and measurement less than three months 

after surgery resulting a -0.040 smaller gain. However, consistent with the literature, 

measurement between six and nine months after surgery (versus measurements between 

nine and 12 months) did not significantly reduce the gains in HrQoL. 

Supplementary table 9: HrQoL gain regression results 

Covariate Coefficient p-value Lower 

95% 

Upper 

95% 

9 months < tg  < 12 months Reference    

6 months < tg  < 9 months -0.009 0.563 -0.040 0.022 

3 months < tg  < 6 months -0.032 0.051 -0.065 0.000 

 tg  < 3 months -0.058 0.003 -0.096 -0.021 

Other covariates not shown     

 

For patients whose first follow-up was less than six months after TKR, we therefore use 

their second follow-up post-surgery to represent their 12-month follow-up from TKR. 

This means that the 12-month follow-up is on average at 12 months, but can vary from 

six to 18 months depending on the individual patient. The variation in HrQoL between 

six and 18 months post-surgery is minimal relative to the variation between zero and 12 

months post-surgery.  
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Sensitivity analysis 

To check the robustness of these assumptions, we also calculated the results for the subset 

of patients whose last follow-up prior to TKR was less than three months and thus whose 

first follow-up after TKR was more than nine months. These results were consistent with 

our main analysis (Supplementary figure 6). 

Supplementary figure 6: Mean HrQoL for treated (TKR) and control matches for those 
with last follow-up less than three months prior to TKR 

 

Supplementary analysis 2: Matching on WOMAC rather than HrQoL 

Supplementary figure 7 shows the HrQoL trajectory for the matched control and treated 

group with exact matching on WOMAC rather than HrQoL. Using the WOMAC-matched 

control group as a ‘without surgery’ counterfactual would reduce the estimated QALY 

gains from surgery by 43%. The results are very similar to that from when HrQoL exact 

matching was used (39% reduction), as shown in Figure 1. 
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Supplementary figure 7: Mean HrQoL for treated (TKR) and control matches using 
WOMAC matching 
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Chapter 4: Predicting the long-term gains in health-related 
quality of life after total knee arthroplasty 

Published in The Journal of Arthroplasty (July 2016) with Michelle M. Dowsey, PhD, 

Dennis J. Petrie, PhD, Philip M. Clarke, PhD and Peter F. Choong, PhD 

Abstract 

Background 

We investigated the predictors of long-term gains in Quality Adjusted Life Years 

(QALYs) from total knee arthroplasty (TKA) and the patient attributes that predicted 

cost-effective TKA.  

Methods 

Data on TKA patients (n=570) from 2006 and 2007 was extracted from a single-

institution registry. QALY gains over seven years post-surgery were calculated from 

Health-related Quality of Life (HrQoL) scores measured preoperatively and annually 

postoperatively using the SF-12 instrument. Multivariate linear regression analysis 

investigated the predictors of QALY gain from TKA from a broad range of preoperative 

patient characteristics, and was used to predict QALY gains for each individual. Patients 

were grouped into deciles according to their predicted QALY gain, and the cost-

effectiveness of each decile was plotted on the cost-effectiveness plane. Patient attribute 

differences between deciles were decomposed. 

Results 

After exclusions and drop-out, data was available for 488 patients. The average estimated 

QALY gain over seven years was 0.77 (95% CI 0.70:0.83). Predictors significantly 

associated with smaller QALY gains were comorbidities (Charlson comorbidity index 3+ 

coefficient -0.54 CI -0.15: -0.92), the absence of severe osteoarthritis in the ipsilateral 

knee (-0.51 CI -0.16: -0.85), preoperative HrQoL (standardized coefficient -0.34 CI -0.26: 

-0.43), the requirement for an interpreter (-0.24 CI -0.05: -0.44) and age (-0.01, CI -0.01: 

-0.02). The largest difference between cost-effective and non-cost-effective deciles was 

relatively high preoperative HrQoL in the non-cost-effective decile.  
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Conclusion 

TKA is likely to be cost-effective for most patients except those with unusually high 

preoperative HrQoL or a lack of severe osteoarthritis. The poorer outcomes for those 

requiring an interpreter requires further research. 

4.1 Introduction 

Total knee arthroplasty (TKA) is presently considered an effective and cost-effective 

procedure for treating patients with end-stage arthritis [1]. Yet up to 30% of patients 

remain dissatisfied with their outcomes [2], indicating that while TKA might be cost-

effective on average, outcomes can vary dramatically across individuals. Given the 

volumes of TKA, it is important to understand the drivers of positive outcomes. Similarly, 

with the volumes of TKA expected to increase substantially over the next 15 years [3], it 

is important that we can identify those for whom the procedure will be most cost-effective 

as population characteristics change. In Australia, as in many Western countries, obesity 

rates are climbing while smoking prevalence is declining [4]. These and other time-

varying factors may affect the future cost-effectiveness of surgery.  

A range of literature has investigated the predictors of pain, function and Health-related 

Quality of Life (HrQoL) outcomes after TKA or total joint arthroplasty (TJA)[5-8]. 

Dowsey and Choong [6] summarise both non-modifiable (e.g. age, gender, ethnicity and 

socio-economic status) and some modifiable (e.g. comorbidities, obesity, baseline health 

and patient expectation) risk factors associated with short and long-term pain and function 

outcomes. Smoking has also been shown to be systematically associated with poorer 

complication and mortality outcomes after TKA [8]. Older age, comorbidities and poorer 

mental health negatively impacted on longer-term function and HrQoL outcomes [7]. 

Desmeules [5] identified lower preoperative HrQoL, contralateral knee pain and 

comorbidities were significantly associated with poorer outcomes at six months post-

surgery.  

However, few in the literature have investigated the predictors of HrQoL utility scores or 

Quality Adjusted Life Year (QALY) outcomes used in economic evaluations. Using 

multivariate linear regression, Jenkins et al. [9] found younger age and poorer 

preoperative HrQoL were associated with greater QALY gains. The limitation to this 

analysis was the use of one single patient-reported outcome at 12-months, and the 
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assumption that the 12-month HrQoL utility score was maintained until death. While the 

largest improvement in HrQoL typically occurs in the first six months post-surgery [10], 

recent literature suggests that the long-term pain and function trajectory can vary 

significantly between patients [11]. Longer-term follow-up would allow the explicit 

analysis of the predictors of long-term QALY gains. Using generalized linear models, 

Dakin et al. [12] assessed the importance of six patient attributes (age, gender, body mass 

index (BMI), baseline Oxford Knee Score (OKS), American Society of Anesthesiologists 

(ASA) illness grade and the presence of osteoarthritis in both rather than one knee) over 

five years. They found that all but BMI significantly influenced cost-effectiveness, with 

higher age, OKS and ASA score reducing cost-effectiveness, and cost-effectiveness lower 

for men than women (although TKA as a treatment was cost-effective across the vast 

majority of cases).  

In this research, we investigate the preoperative predictors of QALY gains from TKA 

after seven years. We use a rich patient level dataset with seven-year follow-up that 

incorporates a broad range of patient attributes: age, gender, comorbidities, osteoarthritis 

severity, BMI and obesity, socio-economic indicators and risk factors such as smoking. 

This extends the previous literature in both predictor breadth and length of follow-up. By 

using patient-reported data for seven years, we aim to capture the long-term impact of 

patient attributes on QALY gain from TKA, and to identify attributes that predict cost-

effective TKA versus attributes that suggest TKA is unlikely to be cost-effective.  
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4.2 Methods 

4.2.1 Data 

Data on all patients who had a TKA between 1 January 2006 and 31 December 2007 was 

extracted from a single-institution clinical registry that houses clinical and patient-

reported outcome data in patients who undergo elective lower limb arthroplasty by one 

of 15 surgeons. Baseline data is prospectively collected and includes patient socio-

demographics and self-reported co-morbidities. Follow-up captures an extensive range of 

outcomes, including surgery and prosthesis related variables. Patients complete a general 

health questionnaire (Short Form Health Survey SF-12) within 12 weeks prior to surgery 

and annually postoperatively to five years, then at seven years. Study exclusions were due 

to loss to follow-up or revisions, with a sensitivity analysis completed with revisions 

included. 

4.2.2 Estimation of QALY gain 

HrQoL utility scores are calculated from the SF-12 using the standard Brazier algorithm 

[13]. The QALY gain from TKR was calculated as the area between the utility curve after 

TKA and the hypothetical utility curve had the patient not had a TKA. The utility curve 

after TKA was calculated by linearly interpolating between measurement points. For the 

hypothetical “without TKA” curve, we assumed the preoperative HrQoL utility score 

remained constant for seven years, as is standard in the literature [9, 12]. QALY gains for 

patients that died or were revised (when included in the sensitivity analysis) within the 

seven-year follow-up were calculated in same way up until the year of death or revision, 

with zero QALY gains accrued thereafter.  

4.2.3 Potential preoperative predictors 

Baseline patient socio-economic and demographic characteristics included age, gender, 

BMI which was categorized into non-obese (BMI<30kg/m2), mildly obese 

(30≤BMI<35kg/m2), moderately obese (35kg/m2≤BMI<40kg/m2) and morbidly obese 

(BMI≥40kg/m2), HrQoL utility score, mental component summary (MCS) score (the 

physical component summary score is excluded due to collinearity with the HrQoL and 

MCS scores), smoking status (current smoker, previous smoker or non-smoker), and 

comorbidities assessed via the Charlson Co-morbidity Index (CCI). Socio-economic 

status was assessed via the Socio-Economic Index For Areas (SEIFA) deciles, developed 
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by the Australian Bureau of Statistics for ranking geographic regions within Australia 

according to relative socio-economic disadvantage [14]. Clinical variables included 

contralateral TKA, severity of osteoarthritis as categorized by a score of three or higher 

on the Kellgren-Lawrence scale for both ipsilateral and contralateral sides, and the ASA 

physical functioning score.  

4.2.4 Statistical analysis 

We applied multivariate linear regression analysis to investigate the predictors of QALY 

gain from TKA after seven years. Alternative model specifications were tested in 

supplementary analysis provided in the Appendices. The Ramsey Reset test was 

conducted to test for model misspecification such as incorrect functional form and/or 

omitted variables [15]. Preoperative HrQoL and MCS utility scores were standardized to 

a mean of zero and a standard deviation of one, and age centralized to the mean, to 

improve interpretation of results.  

We then used the estimated regression model to predict the QALY gains for each 

individual based on their characteristics, and evaluated the implications for the expected 

cost-effectiveness of their TKA. Patients were grouped into deciles according to their 

predicted long-term QALY gains. To provide an insight into the characteristics of the 

patients in each decile, a representative patient for each decile was generated based on 

the median attributes. The cost-effectiveness of TKA for each representative patient was 

plotted on the cost-effectiveness plane, using a standardized cost per TKA of $21,530 

(estimated from our dataset), and confidence intervals generated from the standard error 

of QALY gain prediction. We did not explicitly estimate the incremental cost-

effectiveness ratio for each patient due to a smaller set of available cost data, however we 

show in the Appendix that the cost of TKA was relatively invariant to the predictors 

evaluated (see Appendix 3). Lastly, we compared the attributes between predicted cost-

effective and non-cost-effective patients, and highlighted the attribute differences that on 

average made the largest contribution to the lower QALY gains for the non-cost-effective 

patients. All analysis was carried out using Stata 13.1 IC (Stata Corp, College Station, 

USA). 
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4.3 Results 

4.3.1 HrQoL utility scores 

There were 570 TKAs performed in 531 patients, of which 61 cases were excluded based 

on criteria concerning revision (n=32), relocation (n=16) or other loss to follow-up (n = 

13). Therefore, 509 subjects were eligible for seven-year follow-up, of which 488 (96%) 

had complete data. Descriptive statistics of the data are provided in Table 1. The average 

HrQoL utility score was 0.57 (CI 0.56:0.58) preoperatively, increasing to 0.71 (CI: 0.70-

0.72) at 12 months post-surgery, and 0.69 (CI 0.67:0.70) at seven years post-surgery 

(Figure 1). The average total QALY gain over seven years post-surgery per person was 

estimated to be 0.77 (CI 0.70:0.83).  

4.3.2 Predictors of QALY gains from TKA after seven years 

The results of the multivariate regression analysis are presented in Table 2. Predictors 

significantly associated with QALY gains from TKA after seven years at the 5% level 

were preoperative HrQoL utility, osteoarthritis severity in the ipsilateral knee, the 

presence of two or more comorbidities, age and the requirement for an interpreter. Current 

smoking (smoking at baseline) and the absence of severe osteoarthritis in the contralateral 

knee were not significant predictors at the 5% level, but had p values below the 10% level.  

Figure 2 shows the average marginal impact of the full set of predictors on QALY gains 

from TKA after seven years. Patients with three or more comorbidities, or patients 

without severe osteoarthritis in the ipsilateral knee, had significantly lower gains from 

TKA of around half a QALY relative to less comorbid patients and those with severe 

osteoarthritis respectively. Patients with a one standard deviation higher preoperative 

HrQoL utility score, patients who smoked, or patients who required an interpreter had 

lower gains by between a quarter and a third of a QALY. While preoperative HrQoL was 

negatively related with QALY gains, preoperative MCS was positively related. 

Results from different model specifications are shown in Appendix 1, however the key 

inferences did not change. We found no evidence of misspecification using the Ramsey 

RESET test (p = 0.825). The inclusion of revisions did little to the key results (Figure 5, 

Appendix 2). 
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4.3.3 Predicted cost-effectiveness and characteristics of non-cost-effective patients 

The regression model was used to predict cost-effectiveness from patient attributes and 

patients were grouped into deciles according to their predicted QALY gain from TKA. 

Figure 3 presents the cost-effectiveness of median representative patients from a selection 

of the deciles, and Table 3 provides their characteristics. Surgery on the representative 

decile one patient is not cost-effective at a willingness-to-pay threshold of 

$50,000/QALY, while we are only around 50% certain that surgery on the decile two 

representative patient would be cost-effective.  

Non-cost-effective decile one patients have significantly better preoperative HrQoL and 

lack severe osteoarthritis in the contralateral knee, but conversely have higher 

comorbidity, a worse physical ASA score, and come from worse socio-economic areas, 

relative to cost-effective patients in decile five or ten. The attribute differences that make 

the largest contribution to the reduced cost-effectiveness are shown in Figure 4. The major 

contributors of the long-term QALY difference between deciles one and five (Figure 4(a)) 

are the higher preoperative quality of life in decile one, the higher probability of a lack of 

severe osteoarthritis, an ASA score of three versus two, and the presence of comorbidity 

(versus no comorbidity). These attributes, with the addition of age (decile one patients 

are on average ten years older than decile ten patients), are also the major contributors to 

the differences in QALY gain between non-cost-effective decile one and particularly 

cost-effective decile ten (Figure 4(b)). 

4.4 Discussion 

4.4.1 Predictors of long-term QALY gain 

We found that patients with worse preoperative HrQoL and severe osteoarthritis were 

significantly associated with better long-term QALY gains. We observed a positive 

although not significant association between preoperative mental health and QALY gains 

(Figure 2), indicating that poorer preoperative mental health can restrict gains from TKA. 

These findings are consistent with a recent systematic review [16] that found lower 

preoperative mental health can influence the outcomes from TKA. We also found that 

QALY gains from TKA were negatively associated with both the level of comorbidity 

and physical malfunction as measured by the CCI and ASA scores respectively (Figure 

3) however there was large uncertainty around the findings on the ASA score. 



107 
 
 

 

Nonetheless the negative association with QALYs is consistent with Dakin et al. [12], 

and more widely with the literature on functional outcomes [17, 18].  

Overall, the above findings using seven-year follow-up were consistent with previous 

literature based predominantly on shorter follow-up times, however this need not always 

be the case. Given the age of the TKA patient cohort, competing mortality and morbidity 

risks are likely to increasingly impact on cost-effectiveness, and thus it remains important 

to explicitly measure the QALY gains from TKA over the long-term as the data becomes 

available. 

4.4.2 The requirement for an interpreter  

We found that the requirement for an interpreter significantly reduced the long-term 

QALY gains from TKA, consistent with previous research using earlier data from our 

centre that identified worse TKA functional outcomes for those from a non-English-

speaking background [19]. The protocol at the study institution offers free interpreter 

services for all patients who self-report that English is not their primary language. An 

interpreter alert is added to the patient’s hospital profile that automatically generates a 

referral for an interpreter when a follow-up appointment is made. 65 (13%) patients 

utilized these services.  

More generally, race has been shown to impact clinical outcomes from TKA [20]. 

Unfortunately our study cannot decipher the causal pathways of race, non-English-

speaking households or the presence of an interpreter to negative outcomes, or even if the 

outcome is a function of downward bias due to the interpreter. However, we can say that 

this result is not simply confounding socio-economic status more generally, as the 

geographical socio-economic geographic SEIFA variable was not significantly associated 

with negative outcomes (even under different model specifications shown in Appendix 

1). This is consistent with earlier work that similarly found that socio-economic status 

was not an independent predictor or poor pain and functional outcomes [21], and that 

those from lower socioeconomic groups appear to benefit equally from TKA [22]. Our 

findings suggest that the issues of race, non-English-speaking and the presence of an 

interpreter are more nuanced than simple confounding with socio-economic status.  
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4.4.3 Smoking and BMI 

The literature on modifiable risk factors focuses largely on smoking and obesity, and 

suggests better outcomes for non-smokers [8] and those with lower BMI [23, 24]. Our 

analysis confirms that smoking is negatively related to the QALY gains from TKA. When 

we considered BMI as a continuous variable (Appendix 1), it was also negatively 

associated with QALY gains at the 10% level, however the main model using obesity 

categories suggests that BMI only begins to negatively impact on HrQoL for the morbidly 

obese (those with a BMI ≥ 40kg/m2).    

4.4.4 Implications for cost-effectiveness and identifying non-cost-effective patients 

Identifying prior to surgery those patients who would not receive long-term benefits from 

TKA could improve both patient and cost outcomes. Recent research has developed a 

simple decision aid nomogram to help both surgeon and patient understand the likelihood 

of response to TKA at 12 months [25]. Our research was complementary, investigating 

the predictors of long-term cost-effectiveness of TKA rather than short-term response to 

TKA. We found that TKA was cost-effective for the vast majority of patients, but the 

biggest difference between cost-effective and non-cost-effective patients was the 

patient’s preoperative HrQoL. Those predicted to have relatively poor gains from TKA 

already have relatively high preoperative HrQoL. They also had a higher probability of 

non-severe osteoarthritis in both ipsilateral and contralateral knees, although the majority 

still had severe osteoarthritis in the ipsilateral knee. For these patients however, severe 

osteoarthritis did not appear to hinder their quality of life. Patient adaptation is known to 

cause a divergence between radiographic and symptomatic outcomes [26] and could 

provide one explanation of this intriguing result. Another potential explanation stems 

from measurement issues, with HrQoL of osteoarthritis sufferers known to fluctuate over 

time and susceptible to relative response shifts (see Chapter 5). For surgeons attempting 

to identify appropriate candidates for TKA, this suggests that radiographic osteoarthritis 

is a necessary but not sufficient condition for selecting patients for TKA; for the TKA to 

be cost-effective, patients should also be experiencing a reduced quality of life as a result 

of the osteoarthritis. Conversely, unusually high preoperative HrQoL or the absence of 

severe osteoarthritis should act as a flag for a potential non-cost-effective patient, 

consistent with the earlier nomogram decision tool that found a lack of severe 

radiographic or symptomatic osteoarthritis (albeit measured by the Western Ontario and 
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McMaster Universities osteoarthritis index rather than HrQoL) predicted a lower chance 

of response.  

4.4.5 Limitations 

Several limitations warrant mention. First, our study was performed at a single institution 

and the sourcing of patients from a single centre was a potential source of selection bias. 

There are very few studies which have the range of pre-surgery variables to allow 

comparison, but we have compared our results for key attributes to those from studies 

that investigated a narrower range of patient attributes. Our key results remained robust 

to changes in model specification.  

Second, the long-term nature of the analysis draws into question the use of a constant 

‘without surgery’ counterfactual at the preoperative HrQoL utility score. Comorbid TKA 

recipients and those in poor health as reflected by high ASA scores are more likely to 

have suffered some amount of deterioration in HrQoL in the absence of TKA. The lower 

QALY gains from TKA for this cohort might simply reflect the deterioration in HrQoL 

that would have been experienced had the patient not had TKA. Similarly, a patient with 

relatively high preoperative HrQoL could undergo TKA as a pre-emptive measure to 

avoid future deterioration in HrQoL. Presently, economic evaluations typically adopt the 

same counterfactual assumptions adopted here, namely carrying forward the preoperative 

HrQoL utility score (for example Jenkins et al. [9] and Dakin et al. [12]) and thus cannot 

capture the gains from TKA in these instances. We suggest further work is required to 

investigate the non-surgical HrQoL pathway, in order to accurately assess if TKA is cost-

effective for a wide variety of patients. 

Third, due to a smaller cost dataset, our cost-effectiveness analysis used an average cost 

for TKA rather than individual-level cost data. We show in the Appendix that the cost of 

TKA was relatively invariant to the predictors evaluated but that patients with high levels 

of comorbidity and poor ASA scores could be expected to have higher costs for the TKA 

(Appendix 3). This would reinforce the non-cost-effectiveness of deciles one and two 

which have relatively high prevalence of these attributes.   
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4.5 Conclusion 

Despite the TKA volumes currently performed, there is surprisingly little research into 

the predictors of the long-term cost-effectiveness of TKA. We found that the patients with 

severe knee osteoarthritis and poor preoperative HrQoL but little comorbidity were most 

likely to achieve good long-term QALY outcomes. TKA is a cost-effective treatment for 

these patients. By contrast, TKA is unlikely to be a cost-effective treatment for patients 

with particularly good preoperative HrQoL, or non-severe knee osteoarthritis. This is 

perhaps not surprising, but does reiterate the need to focus the treatment on those who 

will benefit the most from it – those with relatively poor HrQoL largely due to the 

physical issues associated with end-stage knee OA. We also found that the requirement 

of an interpreter was associated with significantly poorer outcomes. The reasons for this 

require further research.   
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Figures 

Figure 1: Boxplot of health-related quality of life preoperatively and at each follow-up 
point 
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Figure 2: Marginal impact of patient attributes on long-term QALY gain from surgery 

 
ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; 
PreOp HrQoL (z) = standardized preoperative health-related quality of life score; OA = osteoarthritis; 
C/L = contralateral; Age (c) = centralized age; SEIFA = Socio-Economic Index For Areas; TKA (C/L) = 
contralateral total knee arthroplasty; PreOp MCS (z) = standardized preoperative mental component 
summary score.  
Dots show average effect; bars show 95% confidence intervals. 
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Figure 3: Cost-effectiveness plane for TKA versus no TKA 

 
Diamond point estimates represent each decile with confidence intervals generated from the 
prediction standard errors. Cost offsets between deciles are to aid clarity of viewing only. The dashed 
line represents a $50,000/QALY threshold for recommended adoption where cases above the line are 
not considered cost-effective, and cases below the line are considered cost-effective.     
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Figure 4: Drivers of differences in long-term QALY gains from surgery between patient 
deciles 

 

 
Striped bars show median seven-year QALY gain after TKA for given deciles. Gray bars show 
contribution of each attribute to the QALY difference between deciles. 4(a) Compares decile one (non-
cost-effective) to decile five (cost-effective). 4(b) (bottom) compares decile one (non-cost-effective) to 
decile ten (particularly cost-effective). ASA, American Society of Anesthesiologists illness grade; CCI, 
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Charlson comorbidity index; PreOp HrQoL (z), standardized preoperative health-related quality of life 
score; OA, osteoarthritis; QALYs, quality-adjusted life years. 
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Tables 

Table 1: Descriptive statistics 

Variable Preoperative 1 year 7 year 

Observations 488 488 488 

Preoperative HrQoL utility score 0.57±0.10 0.71±0.15 0.69±0.15 

Preoperative MCS score 51.5±10.2 51.1±10.9 48.8±11.4 

Deaths 0 7 (1%) 71 (15%) 

Gender (male) 160 (33%)   

Age at surgery (years) 71.0±8.5   

Ipsilateral OA (K-L 3 or 4) 470 (97%)   

Contralateral OA (K-L 3 or 4) 268 (56%)   

Obesity (yes) 289 (59%)   

30-35 152 (31%)   

35-40 93 (19%)   

40+ 44 (9%)   

BMI (kg/m2) 31.8±5.8   

Comorbidities (CCI) 

0 

1 

2 

3+ 

 

249 (51%) 

151 (31%) 

68 (14%) 

20 (4%) 

  

ASA 

1 

10 (2%) 

289 (59%) 
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2 

3 

4 

178 (36%) 

11 (2%) 

Diabetes (yes) 96 (20%)   

Interpreter 65 (13%)   

SEIFA 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

 

27 (6%) 

29 (6%) 

23 (5%) 

19 (4%) 

47 (10%) 

42 (9%) 

97 (20%) 

91 (19%) 

82 (17%) 

31 (6%) 

  

Current smoker (yes) 34 (7%)   

Ex-smoker (yes) 96 (20%)   

Contralateral TKA (yes) 138 (28%)   

Data are means ± standard deviations for continuous variables, and counts and percentages for 
discrete variables. ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson 
comorbidity index; HrQoL = health-related quality of life score; OA = osteoarthritis; SEIFA = Socio-
Economic Index For Areas; TKA = total knee arthroplasty; MCS = mental component summary. 
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Table 2: Multivariate linear regression of QALY gain at seven years 

Variable Coefficient P-value 95% confidence 

intervals 

(Constant) 1.15 <0.001 0.65 1.65 

Preoperative HrQoL utility score 

(standardized) 

-0.34 <0.001 -0.43 -0.26 

Preoperative MCS score (standardized) 0.07 0.144 -0.02 0.16 

Ipsilateral OA (K-L 3 or 4) -0.51 0.004 -0.85 -0.16 

Contralateral OA (K-L 3 or 4) -0.15 0.059 -0.31 0.01 

SEIFA -0.01 0.370 -0.04 0.01 

Age (years; centralized) -0.01 0.002 -0.02 -0.01 

Gender (male) 0.03 0.678 -0.12 0.18 

Diabetes (yes) 0.06 0.506 -0.13 0.26 

Interpreter (yes) -0.24 0.015 -0.44 -0.05 

Contralateral TKA (yes) 0.00 0.981 -0.17 0.17 

BMI (reference <30kg/m2)     

30-35kg/m2 0.06 0.473 -0.10 0.21 

35-40kg/m2 0.06 0.513 -0.13 0.25 

40+ kg/m2 -0.14 0.294 -0.39 0.12 

Smoking (reference = non-smoker)     

Ex-smoker 0.09 0.314 -0.08 0.26 

Current smoker -0.26 0.054 -0.52 0.00 

CCI (reference = 0)     
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Coefficient Coefficient P-value 95% confidence 

intervals 

1 -0.07 0.425 -0.24 0.10 

2 -0.24 0.033 -0.45 -0.02 

3+ -0.54 0.007 -0.92 -0.15 

ASA (reference = 1)     

2 -0.11 0.630 -0.57 0.34 

3 -0.17 0.475 -0.64 0.30 

4 -0.41 0.204 -1.04 0.22 

ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; HrQoL 
= health-related quality of life score; OA = osteoarthritis; SEIFA = Socio-Economic Index For Areas; TKA = 
total knee arthroplasty; MCS = mental component summary. 
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Table 3: Representative median patient attributes by QALY decile 

 (Least cost-effective)                                                 Deciles                                                (Most cost-effective) 

 1 2 3 4 5 6 7 8 9 10 

Incremental cost-effectiveness ratio ($/QALY) 230,499 $53,053 $37,271 $31,701 $27,945 $25,054 $23,077 $20,837 $18,743 $15,865 

Preoperative HrQoL utility score (standardized) 1.89 0.94 0.51 0.15 0.30 -0.29 -0.10 -0.41 -0.45 -1.04 

Preoperative MCS score (standardized) 0.72 0.48 0.12 0.17 0.30 0.19 0.04 0.06 -0.18 -0.43 

Ipsilateral OA (K-L 3 or 4) 0 (0.19) 0 (0.06) 0 (0.02) 0 (0.02) 0 (0.00) 0 (0.00) 0 (0.02) 0 (0.04) 0 (0.00) 0 (0.00) 

Contralateral OA (K-L 3 or 4) 1 (0.33) 1 (0.29) 1 (0.29) 1 (0.27) 0 (0.35) 0 (0.29) 0 (0.31) 0 (0.29) 0 (0.23) 0 (0.21) 

SEIFA 8 7 7 8 7 7 7 7 7 6 

Age (years; centralized) 4.0 3.0 4.0 2.0 5.0 1.0 -1.0 1.5 -4.0 -6.5 

Gender (male) 1 (0.59) 1 (0.58) 0 (0.46) 1 (0.67) 1 (0.67) 1 (0.69) 1 (0.75) 1 (0.81) 1 (0.75) 1 (0.73) 

Diabetes (yes) 0 (0.20) 0 (0.33) 0 (0.25) 0 (0.25) 0 (0.08) 0 (0.13) 0 ( 0.10) 0 (0.19) 0 (0.27) 0 (0.15) 

Interpreter (yes) 0 (0.14) 0 (0.13) 0 (0.15) 0 (0.29) 0 (0.04) 0 (0.23) 0 (0.10) 0 (0.08) 0 (0.06) 0 (0.08) 

Contralateral TKA (yes) 0 (0.33) 0 (0.29) 0 (0.29) 0 (0.27) 0 (0.35) 0 (0.29) 0 (0.31) 0 (0.29) 0 (0.23) 0 (0.21) 

BMI category 0 1 0 1 1 1 1 1 1 1 

Smoking 0 (0.10) 0 (0.08) 0 (0.10) 0 (0.06) 0 (0.02) 0 (0.04) 0 (0.02) 0 (0.15) 0 (0.04) 0 (0.08) 
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 (Least cost-effective)                                                 Deciles                                                (Most cost-effective) 

 1 2 3 4 5 6 7 8 9 10 

CCI 1 1 1 1 0 0 0 0 1 0 

ASA 3 3 2 2 2 2 2 2 2 2 

ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; HrQoL = health-related quality of life score; OA = osteoarthritis; 
SEIFA = Socio-Economic Index For Areas; TKA = total knee arthroplasty; MCS = mental component summary. BMI categories 0 = < 30 kg/m2; 1 = 30≤BMI<35kg/m2. 
Bracketed figures provide proportions for binary variables.  
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Appendix 1  

Regression model with alternative specifications for SEIFA and BMI 

Table 4: Multivariate regression of QALY gain at seven years – SEIFA sensitivity 

Variable Coefficient P-value 95% confidence 

intervals 

(Constant) 1.09 <0.001 0.56 1.63 

Preoperative HrQoL utility score 

(standardized) 

-0.34 <0.001 -0.42 -0.26 

Preoperative MCS score (standardized) 0.07 0.135 -0.02 0.16 

Ipsilateral OA (K-L 3 or 4) -0.49 0.007 -0.84 -0.13 

Contralateral OA (K-L 3 or 4) -0.15 0.062 -0.31 0.01 

SEIFA (reference = 1)     

2 -0.08 0.678 -0.45 0.30 

3 0.03 0.892 -0.38 0.43 

4 -0.04 0.843 -0.45 0.37 

5 0.06 0.746 -0.29 0.40 

6 -0.14 0.411 -0.49 0.20 

7 0.02 0.892 -0.28 0.32 

8 -0.11 0.479 -0.42 0.20 

9 -0.15 0.333 -0.47 0.16 

10 -0.01 0.956 -0.39 0.36 

Age (centralized) -0.01 0.002 -0.02 -0.01 

Gender (male) 0.04 0.579 -0.11 0.19 
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Variable Coefficient P-value 95% confidence 

intervals 

Diabetes (yes) 0.05 0.584 -0.14 0.25 

Interpreter (yes) -0.22 0.031 -0.42 -0.02 

Contralateral TKA (yes) -0.01 0.920 -0.18 0.16 

BMI (reference <30kg/m2)     

30-35kg/m2 0.05 0.558 -0.11 0.20 

35-40kg/m2 0.06 0.520 -0.13 0.25 

40+ kg/m2 -0.14 0.279 -0.40 0.12 

Smoking (reference = non-smoker)     

Ex-smoker 0.10 0.257 -0.07 0.27 

Current smoker -0.28 0.042 -0.54 -0.01 

CCI (reference = 0)     

1 -0.08 0.380 -0.25 0.09 

2 -0.25 0.025 -0.47 -0.03 

3+ -0.53 0.008 -0.92 -0.14 

ASA (reference = 1)     

2 -0.08 0.749 -0.54 0.39 

3 -0.14 0.562 -0.61 0.33 

4 -0.37 0.256 -1.01 0.27 

ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; HrQoL 
= health-related quality of life score; OA = osteoarthritis; SEIFA = Socio-Economic Index For Areas; TKA = 
total knee arthroplasty; MCS = mental component summary. 
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Table 5: Multivariate linear regression of QALY gain at seven years – BMI sensitivity 

Variable Coefficient P-value 95% confidence 

intervals 

(Constant) 1.44 <0.001 0.85 2.03 

Preoperative HrQoL utility score 

(standardized) 

-0.35 <0.001 -0.43 -0.27 

Preoperative MCS score (standardized) 0.07 0.107 -0.02 0.16 

Ipsilateral OA (K-L 3 or 4) -0.53 0.003 -0.88 -0.18 

Contralateral OA (K-L 3 or 4) -0.14 0.076 -0.30 0.01 

SEIFA -0.01 0.269 -0.04 0.01 

Age (years; centralized) -0.02 0.000 -0.02 -0.01 

Gender (male) 0.06 0.445 -0.09 0.20 

Diabetes (yes) 0.09 0.371 -0.10 0.28 

Interpreter (yes) -0.23 0.023 -0.42 -0.03 

Contralateral TKA (yes) 0.01 0.898 -0.16 0.18 

BMI (continuous) -0.01 0.092 -0.02 0.00 

Smoking (reference = non-smoker)     

Ex-smoker 0.09 0.283 -0.08 0.26 

Current smoker -0.26 0.055 -0.52 0.01 

CCI (reference = 0)     

1 -0.08 0.361 -0.25 0.09 

2 -0.23 0.036 -0.45 -0.01 

3+ -0.50 0.011 -0.88 -0.11 
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Variable Coefficient P-value 95% confidence 
intervals 

ASA (reference = 1)     

2 -0.06 0.805 -0.51 0.40 

3 -0.11 0.637 -0.58 0.36 

4 -0.35 0.276 -0.98 0.28 

ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; HrQoL 
= health-related quality of life score; OA = osteoarthritis; SEIFA = Socio-Economic Index For Areas; TKA = 
total knee arthroplasty; MCS = mental component summary. 
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Appendix 2 

Regression model with revisions included in analysis 

Figure 5: Marginal impact of patient attributes on long-term QALY gains from surgery: 
sensitivity analysis with revisions included 

 
ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; 
PreOp HrQoL (z) = standardized preoperative health-related quality of life score; OA = osteoarthritis; 
C/L = contralateral; Age (c) = centralized age; SEIFA = Socio-Economic Index For Areas; TKA (C/L) = 
contralateral total knee arthroplasty; PreOp MCS (z) = standardized preoperative mental component 
summary score. Dots show average effect; bars show 95% confidence intervals. 
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Appendix 3 

Regression model of total costs of TKA 

Figure 6: Marginal impact of patient attributes on the cost of surgery 

 
ASA = American Society of Anesthesiologists (ASA) illness grade; CCI = Charlson comorbidity index; 
PreOp HrQoL (z) = standardized preoperative health-related quality of life score; OA = osteoarthritis; 
C/L = contralateral; Age (c) = centralized age; SEIFA = Socio-Economic Index For Areas; TKA (C/L) = 
contralateral total knee arthroplasty; PreOp MCS (z) = standardized preoperative mental component 
summary score. Dots show average effect; bars show 95% confidence intervals. 
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PART 2: Chapters 5 and 6: Congenital Heart Disease 
Table 1(iii): Chapters 5 and 6: Congenital heart disease  

Chapter Paper Registry Cost Longitudinal Linked Big 
data 

 Osteoarthritis and total knee replacement 
2 Patient-reported outcome 

measurements: getting the 
timing right 

X  X X  

3 Regression to the mean in 
osteoarthritis 

  X X  

4 Predicting the long-term 
gains in health-related 
quality of life after total knee 
arthroplasty 

X X X X  

Models of care in the Fontan congenital heart disease cohort 
5 The Fontan epidemic: 

projections of the Fontan 
population to 2045 

X     

6 Aspirin versus warfarin cost X X  X  

Big data classification and regression tree (CART) applications in health economics

7 Using classification and 
regression trees (CART) to 
identify prescribing 
thresholds for cardiovascular 
disease 

  X X X 

Health systems funding

8 Using CART to identify 
thresholds and hierarchies in 
the determinants of funding 
decisions 

 X  X X 

CART methods for health economics

9 Multicollinearity in CART     X 
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Chapter 5: The Fontan epidemic: population projections from 
the Australia and New Zealand Fontan Registry 

Published in the International Journal of Cardiology (May 2016) with Kim Dalziel 

PhD, Russell Nunn MSc, Karin Du Plessis PhD, William Y Shi MBBS, David 

Celermajer MBBS MSc PhD DSc FAHA FRACP FAA, David Winlaw MBBS MD 

FRACS, Robert G. Weintraub MBBS FRACP, Leeanne Grigg MBBS MD FRACP, 

Dorothy J Radford MBBS MD FRACP, Andrew Bullock MD MBBS FRACP, Thomas L 

Gentles MBChB FRACP, Gavin R Wheaton MBBS FRACP, Tim Hornung MD, Robert 

N Justo MBBS FRACP and Yves d’Udekem MD PhD  

Abstract 

Background 

The number and age demographic of the future Fontan population is unknown. 

Methods 

Population projections were calculated probabilistically using microsimulation. 

Mortality hazard rates for each Fontan recipient were calculated from survivorship of 

1,353 Fontan recipients in the Australia and New Zealand Fontan Registry, based on 

Fontan type, age at Fontan, gender and morphology. Projected rates of new Fontan 

procedures were generated from historical rates of Fontan procedures per population 

births.  

Results 

At the end of 2014, the living Fontan population of Australia and New Zealand was 

1,265 people from an Australian and New Zealand regional population of 28 million 

(4.5 per 100,000 population). Of those, 165(13%) received an atrio-pulmonary (AP) 

procedure, 262(21%) a lateral tunnel (LT) procedure and 838 (66%) an extra-cardiac 

conduit (ECC) procedure. This population is expected to grow to 1,917 (95% CI: 1,846: 

1,986) by 2025 (5.8 per 100,000 population), with 149(8%) AP procedures, 254(13%) 

LT procedures, and 1,514 (79%) ECC procedures. By 2045, the living Fontan 

population is expected to reach 2,986 (95% CI: 2,877: 3,085; 7.2 per 100,000 

population). The average age of the Fontan population is expected to increase from 18 
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years in 2014 to 23 years (95% CI: 22-23) by 2025, and 31 years (95% CI: 30-31) by 

2045. 

Conclusion 

The Australian and New Zealand population of patients alive after a Fontan procedure 

will double over the next 20 years increasing the demand for heart-failure services and 

cardiac transplantation. Greater consideration for the needs of this mostly adult Fontan 

population will be necessary. 
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5.1 Introduction 

The introduction of the Fontan procedure in 1971 dramatically improved the chances of 

survival into adulthood for patients born with a single ventricle [1]. Successive changes 

of techniques have further improved the survival of this population with various teams 

recently reporting 20-year survival after Fontan superior to 92% for those who received 

an extra-cardiac conduit (ECC) or lateral tunnel (LT) procedure [2]. However, this 

population is still afflicted by a heavy burden of disease. In recent times, it has been 

estimated that close to half of Fontan recipients suffer from adverse events such as 

arrhythmias, thrombo-embolic events, reintervention and poor functional status [2]. With 

the lack of population-based data, and the progressive improvements in survival, it has 

been difficult to build prediction estimates of this population. This lack of prediction 

leaves us unprepared to face the needs of this growing population. We aimed to utilize 

the long-term follow-up of this population captured by a multi-site registry to develop a 

prediction of the growth of this patient population over the next 30 years.  

5.2 Materials and Methods 

5.2.1 Data: the Australia and New Zealand Fontan Registry 

The Australia and New Zealand Fontan Registry collects a limited set of health data in all 

survivors of a Fontan procedure successfully discharged from hospital. The design and 

implementation of the Registry have been previously reported [3]. Authorization for 

ongoing analysis of the data collected by the Registry has been included within the initial 

design of the Registry. Data were censored at the end of 2014. 

5.2.2 Definitions 

The hazard rate for mortality is the probability of death in the next year, conditional on 

having survived to that age. The general population hazard rate for mortality can be 

obtained from the Australian Bureau of Statistics [4], and captures the mortality due to 

all causes. We defined the Fontan hazard rate for mortality as the hazard rate for mortality 

specific to the Fontan population.  
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5.2.3 Statistical analysis 

Survival was examined with a proportional hazards multivariate model using the factors 

and groupings identified in previous survival analysis [2]: Fontan type (atrio-pulmonary 

(AP) versus ECC/LT), age at Fontan (> seven years), gender and morphology 

(hypoplastic left-heart syndrome (HLHS) versus other). Testing of the proportional 

hazards assumption was based on the link test of model specification and a Schoenfeld 

residuals test of the Cox form of the model [5].  

The Registry has 34 years of ‘at-risk’ data on survival for a minimum of ten patients who 

have undergone an AP, 26 years for those who received a LT, and 18 years for those who 

received an ECC, allowing the estimation of the mortality hazards for this period. To 

estimate the mortality hazards for the future years with yet unaccounted survival, we 

employed parametric modelling, a standard technique in health economics [6]. Parametric 

curves were fitted to the known survivorship data and used to project the mortality 

hazards of those living with a Fontan circulation later in life. We employed a Weibull 

curve for the underlying functional form, and tested a Gompertz curve in a sensitivity 

analysis. These two functional forms are typically used in survival analysis because their 

forms are well-suited to modelling human mortality [6].  

Parametric modelling techniques are suitable when the hazard trends are thought to be 

relatively consistent [7]. To date, this is true for the Fontan hazard rates [2]. However, 

there is uncertainty about how these hazards will change as this population grows older. 

To evaluate this uncertainty, we modelled two separate scenarios. In the base case 

scenario, we adopted a ‘constant relative risk’ assumption that is sometimes used in other 

diseases such as childhood cancer mortality modelling [8]. We assumed that the ratio of 

mortality risk between Fontan survivors and the wider population at 35 years post-Fontan 

is maintained as the Fontan recipients grow older (Figure 1(a)). This suggests a rapidly 

increasing mortality hazard rate for the AP Fontan population, relative to current trends. 

In a sensitivity analysis, we tested the “best-case” assumption that the Fontan mortality 

hazard rates continue on current trends, until reaching the all-cause population-wide 

hazard rates. At this point, around 65 years after the Fontan procedure, the Fontan 

mortality hazard rates increase in line with the wider population (Figure 1(b)). Under this 

assumption, the all-cause population-wide hazards provided a lower-limit for the 

unknown later-life Fontan hazards: we would not expect a 70-year-old Fontan recipient 
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to have a lower chance of death in her 70th year than a 70-year-old from the general 

population. The proportion of AP Fontan recipients that have takedown, transplant or 

conversion was estimated based on age and Fontan type after the survival analysis. 

Including these as intermediate events within the survival analysis did not significantly 

impact on longer-term population estimates and was therefore excluded. 

Fontan population projections were calculated using microsimulation, a technique 

commonly used to model heterogeneous life paths at the individual level [9]. Projected 

rates of new Fontan procedures were probabilistically generated based on mean and 

standard deviation of ten-year historical (2005-2015) rates of Fontan procedures per 

population births. Australian and New Zealand birth projections were sourced from the 

Australian Bureau of Statistics [10] and Statistics New Zealand [11] respectively. 

Survivorship for each Fontan recipient was based on Fontan type (atrio-pulmonary (AP) 

versus ECC/LT), age at Fontan (> seven years), gender and morphology (hypoplastic left-

heart syndrome (HLHS) versus other) as described above. For each individual, the hazard 

ratios for these characteristics were randomly drawn from the 95% confidence intervals 

derived in the Weibull analysis, a standard approach in microsimulation [9]. All new 

Fontan procedures were assumed to be ECC type, as is the custom in the study region, 

while age at Fontan, gender and morphology were randomly determined based on current 

Registry proportions. The microsimulation was repeated 100 times and confidence 

intervals were calculated for the mean projections. Data analysis was performed using 

Stata 13.1 [Stata Corp, College Station, USA) and Matlab 2015a [12].  

5.3 Results 

Data for the current analyses were extracted from the Fontan Registry on 11 June 2015. 

Between 1975 and the end of 2014, the details of 1,423 patients who had received a 

Fontan procedure within Australia or New Zealand had been recorded by the Registry. 

Nineteen patients (1%) were excluded as the Fontan procedure was performed overseas; 

12 (1%) refused to participate in the Registry or subsequently withdrew; 18 (1%) had a 

missing date of Fontan procedure; and 15 (1%) were known to be deceased but the 

specific date of death was missing. Of the remaining total of 1,353 procedures, 211 (16%) 

were AP connection performed between 1975 and 1996; 285 (21%) were a LT performed 

from 1980 to 2014; and 857 (63%) were an ECC performed from 1990 to 2014. The 
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characteristics of the patients are displayed in Table 1(a). There were 88 deaths after 

hospital discharge (46 AP, 23 LT and 19 ECC Fontans (Table 1(b)). Subsequent 

takedown, transplant or conversions have been performed on 48 (23%) of the AP 

recipients, 14 (5%) of the LT recipients, and 14 (2%) of the ECC Fontan recipients (Table 

1(c)). Physical activity as measured by the New York Heart Association score of III or 

IV (13) was recorded in 53 (4%) recipients (18 AP, nine LT and 26 ECC Fontans).  

5.3.1 Survival 

The 18-year survival was 85% (95% CI: 79-89%) for an AP Fontan, 93% (95% CI: 89-

95%) for an LT Fontan and 92% (95% CI: 89-96%) for an ECC Fontan. The 26-year 

survival was 80% (95% CI: 74-85%) for an AP Fontan, and 89% (95% CI: 82-94%) for 

an LT Fontan. The 34-year survival of patients who had an AP Fontan was 75% (95% CI: 

67-81%).The Kaplan Meier curve of survival is shown in Figure 2. By multivariate 

parametric regression, the risk factors predictive of mortality were atrio-pulmonary 

Fontan type, Fontan operation after seven years of age and male gender (Table 2). HLHS 

morphology was not a significant predictor of mortality at the 10% level. The Weibull 

shape parameter of less than one suggests that the Fontan hazards are slightly decreasing 

with time since Fontan procedure. The model specification and Schoenfeld residuals tests 

(Appendix 1) suggest that the proportional hazard assumption was not violated.    

5.3.2 Current population 

At the end of 2014, the current estimate of the living Fontan population of Australia and 

New Zealand was 1,265 people (550 females, 715 males) from an Australian and New 

Zealand population of 28.0 million (population proportion of 4.5 per 100,000). Of those, 

165 (13%) received an AP procedure, 262 (21%) a LT procedure and 838 (66%) an ECC 

procedure. Forty (24%) of the living AP population have had a takedown, conversion or 

transplant.  

5.3.3 Base case projections using constant relative risk 

The microsimulation model projects that the living population of Fontan recipients will 

grow to 1,917 (95% CI: 1,846: 1,986) by 2025 for a population proportion of 5.8 per 

100,000. This will be split between 149 (8%) AP procedures, 254 (13%) LT procedures, 

and 1,514 (79%) ECC procedures, with 58 (39%) of the AP recipients having had a 

takedown, transplant or conversion. By 2045, the living Fontan population is expected to 
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reach 2,986 (95% CI: 2,877: 3,085 for a population proportion of 7.2 per 100,000. The 

Fontan types will be 88 AP (3%), 220 LT (7%) and 2,678 (90%) ECC procedures 

respectively (Figure 3), with 52 (66%) of the AP recipients having had a takedown, 

transplant or conversion.     

The average age of the Fontan population increases from 18 years in 2014 to 23 years 

(95% CI: 22-23) by 2025, and 31 years (95% CI: 30-31) by 2045 (Table 3). 

5.3.4 Sensitivity analyses: projections using current trends in survival and the 
Gompertz distribution for parametric modelling 

In the first sensitivity test, we investigated the impact of more optimistic assumptions 

around later-life Fontan hazards, where current trends in survival are assumed to continue. 

Under this assumption, the overall population projections increased relative to the base 

case, but fell within the base case confidence intervals for the entire projection period. In 

the second sensitivity test, we investigated the impact of using a Gompertz rather than 

Weibull function for the parametric curve fitting. Using the Gompertz function, the 

overall population projections decreased relative to the base case, but fell within the base 

case confidence intervals for the entire projection period. This indicated the population 

projections were robust to changes in estimating the Fontan hazards (Figure 4). 

5.4 Discussion 

5.4.1 Significance of results 

Growth of the Fontan population will likely put pressures on health systems in the future. 

However, to date, we have failed to produce accurate projections of this population 

because of the lack of population-based data and the difficulty in producing reliable 

predictive models. The Australia and New Zealand Fontan Registry provides insight into 

an entire population; its 34 years survival data allows us to make more accurate 

predictions because the attrition rate of this population has remained remarkably constant 

for patients with each form of Fontan. Our modelling suggests that the living Fontan 

population in the region will continue to grow steadily, doubling in size by 2036, from 

1,265 to 2,531 and reaching 2,986 by 2045. This result is driven by projected 

survivorship, which shows the mortality hazard rate for a current LT or ECC Fontan 
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recipient to be around four deaths per 1,000 per year, the same all-cause mortality rate as 

a 57-year-old from the general population [4].   

Such growth will increase demand for heart failure services, in particular heart 

transplantation, and add cost pressures to our healthcare systems (forthcoming). We face 

a chronic shortage of donor organs [14]. We have recently demonstrated that patients with 

failing Fontans have unequal access to heart transplantation, because of shortage of donor 

organs, the degree of complexity of their often-multi-organ disease and the lack of faith 

in their outcomes after transplantation (forthcoming). The largest North-American multi-

centre study of heart transplantation after Fontan comprised only 269 patients over 15 

years [15], implying that not all patients who experience failure of the Fontan circulation 

are being offered transplantation. Our projection raises the concern that access to heart 

transplantation will decrease relative to need over the next decade, encouraging further 

research and investment in novel strategies, including long-term assist devices in selected 

cases [16].  

The average age of the Fontan population is expected to increase rapidly to 31 years by 

2045, gaining around five years per decade. This increase in age of this population will 

be associated with an increased resource requirement, particularly in adult congenital and 

heart failure centres.  

5.4.2 Strengths and limitations 

Fontan survivorship and associated hazard curves remain the major source of uncertainty 

in this analysis especially for the more recent version of the Fontan. We have completed 

sensitivity testing to evaluate the robustness of our results, and found that strongly 

increasing hazards in the fourth decade post Fontan surgery would not significantly 

impact on medium term Fontan population projections. This is because of the relatively 

young average age of the current Fontan population (18 years), and our assumption that 

the LT/ECC survival continues to surpass the original AP type Fontan. However, should 

unforeseen late-failures occur, then we may be overestimating the size of the 2045 

population. Similarly, the move from AP to LT and ECC procedures over the last 20 years 

has seen a significant improvement in survivorship. Should similar breakthroughs occur 

over the next two decades, we may be underestimating the size of the 2045 population. 

The withdrawal or censoring of 5% of Fontan recipients in the 2014 data is another factor 

which could contribute to an underestimate of the true population.   
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Secondly, we modelled survival as a function of Fontan type, age at Fontan, gender and 

some basic morphology, but events across the life course such as heart transplantation 

can also impact on survival. The patients who had undergone an ECC seem to represent 

a significant proportion of the heart transplantations despite having a shorter follow-up 

time. This is likely related to the increasing complexity of the patients operated on in 

more recent times and is an example of how these trends could be affected. However, the 

relatively low incidence rates of heart transplantations to date (Table 1) mean this is 

unlikely to have significantly impacted on the longer-term projection estimates.  

Finally, this model assumed that the same proportion of live births would be reaching a 

Fontan procedure. Dramatic changes in infant survival have not been observed in the last 

two decades in patients born with single left ventricle and in the last decade the survival 

of those with a single right ventricle has no longer improved dramatically [17]. One 

cannot however exclude societal changes. An increase in the rate of pregnancy 

interruptions may result in an overestimate of the 2045 Fontan population, while a 

decrease may see an underestimate of the true population. 

5.5 Conclusion 

The Australian and New Zealand population of patients alive after a Fontan procedure 

will double over the next 20 years, increasing demand for heart failure services and 

cardiac transplantation. Greater consideration for the needs of this mostly adult Fontan 

population will be necessary.  
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Figures 

Figure 1: Fontan hazard assumptions 

1(a)      1(b) 

 

1(a): Mortality hazard projections based on constant relative risk (base case) 
1(b): Mortality hazard projections based on continued current trends (sensitivity test).  
AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit. 
 

Figure 2: Kaplan Meier Fontan survivorship by Fontan type 

 

Legend: AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit. 
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Figure 3: Fontan population projections by Fontan type 

Fontan population projection by type: AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac 
conduit. 
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Figure 4: Comparison of Fontan population projections under different assumptions 

 
Error bars show 95% confidence intervals for mean population from 100 probabilistic microsimulations. 
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Tables 

Table 1(a): Characteristics of the Australia and New Zealand Fontan Registry 

 All AP* LT* ECC* 

n 1,353 211 (16%) 285 (21%) 857 (63%) 

Female 585 (43%) 100 (47%) 124 (44%) 361 (42%) 

Age (years) 18.4±10.0 34.8±7.1 25.3±6.1 13.3±5.9 

Age at Fontan (years) 5.7±3.9 7.4±6.0 5.2±4.0 5.4±3.0 

Number aged > 7 years 254 (19%) 81 (38%) 49 (17%) 124 (14%) 

HLHS 165 (12%) 1 (0%) 9 (3%) 145 (17%) 

Takedowns 8 (1%) 2 (1%) 3 (1%) 3 (0%) 

Transplants 29 (2%) 14 (7%) 4 (1%) 11 (1%) 

Conversions 39 (3%) 32 (15%) 7 (2%) 0 (0%) 

NYHA III or IV* 53 (4%) 18 (9%) 9 (3%) 26 (3%) 

Deaths 88 (7%) 46 (22%) 23 (8%) 19 (2%) 

* NYHA = New York Heart Association physical activity classification (III: marked limitation; IV: severe 
limitation); AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit. 
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Table 1(b): Characteristics of deceased patients 

 All AP* LT* ECC* 

n 88 46  23 19 

Deaths/Total Fontans 7% 22% 8% 2% 

Female 33 (38%) 21 (46%) 7 (32%) 4 (21%) 

Age at death (years) 18.5±10.1 21.7±10.7 16.9±9.5 12.7±5.7 

Age at Fontan (years) 7.3±4.8 8.3±5.4 5.9±4.2 6.4±3.4 

Number aged > 7 years 35 (40%) 24 (52%) 5 (22%) 6 (32%) 

HLHS 6 (7%) 1 (2%) 1 (5%) 4 (21%) 

* AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit. 
 

Table 1(c): Characteristics of transplanted patients 

 All AP* LT* ECC* 

n 29 14  4 11  

Transplants/Total 

Fontans 

2% 7% 1% 1% 

Female 12 (41%) 7 (50%) 1 (25%) 4 (36%) 

Age at transplant (years) 19.7±12.1 26.7±12.5 16.5±12.0 12.0±5.1 

Age at Fontan (years) 8.7±7.3 9.5±9.2 9.8±8.7 7.1±3.6 

Number aged > 7 years 13 (45%) 6 (43%) 2 (50%) 5 (45%) 

HLHS 4 (14%) 0 (0%) 0 (0%) 4 (36%) 

* AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit. 
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Table 2: Multivariate Weibull regression analysis for survival 

Variable Hazard Ratio 95% CI p-value 

Fontan type (reference LT/ECC)    

  AP 2.6 1.7-4.2 <0.001 

Age at Fontan (reference =< 7 years)    

  >7 years  1.8 1.2-2.8 0.008 

Morphology (reference non-HLHS)    

  HLHS 1.8 0.7-4.3 0.195 

Gender (reference Female)    

  Male 1.4 0.9-2.2 0.094 

Constant 0.0028 0.0015-

0.0054 

<0.001 

p (Weibull shape parameter) 0.92 0.76-1.11 na 

 

Table 3: Projected average age of Fontan population 

Year Average age 95% CI 

2014 18  

2025 23 22-23 

2045 31 30-31 
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Appendix 1 

Tables 4(a) and 4(b) show the multivariate Cox regression model and the Schoenfeld 

residuals test. It suggests that the proportional hazard assumption is not violated.    

Table 4(a): Multivariate Cox regression analysis for survival 

Variable Hazard Ratio 95% CI p-value 

Fontan type (reference LT/ECC)    

  AP 2.4 1.5-3.9 <0.001 

Age at Fontan (reference =< 7 years)    

  >7 years  1.8 1.2-2.8 0.009 

Morphology (reference non-HLHS)    

  HLHS 1.8 0.7-4.3 0.191 

Gender (reference Female)    

  Male 1.5 0.9-2.2 0.090 
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Table 4(b): Schoenfeld residual test of proportion hazards 

Variable Rho Chi2 p-value 

Fontan type (reference LT/ECC)    

  AP -0.05 0.23 0.631 

Age at Fontan (reference =< 7 years)    

  >7 years  0.03 0.07 0.794 

Morphology (reference non-HLHS)    

  HLHS 0.08 0.59 0.441 

Gender (reference Female)    

  Male -0.08 0.51 0.475 

Global test  1.45 0.835 

The Schoenfeld residuals test suggests that the proportional hazard assumption is not violated.    
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Chapter 6: The cost differential between warfarin versus 
aspirin treatment after a Fontan procedure 

To be published in Heart, Lung and Circulation (accepted January 2017) with Kim 

Dalziel PhD, Ajay J Iyengar MBBS and Yves d’Udekem MD PhD 

Abstract 

The use of aspirin versus warfarin for treatment of patients after a Fontan procedure 

remains contentious. Current preference-based models of treatment across Australia and 

New Zealand show variation in care that is unlikely to reflect patient differences and/or 

clinical risk. 

We combine data from the Australian and New Zealand Fontan Registry and a home INR 

monitoring program (HINRMP) from the Royal Children’s Hospital (RCH) Melbourne, 

to estimate the cost difference for Fontan recipients receiving aspirin versus warfarin for 

2015. We adopt a societal perspective to costing which includes cost to the health system 

(e.g. medical consults, pathology tests) and costs to patients and carers (e.g. travel and 

time), but exclude costs of adverse events. Costs are presented in Australian 2015 dollars; 

any costs from previous years have been inflated using appropriate rates from the 

Australian Bureau of Statistics.   

We find that warfarin patients face additional costs of $825 per annum, with the majority 

($584 or 71%) of those borne by the patient or family. If aspirin is clinically as effective 

as warfarin, Fontan recipients could be enjoying far less costly, invasive and time-

consuming treatment. While achieving such clinical consensus can be difficult, 

economics shows us that there are large costs associated with a failure to achieve it. 

6.1 Introduction 

Despite more than 30 years of debate, we appear no closer to consensus on the use of 

aspirin versus warfarin for anticoagulation of Fontan recipients [1] who are known to be 

at high risk of thromboembolic events [2]. A randomized trial [3] was unable to confirm 

non-inferiority of either treatment due to a lack of power [2]. Further studies have reported 

no clinical difference between aspirin and warfarin in reducing thromboembolic events 

[1, 4-6], however inaccuracy of warfarin control continues to limit inference [7]. There 
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are also alternative findings that treatment with warfarin is associated with a lower risk 

of thromboembolic events post discharge [8]. As noted by the European Society of 

Cardiology, the clinical effectiveness of aspirin over warfarin is therefore still uncertain, 

and as a result, the model of care for anticoagulation treatment following Fontan surgery 

varies markedly [9]. According to the Australian and New Zealand Fontan Registry 

(hereafter the Registry), 85% of Fontan recipients in the state of Victoria receive warfarin, 

while in New South Wales, an adjoining state, the proportion is 21% [10]. Such variation 

is not easily explained by differences in patient presentation or risk, chance or data 

collection methods [11] but appears to be dependent on surgeon and cardiologist 

preference.   

There are costs to this uncertainty of treatment. Aspirin is inexpensive, can be purchased 

over-the-counter, and is easily administered at a fixed dose in the patient’s home. 

Warfarin requires a prescription and regular monitoring usually by visits to a clinic or 

general practitioner, which is inconvenient, costly and impinges on patient quality of life. 

If aspirin is clinically as effective as warfarin, Fontan recipients could be enjoying less 

costly, invasive and time-consuming treatment. If warfarin provides some clinical benefit 

or additional safety, then aspirin-takers could face some irreversible clinical cost by not 

using warfarin. Weighing these costs against each other, as clinicians implicitly do in 

making treatment decisions, is known in health economics as options theory analysis [12]. 

To the best of our knowledge, there has been no cost comparison of aspirin versus 

warfarin for Fontan recipients to help to inform such analysis. This study aimed to 

estimate the 2015 cost difference for a Fontan recipient on warfarin versus aspirin, and to 

calculate the cost implications of the choice over time in the Australian setting.  

6.2 Methods 

This study combines data from the Registry and a home INR monitoring program 

(HINRMP) from the Royal Children’s Hospital (RCH), Melbourne [13]. A full 

description of the characteristics of the 475 Fontan recipients used in this analysis is 

documented in Iyengar et al. 2016 [14]. Standard health economic evaluation methods 

are used to cost the treatment of thromboprophylaxis with aspirin compared with warfarin 

for a cohort of patients following the extracardiac conduit Fontan procedure [15]. A 

societal perspective is adopted which includes cost to the health system and costs to 



152 
 
 

 

patients and carers, however the potential future costs of any adverse events are excluded. 

Pharmaceutical, testing devices, pathology tests, medical consults and patient travel and 

time cost categories were included in the analysis. Data were obtained from the Registry 

(numbers of patients, type of anticoagulation provided), a home INR monitoring program 

(HINRMP) [13] (location of monitoring), government pricing schedules (medical 

consults and pathology testing, aspirin/warfarin drug costs), published literature (travel 

and time costs) and were supplemented by clinical opinion. Table 1 outlines the cost data, 

sources and key assumptions. Costs are presented in Australian 2015 dollars; any costs 

from previous years have been inflated using appropriate rates from the Australian Bureau 

of Statistics. 2015 costs are then projected forward to 2030 and 2045 using the observed 

trends in Fontan recipients to calculate the future costs of delaying a decision on aspirin 

versus warfarin.  

6.3 Results 

The 2015 cost differential between aspirin and warfarin treatment is $825.95 per Fontan 

recipient per year (Table 2). $584.30 (71%) of the cost difference falls on the patient, with 

the remainder borne by the healthcare system. Currently, 649 (61%) Fontan recipients 

within Australia and New Zealand are treated with warfarin. The additional cost of these 

patients being treated with warfarin versus aspirin is $535,808 annually. This is the cost 

that could be saved if we were certain that aspirin was at least as effective as warfarin, 

and all recipients moved to aspirin. If 20% of patients were assumed to remain on warfarin 

for clinical reasons (based on the proportion on warfarin in the State of New South Wales, 

the most populous State, and State with the lowest rate of warfarin prescribing across the 

major centres within the region) the annual cost saving would be $360,707. 

The Fontan Registry expects the local Fontan population to reach 1,500 by 2030 and 

almost 1,900 by 2045 as surgery advancements continue to improve survivorship [17]. If 

the proportion of recipients on warfarin remains at 61%, we calculate that the costs of this 

treatment uncertainty will reach over $8.6 million by 2030 in net present terms 

(discounted at 5%), and over $16 million by 2045. If 20% of the Fontan population 

appropriately remained on warfarin, the savings would reach $5.8 million by 2030 and 

almost $11 million by 2045.     
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6.4 Discussion  

There remains little consensus around the optimal treatment of thromboprophylaxis for 

Fontan recipients. Current status-quo models of care show a large degree of preference-

based variation that is unlikely to reflect patient differences, clinical risk or chance alone. 

In this paper, we have demonstrated that there are large gains from reducing uncertainty 

around optimal treatment of Fontan recipients. We estimate that there are additional costs 

of over $825 per year for recipients on warfarin versus aspirin, and the majority of the 

costs are borne by the patients or families in the form of travel and time costs. These costs 

could be saved for a large number of patients if clinical consensus could be achieved. 

This provides information for clinicians to consider when making treatment decisions.  

The results from this paper also suggest that there are large gains from trials that can 

reduce uncertainty. A trial that could determine non-inferiority between anticoagulation 

treatments could save $5.8 million over 15 years and $10.8 million over 30 years, even 

after conservatively assuming that 20% of patients remain on warfarin for clinical 

reasons. Similarly, if warfarin was found to provide some additional safety, aspirin-takers 

could face higher rates of adverse events and resulting higher costs avoidable with 

warfarin treatment. This highlights the need to reduce the uncertainty around these 

treatments. Thus, even an expensive trial is likely to be cost-saving when the gains from 

reduced uncertainty are considered. In health economics, this is known as value-of-

information (VOI) analysis [12]. VOI shows that while clinical consensus can be difficult, 

in this case there are large benefits associated with achieving it.  
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Tables 

Table 1: Costing inputs 

Parameter Value  Source 
Costs associated with treatment and monitoring 
Warfarin- dose  (50 tablets) $13.03 Pharmaceutical Benefits Schedule, January 

2015 (Items 2844Q and 8202Q)* 
Dose is average from HINRMP database Royal 
Children’s Hospital Melbourne (13) 

Aspirin- dose 100mg (121 tablets) $8.21  

GP monitoring 
-consult  
-pathology 
 
-travel 
 
 
-patient time 
 
-subtotal 

 
$16.95 
$13.70 
 
$4.56 
 
 
$33.45 
 
$68.66 

 
Medical Benefits Schedule, January 2015 
Level A consultation (Item number 3) and INR 
test (Item number 65120)** 
Average 6km per consult (Jowett et al. 2008 
(16), 76c per kilometre (Australian Tax Office 
2014)*** 
Average time and gross opportunity cost of 
time from Gaw (13) inflated to 2015 dollars 

Hospital clinic monitoring 
-consults 
 
-pathology 
 
-travel 
 
 
 
-patient time 
 
-subtotal 

 
$3.09 
 
$13.70 
 
$31.66 
 
 
 
$34.47 
 
$82.92 

 
Medical Benefits Schedule, January 2015 
Level B consultation (Item number 23) once 
per year and INR test (Item number 65120)**
 
Average 29km per consult according to 
expert survey, 76c per kilometre (Australian 
Tax Office 2014)**, plus an additional $10 for 
parking and freeway tolls 
Average time and gross opportunity cost of 
time from Gaw (13), inflated to 2015 dollars 

Home monitoring 
-consult 
 
-device (cost/ test) 
 
-test strips (cost/ strip) 
-training 
 
-other consumables 
 
-subtotal 

 
$3.77 
 
$3.48  
 
$5.66  
$1.17 
 
$3.26 
 
$17.33 

 
Consultation cost from Gaw (13) inflated to 
2015 
CoagChek XS $699, 10-year life span, 20 tests 
per year 
CoagChek XS $150 for 24 strips 
Based on Gaw (13) estimates, inflated to 
2015 dollars 
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Parameter Value  Source 
Key assumptions 
Proportion testing at  
-home 
-hospital or pathology clinic  
-General practice 
 
 
 
Cost of potential adverse events 

 
43%  
47% 
10% 
 

 
Weighted average from each state according 
to numbers receiving warfarin. Sources 
included HINRMP database Royal Children’s 
Hospital Melbourne (13), New Zealand 
dataset and expert opinion 
Excluded from the analysis 

* http://www.pbs.gov.au/pbs/home 
** http://www9.health.gov.au/mbs/search.cfm 
*** https://www.ato.gov.au/Business/Income-and-deductions-for-business/Business-travel-expenses/Motor-
vehicle-expenses/Calculating-your-deduction/Cents-per-kilometre/ 
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Table 2: Results by year 

Metric 2015 2016 2030 2045 

Cost per recipient per year:     

Aspirin $24.77 $25.38 $35.87 $51.95 

Warfarin $850.71 $871.98 $1,232.09 $1,784.43 

Cost differential per 

recipient per year 

$825.95 $846.60 $1,196.22 $1,732.48 

Patient share $584.30 $598.90 $846.23 $1,225.60 

Healthcare sector share $241.65 $273.08 $385.85 $558.83 

Fontan recipients – total 1,060 1,093 1,507 1,874 

Fontan recipients - on 

warfarin 
649 (61%) 669 (61%) 922 (61%) 1,147 (61%) 

Annual cost savings: 
 

    

0% Fontan population on 
warfarin 

$535,808  $539,295  $530,715  $459,662  

20% Fontan population on 
warfarin 

$360,707  $363,054   $357,279   $309,445  

Cumulative total cost 
savings (NPV discounted at 
5%) 

    

0% Fontan population on 
warfarin 

$535,808  $1,075,103  $8,639,219   16,067,345 

20% Fontan population on 
warfarin 

$360,707  $723,762  $5,815,945   10,816,579 

* discounted at 5%; per annum; inflated at 2.5% per annum.
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PART 3: Chapters 7-9: ‘Big Data’ Applications 
Table 1(iv): Chapters 7-9: ‘Big data’ applications 

Chapter Paper Registry Cost Longitudinal Linked Big 
data 

 Osteoarthritis and total knee replacement 
2 Patient-reported outcome 

measurements: getting the 
timing right 

X  X X  

3 Regression to the mean in 
osteoarthritis 

  X X  

4 Predicting the long-term 
gains in health-related 
quality of life after total knee 
arthroplasty 

X X X X  

Models of care in the Fontan congenital heart disease cohort 

5 The Fontan epidemic: 
projections of the Fontan 
population to 2045 

X     

6 Aspirin versus warfarin cost X X  X  

Big data classification and regression tree (CART) applications in health economics

7 Using classification and 
regression trees (CART) to 
identify prescribing 
thresholds for 
cardiovascular disease 

  X X X 

Health systems funding

8 Using CART to identify 
thresholds and hierarchies in 
the determinants of funding 
decisions 

 X  X X 

CART methods for health economics

9 Multicollinearity in CART     X 
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Chapter 7: Using classification and regression trees (CART) 
to identify prescribing thresholds for cardiovascular disease 

Published in PharmacoEconomics (February 2016) with Duncan Mortimer, Kim 

Dalziel, Emma Heeley, John Chalmers and Philip Clarke 

Abstract  

Background and objective 

Many guidelines for clinical decisions are hierarchical and non-linear. Evaluating if these 

guidelines are used in practice requires methods that can identify such structures and 

thresholds. We use classification and regression trees (CART) to analyse prescribing 

patterns of Australian general practitioners (GPs) for the primary prevention of 

cardiovascular disease. Our aim is to identify if GPs use absolute risk (AR) guidelines in 

favour of individual risk factors to inform their prescribing decisions of lipid-lowering 

medications.  

Methods 

We employ administrative prescribing information that is linked to patient level data from 

a clinical assessment and patient survey (the AusHeart Study). We assess prescribing of 

lipid-lowering medications over a 12-month period for patients (n=1903) who were not 

using such medications prior to recruitment. CART models are developed to explain 

prescribing practice. Out-of-sample performance is evaluated using receiver operating 

characteristic (ROC) curves and optimized via pruning.  

Results 

We find that individual risk factors (low-density lipoprotein, diabetes, triglycerides and 

cardiovascular disease (CVD) history), GP-estimated rather than Framingham absolute 

risk, and socio-demographic factors (household income, education) are the predominant 

drivers of GP prescribing. However, socio-demographic factors and some individual risk 

factors (triglycerides and CVD history) only become relevant for patients with a particular 

profile of other risk factors. The ROC area-under-the-curve is 0.63 (95% confidence 

interval (CI) 0.60, 0.64). 
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Conclusion 

There is little evidence that AR guidelines recommended by the National Heart 

Foundation and National Vascular Disease Prevention Alliance, or conditional individual 

risk eligibility guidelines from the Pharmaceutical Benefits Scheme, are adopted in 

prescribing practice. The hierarchy of conditional relationships between risk factors and 

socio-economic factors identified by CART provides new insights into prescribing 

decisions. Overall, CART is a useful addition to the analyst’s toolkit when investigating 

healthcare decisions.  

Key points for decision makers 

• CART provides a methodology to highlight how and why variation between 

practice and guidelines occurs, not just that an evidence-practice gap exists 

• Prescribing practices for lipid-lowering medications do not follow absolute risk 

guidelines or eligibility criteria for subsidization by the Pharmaceutical Benefits 

Scheme. There are potentially significant gains from clarifying best practice 

prescribing, to promote either greater adherence to guidelines, or increased 

clinical freedom 

• ‘Big data’ techniques such as CART are applicable to a wide range of healthcare 

applications, including those where ‘big data’ is absent 
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7.1 Introduction  

Physicians employ a range of risk assessment strategies when making prescribing 

decisions for primary prevention of cardiovascular disease, including assessment against 

thresholds on individual cardiovascular disease (CVD) risk factors, and assessment of 

total or absolute risk (AR) of cardiovascular (CV) events [1, 2].  

Internationally, many clinical practice guidelines recommend calculation of AR of CV 

events, with lipid-lowering medication (typically statins or statins in combination with 

another drug) recommended for patients evaluated as high risk5. In Australia, an AR 

approach is recommended by the National Vascular Disease Prevention Alliance 

(NVDPA) [5] and the National Heart Foundation (NHF) [6]. However, the Australian 

Government’s universal drug insurance scheme, the Pharmaceutical Benefits Scheme 

(PBS), limits the subsidising of these medicines using eligibility criteria based on 

individual risk factors such as diabetes and cholesterol.  

In practice, several studies suggest that clinicians deviate from guidelines and/or 

eligibility criteria [7, 8], perhaps in response to care seeking behaviour from patients or 

other aspects of patient preference [1, 2]. However, Bonner et al. [1] noted that while 

CVD risk management is not consistently based on AR, “little is known about… …the 

alternative strategies employed when AR is not the focus of assessment”. Similarly, few 

studies have formally tested whether different prescribing thresholds are being applied in 

different patient groups and many have struggled to characterise the complexity of 

prescribing practice [1, 9].  

The purpose of this paper is to employ classification and regression trees (CART) to 

analyse the prescribing patterns of Australian general practitioners (GPs) of lipid-

lowering medication for the primary prevention of CVD. CART is a machine-learning 

‘big data’ technique that has been shown to be particularly valuable when analysing non-

linear relationships and interactions, where it can outperform standard regression models 

for classification [10]. We aim to use CART to improve our understanding of clinical 

practice; potentially identifying prescribing thresholds and patient sub-groups missed by 

                                                 
5 For example, the American Heart Association (AHA) recommends using a modified Framingham 
equation [3]. In the United Kingdom, the National Institute for Health and Clinical Excellence (NICE) 
recommends an absolute CVD risk algorithm known as QRISK2 [4]. 
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traditional analyses, and to demonstrate how CART can be useful for understanding 

complex treatment decisions in health care. 

7.2 Methods 

7.2.1 Data 

We use linked survey and administrative data from the AusHeart Study, a cluster-

stratified, cross-sectional survey of CVD risk management in primary care fully 

documented elsewhere [7, 11, 12]. The study enrolled GPs from across Australia, who 

recruited 15-20 consecutively-presenting adults aged 55 years or older. It gathered 

information on patient socio-economic factors, CVD risk factors, prescribed medications, 

and the GP’s own estimation of the patient’s AR of a CV event within the next five years 

[7].   

These data were linked for consenting patients to Medicare administrative data containing 

records of all pharmaceuticals purchased under the PBS from 1 March 2008 to 1 January 

2010 [12]. To avoid complications associated with prior exposure to medication, we 

reduce the dataset to 1,903 patients who had not been prescribed lipid-lowering 

medication prior to GP recruitment6. We develop models to classify these patients 

according to prescription or not of any lipid-lowering medication (Anatomical 

Therapeutic Chemical code C10) during a one-year period.  

7.2.2 CART methodology 

CART sorts observations into increasingly homogeneous sub-groups [13]. At each step, 

CART splits observations using a simple decision-rule (e.g. if total cholesterol exceeds 

7.0 mmol/L then prescribe medication) chosen to minimize diversity (with respect to the 

binary outcome or classification) in right and left ‘child nodes’. Branches and nodes are 

added until a stopping criteria is met and the tree terminates in ‘leaves’ or ‘bins’ 

containing proportions of correctly and incorrectly classified observations [10].  

There are three distinct strengths of CART that make it particularly applicable to 

analyzing complex decision-making processes such as those employed in clinical 

practice. First, the hierarchical structure of CART models is often more intuitive than 

                                                 
6 Prior exposure to medication is not preferred as we would observe risk factors after response to 
treatment. 
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traditional regression models, because it mimics the heuristics of decision making [14, 

15]. Second, CART can outperform standard regression models when predicting 

outcomes in the presence of non-linear relationships and interactions [10]. In clinical 

practice, treatment decisions may depend on non-linear thresholds with respect to one or 

more risk factors, and thresholds may vary with other risk factors. For example, PBS 

guidelines allow prescribing of statins for patients with hypercholesterolemia (>9 

mmol/L) [16]. This drops to >5.5mmol/L if the patient has diabetes [16]7. Third, CART 

affords the data greater freedom to speak for themselves [20]. Whereas regression models 

are refined by comparing across a limited number of possible specifications, CART 

performs an exhaustive search over all possible cut-points and predictors [10]. As a result, 

the precise form of the relationship between a predictor and outcome is not delimited by 

the inclusion/exclusion of higher order terms. It is this strength that has seen CART used 

in a variety of prognostic analyses to identify risk thresholds for in-hospital mortality 

[21], vertebral fractures [22] and cirrhosis [23].  

CART is however subject to a number of limitations. CART “…tends not to work very 

well if the underlying relationship is linear” [10]. A second limitation in CART is the risk 

of overfitting [24, 25]. Finally, CART can be prone to instability. Small differences in the 

training data can lead to very different trees [26]. We manage these limitations in the 

methodology below.  

7.2.3 Using CART to understand prescribing in CVD 

We use a three-stage approach to construct the CART. In CART-1, we limit predictors to 

patient socio-demographics (age, gender, Aboriginal/Torres Strait Islander, household 

income and education level) and GP-estimated five-year AR of a CV event. This provides 

a benchmark for which to compare performance. In CART-2, we add individual risk 

factors (smoking, body mass index, systolic and diastolic blood pressure, low and high 

density lipoprotein cholesterol, total cholesterol, triglycerides, kidney disease, diabetes, 

CVD history, weekly exercise and self-reported health) “…to determine whether 

cardiovascular risk factors might have an additional influence on prescribing beyond their 

contribution to [GP-estimated] cardiovascular risk” [27]. Finally, in CART-3 we add AR 

                                                 
7 Similar complications exist in clinical decision-making in general [17], and in observed (as well as 
recommended) prescribing patterns for statins [1, 18, 19]. 
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estimated using the 1991 Framingham risk equations. Framingham AR forms the basis of 

the NHF 2004 and NVDPA 2008 guidelines. If GPs adopt NHF or NVDPA guidelines, 

we would expect the addition of Framingham AR to improve the predictive validity of 

the CART, and to see cut-off thresholds and a hierarchy similar to the guidelines 

(described in Appendix 1).  

We implement CART using the Matlab fitctree function [28]. We use Gini’s diversity 

index as the default splitting criterion as suggested by Breiman et al. [24], and compare 

model performance under entropy splitting to check model robustness. In our default 

models, variables with missing data still enter the model, but training uses only valid 

values. In prediction, an observation with a missing value is assigned to the largest split 

group. An alternative method for dealing with missing data in CART is to find ‘surrogate’ 

variables, by applying CART with the missing data as the dependent variable [28]. We 

check model performance under these two methods to test robustness. We use ten-fold 

cross validation to indirectly evaluate out-of-sample performance8. We bootstrap the 

cross-validation one hundred times to describe the distribution of mean out-of-sample 

error and receiver operating characteristic (ROC) area-under-curve metric. We prune the 

CART to reduce overfitting and optimize out-of-sample performance. This helps to 

eliminate illogical branches that can grow from the sample data but that would not 

perform well out-of-sample (e.g. where a node suggests that patients with a household 

income between $52,000 and $72,799 are less likely to be prescribed than those with a 

household income below $52,000 or above $72,799). Where there is no difference in out-

of-sample performance, we follow Breiman et al. [24] in preferring smaller trees over 

larger ones.   

Once optimized, we evaluate the structure of the CART to identify patient sub-groups 

and prescribing thresholds. We calculate a predictor-importance metric for the preferred 

model using the predictor-importance Matlab algorithm9. Next, we compare patient sub-

groups and prescribing thresholds identified by the CART against NHF 2004, NVDPA 

2008 and PBS guidelines to identify similarities and differences. 

                                                 
8 This has been shown to be an optimal method for model selection [29]. 
9 This identifies all the nodes where the predictor is selected, sums the improvement in classification from 
each of these and divides by the number of tree branches [28]. 
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Finally, we evaluate the stability of our results. The robustness of predictor-importance 

and specific hierarchies is difficult to assess, because of the conditional nature of the 

CART [30]. As a simple guide, we train one hundred ‘bagged’ trees10 on bootstrapped 

samples of the data, and count the number of times each predictor appears [32, 33]. 

Following Dannegger [32], we calculate confidence intervals and density functions of the 

cut-off thresholds used at key decision nodes to highlight stability.   

7.3 Results 

7.3.1 Prescribing and risk factor statistics 

Table 1 provides the sample mean and standard deviation or frequency count and 

percentage for demographic and clinical characteristics. Of the 1,903 patients 296 (16%) 

were prescribed lipid-lowering medication.  

7.3.2 Model performance 

CART-1 considers only patient demographics and the GP-estimated five-year AR of a 

CV event. It provides a performance benchmark but is not expected to perform well given 

the absence of individual risk factors or Framingham AR. The unpruned CART-1 

correctly identifies 1,560 (97%) of patients who were not prescribed lipid-lowering 

medication, but only 115 (39%) of those who were, for an overall within-sample error 

rate of 12%. As expected, the performance of CART-1 drops when moving out-of-

sample; error increases to 20% (95% CI: 20%-21%) but with pruning this is reduced to 

18% (17%-18%). The out-of-sample ROC metric is 0.53 (0.51-0.55), indicating the 

model is barely better than a random guess at predicting prescribing patterns (Table 2).  

CART-2 adds 13 individual risk factors to CART-1. This improves both within and out-

of-sample performance. Within sample, the model correctly identifies 1,585 (99%) of 

patients who were not prescribed lipid-lowering medication, and 157 (53%) of those who 

were, for an overall error rate of 8%. After pruning, the out-of-sample error is 17% (16%-

17%) and the ROC metric is 0.63 (0.60-0.64).  

                                                 
10 Bagging or ‘bootstrapped aggregating’ is a method for generating multiple versions of a tree to allow 
evaluation of predictor stability [31]. 
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CART-3 adds Framingham AR to CART-2, which should identify NHF and/or NVDPA 

guidelines if they are followed. Within sample, the model correctly identifies 1,579 (98%) 

of patients who were not prescribed, and 172 (58%) of those who were, for an overall 

error rate of 8%. After pruning, the out-of-sample error is 17% (16%-18%) and the ROC 

metric is 0.62 (0.60-0.63), which is not significantly different from CART-2. Framingham 

AR does not appear in the pruned version of CART-3. 

7.3.3 Predictors of prescribing  

Household income, GP-estimated AR and individual risk factors LDL, diabetes, total 

cholesterol, CVD history and triglycerides all influence GP prescribing under the pruned 

CART-2 model. The predictor-importance results suggest that LDL, GP-estimated AR 

and diabetes make the most improvement to classification, followed by triglycerides, 

income, total cholesterol and CVD history (Table 3). 

Figure 1 shows interactions between the AR assessments, individual risk factors, and 

socio-demographic factors, and highlights the paths that lead to prescribing. On the right 

hand side of the tree, prescribing is most likely for patients with high LDL (>4.09 

mmol/L), high total cholesterol (>6.95 mmol/L), high GP-estimated AR (>17.5%) and 

relatively low household income (<$52,000). On the left-hand side of the tree, patients 

without high LDL (<4.09 mmol/L) are more likely to be prescribed if they have high 

triglycerides (≥4.25 mmol/L for patients with diabetes; ≥4.35 mmol/L for patients without 

diabetics and with GP-estimated AR ≥ 2.5%), or if they have previously had a coronary 

artery event. 

CART also highlights interactions where prescribing is unlikely. Patients with high LDL, 

total cholesterol and GP-estimated AR are less likely to be prescribed lipid-lowering 

medication if they have relatively high household income (≥$52,000). Patients with high 

LDL and high total cholesterol but without high GP-estimated AR are also less likely to 

be prescribed. Finally, prescribing is less likely for patients with high LDL but without 

high total cholesterol. 

7.3.4 Robustness of results 

Comparison of CART-2 performance under different splitting criteria and approaches to 

missing data show no significant differences in ROC out-of-sample performance (Table 
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2). Comparison of the 100 bagged trees highlights robustness of the specific hierarchies 

and decision nodes within CART-2. LDL and diabetes appear in all 100 trees, at the root 

and second node positions, and have the highest average predictor-importance (Table 3). 

The LDL decision threshold is bimodal, with a mode at 4.6 mmol/L in addition to the 4.1 

mmol/L suggested in CART-2 (Figure 2), however the difference between modes is less 

than one standard deviation in LDL in the sample (0.8 mmol/L). By contrast, total 

cholesterol, appears at the third node in only six of the 100 bagged trees. Education (those 

with University education are less likely to be prescribed) appears 44 times at node three. 

Triglycerides and GP-estimated AR, which appear twice in CART-2, appear 171 and 116 

times respectively within the first ten nodes. The triglyceride decision threshold shows 

the cut-off at 4.3 mmol/L as seen in CART-2, but also identifies another mode at 2.0 

mmol/L. Household income appears 76 times in the first ten nodes with the median cut-

off at $52,000 as per CART-2. Exercise, Framingham AR and self-rated health status are 

not present in the pruned CART-2 model, but appear in 38, ten and four of the 100 bagged 

trees’ first ten nodes.  

7.4 Discussion 

7.4.1 Key findings 

7.4.1.1 Prescribing varies across GPs and does not appear to follow AR guidelines or PBS 
regulations 
We find that prescribing practices do not appear to be congruent with NHF, NVDPA or 

PBS eligibility guidelines. NHF and NVDPA use Framingham AR assessment as the 

basis of their guidelines, yet thresholds on Framingham AR rarely appear in the CART. 

The guidelines also recommend prescribing on the basis of individual risk factors (e.g. 

for patients with kidney disease or diabetes). Kidney disease does not appear in CART-

2. Diabetes does appear, but is neither necessary nor sufficient for prescription.         

Similarly, the PBS has conditional criteria based on individual risk that govern eligibility, 

such as total cholesterol >5.5 mmol/L for patients with diabetes, and >6.5 mmol/L for 

patients with HDL <1 mmol/L. These decision branches do not appear in CART-2. 

However, the model suggests that prescribing is more likely for low LDL patients with 

triglycerides >4.25 mmol/L (for patients with diabetes) and >4.35 mmol/L (for patients 
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with high GP-estimated AR). This is somewhat consistent with the PBS, which allows 

prescribing for a subset of patients with triglycerides >4 mmol/L. 

Our findings contribute to a growing body of evidence [2, 7, 18, 27] suggesting there is 

considerable room for improvement in the prescribing practices for CVD. If guidelines 

provide an accurate description of optimal treatment, divergence from guidelines is likely 

to be costly, both in terms of health expenditure and patient outcomes. For example, the 

prescription of drugs to patients that fall outside the specified indications, often referred 

to as leakage [34], is likely to diminish the real-world cost-effectiveness of 

pharmaceuticals if it results in patients gaining a lower average benefit than was assumed 

at the time of the approval for use. There may then be dividends from interventions to 

improve adherence to guidelines, such as IMPLEMENT, ALIGN and IRIS [35-37]. 

CART would be an appropriate method to assess such adherence. Conversely, if 

thresholds for reimbursement constrain best practice prescribing (e.g. based on total or 

AR of CV events or a more thorough understanding of the patient), there may be a case 

for removing thresholds for reimbursement and allowing increased clinical freedom in 

prescribing. Either way, there are potentially significant opportunity costs to this 

uncertainty.  

While we find discordance between practice and guidelines, we do not identify one 

standard decision-tree that consistently explains prescribing behaviour across our 

representative dataset. Instead we find that prescribing practices vary across the GP 

population. This is perhaps unsurprising given the volume of guidance available [38] and 

the potential for between-GP variation in uptake and acceptance of decision-support tools 

and guideline recommendations [39]. We posit that the low ROC performance of the 

CART models is a result of this variation. In an environment of clearer and more widely 

adopted guidelines, we would expect the ROC performance to improve.   

7.4.1.2 CART suggests how and why GP prescribing deviates from guidelines 
The CART analysis provides additional insights regarding the roles of individual risk 

factors and the hierarchy of GP decision-making. LDL is the root node in all bagged trees, 

suggesting it is the first risk factor used in the decision-making process. Similarly, 

diabetes is consistently the second node in the decision-tree, suggesting it is an important 

risk factor that GPs consider in decision-making. It is well established that lowering CV 

risk is associated with the degree to which statins reduce LDL cholesterol [40]. Similarly 
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statins have been widely prescribed in people with diabetes given their higher CV risk 

[41]. It appears that evidence regarding these risk factors takes precedence over AR and 

the eligibility criteria.  

We also show that prescribing to high-risk patients varies based on the patient’s 

household income and/or educational attainment, with those with household income 

above $52,000 or with a university degree unlikely to be prescribed. There has been some 

evidence of this internationally [42, 43] however the CART method uncovers the 

hierarchy of these factors. Specifically, we show that income/educational attainment are 

deciding factors at the bottom of the prescribing decision-tree, after clinical establishment 

of high risk. However, there is likely to be confounding between these factors and patient 

health and lifestyle. Self-rated health and exercise are significantly collinear with 

household income (Pearson χ2 p-values of 0.016 and 0.000), and both entered some trees 

in the robustness analysis. Nonetheless, the results concord with theories that GPs use 

clinical judgement and knowledge of the patient to make decisions based on a wide range 

of factors, not just AR based guidelines involving absolute or individual risk factors [1].  

Finally, we show that CVD history is taken into consideration for otherwise low-risk 

patients, with those patients with CAD more likely to be prescribed. This concurs with 

previous research that highlighted inconsistent CV risk perceptions across vascular 

territories [44].  

7.4.2 Limitations 

There are limitations to this study. First, the analysis uses filled prescriptions, rather than 

written prescriptions, as the measure of prescribing. To the extent that patients with 

unfilled scripts differ in some respect from more compliant patients, the CART may not 

characterize prescribing practice across all patient groups11. Caution should therefore be 

exercised in generalizing our findings to patients prescribed but who do not go on to fill 

their prescriptions.  

Second, the AusHeart sample is a stratified random sample of GPs who had previously 

expressed an interest in participating in the study. While this approach produced a 

nationally representative sample with respect to a number of observable GP 

                                                 
11 For example, there is some evidence to suggest that compliance increases with the number of risk 
factors [45]. 
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characteristics [7], it may have selected GPs with a greater than average interest in CVD 

management and the guidelines associated with it. There are also some limitations from 

the survey design: for example, we do not know the time interval of prescribing or non-

prescribing prior to study. Ideally, data on primary care CVD management would be 

routinely collected as it is in places like New Zealand.  

Finally, the CART method has limitations. Overall model performance is low. This could 

be because of variance in prescribing practices; each GP might use a different tree for 

each patient. In many cases, a CART approach can be useful for uncovering 

heterogeneity, with different sub-trees for sub-cohorts, however our analysis of GP 

variability and clustering did not uncover any systematic evidence to explain this 

heterogeneity (GP variability and clustering is discussed in more detail in Appendix 2). 

Instability in trees uncovered by CART can be difficult to measure and visualize.  

7.5 Conclusion 

While previous studies showed discordance between evidence and practice, CART 

extends traditional analyses by highlighting the alternative decision-trees and key factors 

that GPs use in practice to make prescribing decisions. The advantages of CART are the 

ability to identify hierarchies and non-linearities, and to provide results that are relatively 

easy to understand. These strengths are evident in this analysis, which show hierarchical 

decisions with complex interactions between individual risk factors and socio-

demographic factors.  

This example has shown that the CART ‘big data’ technique is applicable to a wide range 

of healthcare topics, including those where ‘big data’ are absent. There are an increasing 

range of applications in health care that utilize CART’s strength in uncovering non-linear 

thresholds and hierarchies to develop guidelines for clinical decisions. It follows that 

evaluating if these guidelines are used in practice requires methods that can identify such 

structures and thresholds. In these instances, CART provides a useful addition to the 

analyst’s toolkit. 
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Figures 

Figure 1: CART-2* 

* 0 = not prescribed medication; 1 = prescribed medication. LDL: low density lipoprotein (mmol/L); 
total cholesterol (mmol/L); GP AR: general practitioner-estimated absolute risk (5); TRI: triglycerides 
(mmol/L); CVD: cardiovascular disease; CAD: coronary artery disease; TIA: transient ischaemic attack; 
Income: Household income ($). 
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Figure 2: Sample and threshold densities for selected risk factors* 

 

* AR: absolute risk; GP: general practitioner; LDL: low density lipoprotein 
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Tables 

Table 1: Characteristics of the patients in the AusHeart study* 

Variable Total
(n = 1,903) 

CART model 

Prescribing Dependent 
variable C10- lipid-lowering medication  296 (16%)

Socio-demographic variables Explanatory 
variables in all 
models 

Age (years) 66±9
Female 1,131 (59%)
Aboriginal/Torres Strait Islander 16 (1%)
Household income (annual) 
  Negative/Nil 
  $1-$18,199 
  $18,200-$33,799 
  $33,800-$51,999 
  $52,000-$72,799 
  $72,800-$103,999 
  $104,000 or more 

28 (1%) 
401 (21%) 
466 (24%) 
253 (13%) 
166 (9%) 
124 (7%) 
101 (5%) 

  Missing 364 (19%)
Education 
  None/very little 
  School/Diploma 
  University 

527 (28%) 
901 (47%) 
435 (23%) 

  Missing 40 (2%)  
Individual risk factors Explanatory 

variables in 
models 2 and 3 

Current smoker 163 (9%)
Body mass index (kg/m2) 28.2±5.6
  Missing 55 (3%)
Systolic blood pressure (mmHg) 136±17
Diastolic blood pressure (mmHg) 77±10
Low-density lipoprotein cholesterol (mmol/L) 3.22±0.84
High-density lipoprotein cholesterol (mmol/L) 1.47±0.45
Total cholesterol (mmol/L) 5.36±0.93
  Missing 26 (1%)
Triglycerides (mmol/L) 1.49±0.82
  Missing 30 (2%)
Kidney disease 69 (4%)
Diabetes 250 (13%)
  Missing 3 (0%)
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CVD history 
  None 
  Stroke/Transient ischemic attack (TIA) only 
  Coronary artery disease (CAD) only 
  Both Stroke/TIA and CAD 

1,618 (85%) 
170 (9%) 
86 (5%) 
29 (2%) 

Exercise per week (> 30 minutes moderate)
  None 
  1-2 days/week 
  3-4 days/week 
  5-7 days/week 

352 (18%) 
541 (28%) 
523 (27%) 
439 (23%) 

  Missing 48 (3%)  
Self-rated health 
  Excellent 
  Very good 
  Good 
  Fair 
  Poor 
  Missing 

124 (7%) 
508 (27%) 
841 (44%) 
353 (19%) 
47 (2%) 
30 (2%) 

 

Absolute risk assessments  
GP-estimated absolute 5-year risk (%)
  Missing 

14±17
182 (10%) 

Explanatory 
variable in all 
models 

Framingham absolute 5-year risk (%) 10±7 Explanatory 
variables in 
model 3 

  Missing 87 (5%)
Patient self-reported absolute 5-year risk (%) 33±23
* Data are mean ±standard deviation or frequency counts (%). CVD: cardiovascular disease; AR: 
absolute risk; GP: general practitioner 
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Table 2: Model performance (%) 

Model CART-1 CART-2 CART-3 CART-2 robustness 
check 

Demographics All All All All 
Individual risk factors None All All All 
Absolute risk factors GP-estimated GP-estimated GP-estimated, 

Framingham 
GP-estimated 

Pruning None Pruned None None Pruned Pruned Pruned Pruned 
Splitting criterion GDI GDI GDI GDI GDI GDI Entropy GDI 
Missing data Default Default Default Default Default Default Default Surrogates
Within-sample error 0.12 0.15 0.08 0.08 0.15 0.15 0.14 0.14 
Sensitivity 0.97 0.99 0.99 0.99 1.00 1.00 0.99 1.00 
Specificity 0.39 0.09 0.53 0.53 0.07 0.07 0.10 0.09 
Out-of-sample error 0.20 0.18 0.22 0.22 0.17 0.17 0.16 0.17 
95% lower bound 0.20 0.17 0.22 0.22 0.16 0.16 0.16 0.16 
95% upper bound  0.21 0.18 0.23 0.23 0.17 0.17 0.17 0.17 
Out-of-sample ROC 
area 0.53 0.53 0.57 0.57 0.63 0.63 0.62 0.61 
95% lower bound 0.50 0.51 0.55 0.55 0.60 0.60 0.60 0.58 
95% upper bound 0.56 0.55 0.59 0.59 0.64 0.64 0.64 0.64 
* GP: general practitioner; GDI: Gini’s diversity index; ROC: receiver operating characteristic 
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Table 3: Predictor results* 

Predictor Predictor-importance Counts in bagged 
trees 

Threshold*  

Pruned 
CART-2 

Bagged 
trees 

Nodes 
1-3 

Nodes 
4-10 

LDL 1.31 1.59 100 54 4.3 mmol/L 
(4.1:4.6)  

GP-estimated AR 1.05 0.38 0 116 30% (2.5:80.5)
Diabetes 0.94 0.56 100 0 Yes 
Triglycerides 0.47 0.33 1 171 2.4 mmol/L 

(0.4:4.4) 
Income 0.31 0.21 3 73 $52,000 
Total cholesterol 0.28 0.08 6 31 5.2 mmol/L 

(3.6:7.0) 
CVD history 0.11 0.08 0 63 Both 
Education 0 0.21 44 9 University 
Framingham AR 0 0.08 0 10 10.6% 

(1.6:30.6) 
Exercise per week 0 0.04 0 38 No exercise 
Self-rated health 0 0.09 0 4 Very good 
* confidence intervals for continuous variables; median threshold for discrete variables. CVD: 
cardiovascular disease; AR: absolute risk; GP: general practitioner; LDL: low density lipoprotein 
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Appendix 1 

Table 4: Summary of Australian guidelines current during the study period to inform the 
prescribing of lipid-lowering medication 

Guideline Guidance to inform prescribing of lipid-lowering 
medication 

Use of absolute 
risk? 

NHF, 2008* Use of lifestyle modification first line. 

Use of drugs for: 

• those with existing disease (vascular, diabetes, 
kidney or hypercholesterolemia), Aboriginal 
Torres Strait Islander people, and those with 
AR ≥15% in five years 

• those with AR 10-15% and family history of 
CHD, or with metabolic syndrome 

Yes, Framingham 
1991 equation 

NVDPA, 2009 Adults with any of the following high risk conditions:  

• diabetes and age > 60 years 
• diabetes with microalbuminuria (> 20 mcg/min 

or urinary albumin:creatinine ratio > 2.5 
mg/mmol for males, > 3.5 mg/mmol for 
females)  

•  moderate or severe CKD (persistent 
proteinuria or eGFR < 45 mL/min/1.73 m2 )  

• a previous diagnosis of familial 
hypercholesterolaemia*  

• systolic blood pressure ≥ 180 mmHg or 
diastolic blood pressure ≥ 110 mmHg  

• serum total cholesterol > 7.5 mmol/L 

Use of Framingham to assess risk in those not 
considered ‘high risk’ 

Yes, use of 
Framingham (for 
patients not 
assessed as high 
risk using other 
criteria) 

PBS, 2014 Dietary therapy should be trialled prior to drug 
therapy for all patients who are not very high risk. 

Use of drugs for: 

• very high risk patients (eg existing CHD, vascular 
disease or diabetes, or family history CHD) 

• patients not considered very high risk who have 
combinations of risk (eg diabetes, Aboriginal, 
high HDL cholesterol, family history) along with 
particular lipid levels. For example an Aboriginal 
patient with total cholesterol >6.5mmol/L. See 
PBS (2014) for complete details. 

No, evidence 
included the 
Heart Protection 
Study (HPS), the 
United Kingdom 
Prospective 
Diabetes Study 
(UKPDS), 
Australian data 
audits and input 
from experts 

* Guideline refers readers to the National Heart Foundation of Australia and the Cardiac Society of 
Australia and New Zealand Position Statement on Lipid Management (2005). 
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Appendix 2 

After condensing the data to obtain a single-observation per patient, our CART makes no 

further adjustment for clustering of observations by GP. GPs see on average eight patients 

within the dataset (minimum of one patient per GP; maximum of 16). Stability across 

bagged trees may be overestimated if ‘bags’ of observations are drawn from clustered 

data. In supplementary analyses, we evaluated stability of the CART in 100 samples 

drawn using cluster-bootstrap methods [46]. Predictor counts and threshold densities 

were much the same with the cluster-bootstrap as for the simple bootstrap on clustered 

data described above.  

Similarly, while detailed contextual data on each GP was not available, the data did 

contain a State location variable that identifies the GP’s geographic region. In 

supplementary analyses, we included this variable within the predictor set, however it did 

not enter into the preferred CART model shown in Figure 1.  
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Chapter 8: Using CART to identify thresholds and 
hierarchies in the determinants of funding decisions   

Published in Medical Decision Making (March 2016) with Duncan Mortimer PhD and 

Kim Dalziel PhD 

Abstract  

There is much interest in understanding decision making processes that determine 

funding outcomes for health interventions. We use classification and regression trees 

(CART) to identify cost-effectiveness thresholds and hierarchies in the determinants of 

funding decisions. The hierarchical structure of CART is suited to analysing complex 

conditional and non-linear relationships. Our analysis uncovered hierarchies where 

interventions were grouped according to their type and objective. Cost-effectiveness 

thresholds varied markedly depending on which group the intervention belonged to: 

lifestyle-type interventions with a prevention objective had an incremental cost-

effectiveness threshold of $2,356, suggesting that such interventions need to be close to 

cost-saving or dominant to be funded. For lifestyle-type interventions with a treatment 

objective, the threshold was much higher at $37,024. Lower down the tree, intervention 

attributes such as the level of patient contribution and the eligibility for government 

reimbursement influenced the likelihood of funding within groups of similar 

interventions. Comparison between our CART models and previously published results 

demonstrated concurrence with standard regression techniques while providing 

additional insights regarding the role of the funding environment and the structure of 

decision-maker preferences.  

8.1 Introduction  

A now significant body of literature has investigated the determinants of funding 

decisions using a revealed preference approach. Variously, these studies have explored 

past funding decisions by fund-holders and health-technology assessment organizations 

including the Australian Pharmaceutical Benefits Advisory Committee (PBAC) [1, 2], 

the United Kingdom’s National Institute for Health and Care Excellence (NICE) [3-6], 

the Netherlands’ College voor Zorgverzekeringen (CVZ) [7] and across multiple fund-

holders or committees [8-10]. The majority of these previous analyses have employed 
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binary or multinomial regression to estimate the marginal increase in the probability of 

funding outcomes associated with variation in one or other of a large number of 

intervention, population and process characteristics. For example, Cerri et al. [5]  studied 

decisions made by NICE to recommend, restrict or reject funding of health technologies 

using multinomial logistic regression; testing for a linear relationship between the 

likelihood of funding restriction and intervention characteristics such as the incremental 

cost-effectiveness ratio (ICER), number of interventions evaluated and year of decision 

[5]. 

Much of this literature has been motivated by suggestions that decision-makers evaluate 

interventions against thresholds with respect to the quality of the evidence base [11], 

severity [12], life-extension [13] and incremental cost-effectiveness [14]. Yet relatively 

few studies have sought to identify such thresholds [1, 3, 4, 6] and fewer still have 

employed methods fit for this purpose [6]. For example, Devlin and Parkin [3] investigate 

whether NICE has a cost-effectiveness threshold. However, the analysis, as per the 

aforementioned Cerri et al. [5] analysis, included ICER as a continuous variable and did 

not test for a non-linearity or discontinuity in the relationship with funding 

rejection/acceptance. A recent exception is Dakin et al. [6], who improved on the standard 

regression approaches by estimating a linear spline model with the ICER modelled using 

a combination of categorical and continuous coding across three variables.12  

It has also been suggested that decision-makers may evaluate interventions using a 

lexicographical ordering of criteria (with decision makers first allocating resources to 

interventions for rare conditions or indications for which there is no effective alternative) 

[15] or in some hierarchy of thresholds (e.g. requiring thresholds for quality of the 

economic evaluation and incremental health gain to be cleared prior to consideration of 

other criteria such as cost-effectiveness; or with different thresholds applying to types of 

intervention or decision) [3, 16-18]. Again, relatively few studies (e.g. [4, 6, 19]) have 

sought to identify lexicographic orderings or hierarchies of funding criteria. Where an 

attempt has been made to identify thresholds and hierarchies, the quantitative methods 

employed have included ranking of ICERs by predicted probability of rejection or 

                                                 
12 Splitting the distribution of the ICER into three segments permits the estimated marginal effect of the 
ICER to take higher or lower values above / below pre-specified thresholds (at £20,000 and £30,000). The 
significance or otherwise of these variables then provides a test of the significance of the threshold 
reflected in the coding. 
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recommendation [3, 6], ranking interventions by ICER in a league table approach [1, 4, 

16, 20], and estimation of interactions between the ICER and other intervention 

characteristics [6]. Typically, the application of these methods necessitates a narrow 

concern with a limited number of the potentially relevant thresholds or hierarchies. The 

majority of such studies focus exclusively on identifying a funding threshold with respect 

to the ICER [1, 3, 4, 14, 16, 20].  

The purpose of the present paper is to identify thresholds and hierarchies in the 

determinants of funding decisions using classification and regression trees (CART). The 

hierarchical structure of CART has been shown to be suited to modelling complex 

conditional relationships [21]. CART automates the laborious process of specifying and 

testing the very large number of potentially relevant thresholds / hierarchies and avoids 

the imposition of a particular functional form on the relationship between funding 

outcomes and each predictor variable [22]. By affording the data greater freedom to speak 

for themselves [23], we investigate if CART can provide insights into the determinants 

of funding decisions.   

8.2 Methods 

8.2.1 Data 

We use data from Segal et al. [10] describing the economic evaluation and characteristics 

of pharmaceutical, medical and allied health interventions including funding outcomes, 

funding arrangements13, the target disease, target patient population, methodological 

quality of the evaluation, and estimates of cost effectiveness. Segal et al. [10] used logistic 

regression to estimate the marginal effect of intervention characteristics on the likelihood 

of funding rejection (as compared to full or partial funding) and, in a supplementary 

analysis, on the likelihood of being fully funded (as compared to partial funding). We 

conduct the CART analogue of the Segal et al. [10] primary analysis to identify the 

predictors of funding rejection (as compared to full or partial funding) using Segal et al’s 

                                                 
13 The predictor set includes two variables MBS/PBS eligible and patient contribution that reflect the 
funding arrangements pertaining to particular types of interventions. It should be emphasised that such 
arrangements are not outcomes of the decision-making process. For example, patient contribution refers 
to whether patients are required to make an out-of-pocket contribution at the point of consumption. In 
Australia, this is determined by programme level reimbursement rules rather than by the funding 
committee. Similarly, MBS/PBS eligible refers to whether an intervention is a pharmaceutical or medical 
service and therefore eligible to be considered for reimbursement via the Australian Government’s 
Medicare Benefits Scheme (MBS) or Pharmaceutical Benefits Schedule (PBS).  
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[10] original dataset. The dataset includes observations on 245 distinct interventions from 

74 published economic evaluation papers. Funding status, including source of funds was 

established by checking against Australia’s pharmaceutical and medical benefit 

schedules, the National Vaccination Schedule, clinical guidelines from national bodies or 

by contacting study authors or experts in the field. A description of extracted and derived 

variables for the final set of 245 included interventions is given in Table 1. Full details on 

the search, selection, validity assessment, data extraction and synthesis of this data are 

reported elsewhere [10, 24].  

8.2.2 CART analysis 

We use CART to identify predictors of funding rejection (versus approval of full or partial 

funding) for healthcare interventions in Australia. CART is a ‘big data’ recursive 

partitioning method [25] that has been widely used in classification and regression 

problems [26]. For classification problems, CART examines all the possible binary splits 

across every predictor, and selects the predictor for a decision node that best categorizes 

the data according to some splitting criterion. This yields a tree structure comprised of 

nodes that sort observations into one of two branches that in turn lead to two further nodes 

that split again until the tree terminates in ‘leaf’ nodes containing proportions of correctly 

and incorrectly classified observations.  

We consider all the explanatory variables that were used in the Segal et al. [10] paper 

(Table 1) to generate the CART model for funding rejection versus approval of full or 

partial funding. In step one of the model development, we grow a full tree using default 

parameters for splitting criterion (default = GDI) and minimum leaf size parameter 

(default = 1) which governs the minimum number of observations in each leaf node. In 

step two and step three, we test if using deviance or twoing methods for splitting, or 

increasing the minimum leaf size, improves performance. We use 10-fold cross-

validation to approximate out-of-sample error [27] and bootstrap 1,000 times to describe 

the distribution of the mean out-of-sample performance. In step four, we optimize the 

CART via pruning to minimize bootstrapped out-of-sample error. Pruning is the process 

of reducing the size of the tree by deleting leaf nodes such that intermediate nodes higher 

in the tree now become leaf nodes. The prune level is a scalar that can range from zero 

(indicating no pruning) to some positive number that is the largest prune level for the 

specific tree. Higher numbers indicate a higher level of pruning; selecting the largest 
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prune level indicates the tree is pruned to the point that only one node remains. Finally, 

in step five, we ‘hand prune’ the previous tree to remove inconsistent or overfitted child 

branches with no logical rationale. These steps are recommended in the development and 

optimization of a CART model [25, 28, 29]. 

Once optimized, we evaluate the structure of the CART to identify the existence of silos 

consistent with the funding arrangements and decision-making process in Australia, as 

well as plausible non-linearities in the relationship between intervention characteristics 

and funding outcomes. We identify the set of variables that are most important within the 

CART by systematically dropping variables from the analysis, one at a time, and 

comparing model performance with respect to out-of-sample error. Predictor-importance 

is also evaluated using an algorithm to evaluate the improvement in classification 

attributable to each predictor14. Finally, we evaluate the robustness of our findings using 

‘bagging’ or bootstrapped aggregating. Bagging is a method for generating multiple 

versions of a tree to allow the evaluation of both node and threshold stability [30]. We 

train one hundred ‘bagged’ trees on bootstrapped samples of the data, and count the 

number of times each predictor appears. Following Dannegger [31], we calculate the 

density function of the cut-off thresholds for ICER nodes to determine if the thresholds 

we present in our preferred CART model are consistent across the bagged trees. All 

models are computed using Matlab R2015a software [32] using the ‘fitctree’ command 

(Appendix 1 contains basic model code).  

8.3 Results 

8.3.1 Unpruned CART model (step one) 

The initial unpruned CART model (step one in the model development process) was 

generated using all explanatory variables used in the Segal et al. [10] paper but should be 

interpreted as a basic model, before any improvements are considered. The performance 

of the unpruned CART model is reported in Table 2. Within sample, the model correctly 

identifies 84% of interventions that were rejected for funding, and 95% of interventions 

that were accepted, with an overall error rate of 9%. The ROC metric is 0.95. This 

compares favourably to the logistic regression in Segal et al. [10] which correctly 

                                                 
14 This algorithm sums the improvement in classification from all nodes where the predictor is selected, 
and divides by the number of tree branches (28).  
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identified 61% of interventions that were rejected, and 94% of interventions that were 

accepted, for an overall error rate of 17%. As expected, the performance of the unpruned 

model drops significantly when moving outside the sample. Mean out-of-sample error 

and the ROC metric after 1,000 bootstraps are 22% (95%CI 20-25%) and 0.77 (95%CI 

0.72-0.81) respectively. 

8.3.2 Improving the CART model  

In step two, we test to see if the CART’s performance can be improved by increasing the 

leaf size. We find that the within-sample and out-of-sample errors are lowest at the default 

minimum leaf size of one (Table 2). Increasing the leaf size to greater than one increases 

both the within-sample and out-of-sample error. This is unsurprising given our relatively 

small sample size; CART models are often applied to datasets with millions of 

observations [21] where the minimum leaf size parameter could be increased with less 

loss of information or ‘signal’ from the data. We therefore continue with the base model 

and the default minimum leaf size of one. 

In step three, we compare model performance using different optimization criteria for 

node splitting. ‘Deviance’ and ‘twoing’ improve the within-sample performance slightly, 

but make no difference to the out-of-sample performance (Table 2). We therefore 

continue with the base model and the default GDI criterion. 

In step four, we optimize pruning by selecting the level of prune that minimizes 

bootstrapped out-of-sample error. We find that the out-of-sample performance is best at 

prune levels between 0 and three (Table 2). A prune level three offers the simplest tree 

for no significant decrease in out-of-sample performance. 

In step five, we hand prune the previous tree to remove an overall quality node where 

poor quality applications are accepted, and a counter-intuitive ICER node where higher 

ICERs are accepted rather than rejected. We find that the hand pruning increases the 

within-sample error from 9% to 16%, however the out-of-sample performance does not 

change significantly (Table 2). We therefore select the hand pruned CART as our 

preferred final model specification (Figure 1). 
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8.3.3 Using CART to improve understanding of funding rejection 

Figure 1 shows the interactions between intervention attributes, and highlights the 

hierarchies of funding decision-making. For life-style interventions sorted to the left side 

of the tree, funding rejection is more likely with an ICER above $37,024 for interventions 

with a treatment objective. On the right side of the tree, medical interventions with ICERs 

above $55,653 were likely to be accepted in the period prior to 1999 but rejected in the 

period post 1999. Interventions with relatively low ICERs are more likely to be rejected 

when they have a preventive objective, entail a patient contribution, and when they are 

ineligible for MBS/PBS reimbursement.        

In step six, we investigate the importance of specific predictors. ICER, intervention type, 

year, patient contribution and objective make the largest contributions to within-tree 

classification, while excluding any of objective, year, patient contribution and 

intervention type negatively impacts on overall model performance (Table 3). 

8.3.4 Robustness of the CART results  

The bagging exercise finds a high level of node stability within the preferred model.  

Intervention type, selected as the first node in the preferred CART, is selected as the first 

node in 100% of the bagged trees. ICER and objective are selected at nodes two to six in 

84% of the bagged trees, although there is some alternating of positions between the two 

variables. Year was node seven in 79% and patient contribution node eight in 89% of all 

bagged trees.  

The bagging exercise also shows consistent ICER thresholds across the bagged trees. 

Figure 2 is a density plot that highlights the distribution of ICER thresholds across the 

bagged trees when ICER is selected in the first five nodes of the tree. It shows discrete 

thresholds at $2,500 and $55,000, and an inflection around $37,000, consistent with nodes 

four, five and three respectively of the preferred CART model, and indicates a non-linear 

relationship between ICER and funding rejection. 
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8.4 Discussion  

8.4.1 Key findings  

8.4.1.1 Identification of funding silos with different ICER thresholds 
This paper demonstrates the use of CART to understand factors contributing to health 

policy decisions. The CART analysis showed a clear difference in the ICER thresholds 

between interventions of different type and objective. Intuitively, the positions of the 

ICER nodes in our preferred final model suggest that silos exist such that an intervention 

is first characterized by type or objective, and then evaluated for cost-effectiveness. The 

ICER thresholds vary significantly within these silos. For lifestyle-type interventions with 

a prevention objective, ICERs above $2,356 are likely to be rejected, suggesting that such 

interventions need to be close to cost-saving or dominant to be funded. For lifestyle-type 

interventions with a treatment objective, the ICER threshold is much higher at $37,024. 

For medical-type interventions, the ICER threshold is approximately $55,000 although 

this is less decisive in funding decisions (with funding rejection conditional on other 

criteria further down the tree). Overall, the CART analysis shows the relationship 

between ICER and funding rejection is most certainly non-linear, and suggests the 

presence of silos with different ICER thresholds. This finding is consistent with what we 

see in practice – a fragmented health sector with devolved levels of decision-making that 

permits large variations in what is deemed cost-effective. It suggests there may be large 

efficiency gains to be made from improving funding decisions by breaking down silos.  

8.4.1.2 Identification of hierarchies 
In addition to discovering different ICER thresholds across different silos, the analysis 

also highlights a hierarchy of intervention attributes. Intervention type is consistently 

selected as the first node in the CART, followed by objective and ICER. These attributes 

appear to largely define which silo an intervention may belong to. In addition, there are 

other attributes that play a role in differentiating interventions within silos. In the CART 

model, these factors are patient contribution and MBS/PBS eligibility. When comparing 

otherwise ‘like’ interventions, requiring a patient contribution or the lack of MBS/PBS 

eligibility increases the likelihood of funding rejection. These attributes act as 

differentiating factors within a silo, considered after the interventions have already been 

sorted by type, objective and ICER. Segal et al. [10] hypothesized in their introduction 

that MBS/PBS eligibility would lower the likelihood of funding rejection, as found here. 
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They also posited before their analysis that a higher patient contribution would imply a 

lower budget impact, and thus a decreased likelihood of funding rejection. However, their 

findings, and the CART results presented here, are counter to this hypothesis, suggesting 

decision-makers did not look favourably on patient contributions.   

8.4.1.3 Identification of thresholds in other intervention attributes 
There are two year nodes in the preferred CART model, with cut-offs at 1999 and 2000 

respectively. In both cases, interventions published before the cut-off years are less likely 

to be rejected. A number of changes to funding processes occurred in Australia either 

shortly before or shortly after these cut-offs that might account for the appearance of year 

nodes in the preferred CART model. In 1998, the MSAC (Medical Services Advisory 

Committee) was established to advise the Australian Government on the safety, 

effectiveness and cost-effectiveness of medical services; the first decision taken by 

MSAC was signed off by the responsible Minister in May 1999 [33]. In March 2001, 

membership of the PBAC changed (11 of its 12 members were new appointments) and 

Lloyd Sansom was appointed Chair; the first non-medical appointment to the position in 

the history of the PBAC [34].  

8.4.2 Comparison of CART and standard regression methods  

Using standard logistic regression methods, Segal et al. [10] found a positive relationship 

between ICER and funding rejection with an odds-ratio (OR) of 1.165 (95%CI: 1.06, 

1.29) suggesting that for every $100,000 increase in ICER, an intervention’s odds of 

rejection increase by 16.5%15. Consistent with Segal et al. [10], we also found a 

relationship between ICERs and funding rejection, however CART identifies a series of 

thresholds rather than a smooth relationship (Figure 2). Such a relationship could be 

difficult to uncover using standard regression techniques, even when higher order terms 

are considered. Similarly, findings reported by Segal et al. [10] suggested the likelihood 

of funding rejection increased with each subsequent year of publication (OR = 1.224; 

95% CI: 1.07, 1.40), but the CART identifies a threshold around 1999/2000, after which 

funding rejection became more likely.   

                                                 
15 We revised the Segal et al. (10) analysis by dividing the ICER by $100,000 so the odds ratio would be 
more intuitive. Segal et al. (10) also included an ICER^3 term, however the marginal impact of this term 
was negligible. 
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The Segal et al. [10] analysis found that the medical-type interventions compared to 

lifestyle (OR = 0.153; 95% CI: 0.05, 0.51), interventions with a treatment objective 

compared to prevention (OR = 0.045; 95% CI: 0.01, 0.19), and interventions without a 

patient contribution compared to those with a patient contribution (OR = 3.248; 95% CI 

0.92, 11.46) were much less likely to be rejected for funding. In the CART analysis, 

intervention type is consistently the first node in the classification tree, and last to be 

pruned. Dropping intervention type worsens both the in and out-of-sample performance 

of the CART model. However, in the CART model, intervention type is used to classify 

interventions into subsequent ‘like’ groups, rather than directly determining funding 

rejection. There are two objective nodes in the preferred CART model at node two and 

node six. Node two is high in the tree, and shows that objective is an important feature 

used to initially classify interventions, much like intervention type. Node six in the CART 

analysis is conditionally consistent with the logistic regression: applications with a 

treatment objective are less likely to be rejected. Finally, patient contribution is selected 

lower down in the tree in the CART analysis, as a factor that differentiates ‘like’ 

interventions. As per the logistic regression, interventions without a patient contribution 

are more likely to be funded.    

8.4.3 Limitations  

A limitation of this application was the relatively small dataset. While some interesting 

silos were uncovered, some CART iterations included branches that appear illogical or 

unintuitive (e.g. higher quality ICERs more likely rejected). While a number of standard 

CART steps have been taken in the present study to avoid overfitting and to remove 

implausible and counterintuitive branches, implementation in larger datasets would help 

with further validation. Similarly, consultation with decision-makers to establish the face 

validity (or otherwise) of the CART could guide further refinement of the CART model 

via hand pruning to remove nodes or branches that lack face validity.  

More generally, it is likely that the differences in policy making processes over time and 

across jurisdictions will impact external validity and applicability of our findings. We 

completed robustness checking by creating many ‘bagged’ trees on bootstrapped data 

samples. While results suggested a high level of node and threshold stability, our findings 

are conditional upon the data used to generate the CART and it is likely that a different 

set of nodes/thresholds predict funding outcomes in other jurisdictions (e.g. NICE, CVZ). 
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The use of CART methodology is also open to further improvement. For example, there 

is some difficulty in clearly interpreting the stability of results from CART models, as 

there is presently no standard statistical test to apply [31].   

8.5 Conclusion  

There is much interest in understanding decision making processes that determine 

funding outcomes for health interventions. To the best of our knowledge, this is the first 

application of CART to this area, and it has proved useful in uncovering new findings. 

Our analysis uncovered hierarchies where interventions were grouped according to their 

type and objective. Cost-effectiveness thresholds varied depending on which group the 

intervention belonged to. Lower down the decision tree, intervention attributes were 

uncovered that influence the likelihood of funding within ‘like’ interventions. Finally, our 

analysis also highlighted the impact of changes to the funding process, with interventions 

assessed after the changes subject to more stringent evaluation. However, our analysis is 

limited by a small dataset and a new methodological approach, and therefore should be 

viewed as preliminary rather than definitive. Applications to a larger dataset may provide 

further insights.   
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Figures 

Figure 1: CART-5 tree (optimal and hand pruned) 

 

Funding rejection decision tree. Intermediate nodes report the node number followed by the name of 
the splitting variable. Final nodes are shown as boxes underneath the node number, reporting the 
predicted funding outcome (reject or not reject), and the number of interventions correctly 
predicted/total number of interventions at each node.    
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Figure 2: Density plot of ICER thresholds in bagged trees when selected in first five 
nodes 

  

ICER threshold density plot shows the thresholds that are selected by the CART model when ICER is 
selected in the first five nodes of the decision tree, when bootstrapped aggregation (bagging) is used 
to generate 100 trees. The discrete thresholds at $2,500, $37,000 and $55,000 per QALY indicate a 
non-linear relationship between ICER and funding rejection, and are consistent with the thresholds 
found in the preferred CART model shown in Figure 1: lifestyle interventions with a prevention 
objective ($2,356); lifestyle interventions with a treatment objective ($37,024) and medical 
interventions ($55,653).  
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Tables 

Table 1: Descriptive statistics of the 245 interventions  

Intervention features
 

No. of interventions (%) 
(Total = 245) 

Intervention details 
Type Medical 177 (72)
 Lifestyle 68 (28)
Objective Treatment 119 (49)
 Prevention, screening, 

diagnosis 
126 (51)

Disease stage (for intervention) Primary 78 (32)
 Secondary 119 (49)
 Tertiary 48 (20)
Nature of publication and study methodology
Year of publication Median (range) 2002 (1989 to 2005) 
Quality of the economic evaluation 
Q-costs~ Appropriate (marginal analysis; 

clear) 
185 (76)

Q-sensitivity analysis~ Performed 239 (98)
Q-overall~ Appropriate (met all above 

requirements) 
173 (71)

Cost effectiveness 
Incremental cost-effectiveness 
ratio (ICER)  

More effective but more costly
    Median 
    Interquartile range 

214 (87)
    $19,017 
    $5,997 to $45,670 

 Dominated^ 11 (5)
 Dominant^ 20 (8)
Incremental cost-effectiveness 
ratio cubed (ICER^3) Ϯ 

Median
Interquartile range 

$5,910 x 10-9 

$3,240 x 10-7 to $1,340 x 10-11 

Funding and implementation 
Funding status Fully funded (not rejected) 87 (35)
 Partially funded (not rejected) 75 (31)
 Not funded (rejected) 83 (34)
MBS/PBS eligible (intervention 
eligible for reimbursement via 
MBS or PBS) 

Yes 113 (46)

Patient contribution (some 
patient contribution to costs 
required) 

Yes 178 (73)

~Dalziel et al. (32) describe coding of quality measures. Briefly, Q-COSTS (measured appropriately=1 
versus not=0), Q-SENSITIVITY (sensitivity analysis performed=1 versus not=0), and Q-OVERALL 
(adequate comparator, costs and sensitivity analysis=1 versus not=0).   
^Dominant and dominated interventions were included in the main analysis; coded zero in the case of 
dominant interventions and a very high (though not infinite) value of $1million in the case of 
dominated interventions.  
Ϯ Segal et al. (10) tested a range of higher order terms in an attempt to model the form of the 
relationship between the ICER and funding rejection. Only the ICER and ICER-cubed were retained in 
the Segal et al. (2010) final specification that we replicated using CART.   
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Table 2: CART results for model development steps one to five 

Model 
Description 

1.Base 2: Min Leaf 
Size 

3. Splitting Criteria 4. Optimal Pruning Level 5.Hand 
Pruning 

Parameter 
value 

 5 10 Deviance Twoing 1 3 5 7 Nodes 
15, 18 

Sensitivity 0.84 0.75 0.77 0.86 0.84 0.83 0.84 0.75 0.73 0.87

Specificity 0.95 0.96 0.86 0.95 0.96 0.93 0.93 0.93 0.80 0.83

Sample 
error 

0.09 0.11 0.17 0.08 0.08 0.10 0.10 0.13 0.22 0.16

Out-of-
sample 
error (95 
percentile)Ϯ 

0.22 
(0.20-
0.25)  

0.24 
(0.21-
0.27)

0.30 
(0.27-
0.32)

0.24 
(0.21-
0.27)

0.22 
(0.20-
0.25)

0.22 
(0.20-
0.26) 

0.23 
(0.20-
0.26)

0.26 
(0.22-
0.29)

0.29 
(0.27-
0.32)

0.22 
(0.20-
0.26)

ROC Ϯ 0.95 0.92 0.87 0.96 0.96 0.94 0.92 0.92 0.92 0.90

ROC out-of-
sample (95 
percentile)Ϯ 

0.77 
(0.72-
0.81) 

0.78 
(0.73-
0.82)

0.76 
(0.71-
0.79)

0.76 
(0.72-
0.79)

0.77 
(0.73-
0.81)

0.77 
(0.71-
0.81) 

0.76 
(0.71-
0.82)

0.70 
(0.66-
0.74)

0.69 
(0.68-
0.70)

0.76 
(0.70-
0.81)

ϮOut-of-sample error is the bootstrapped (1,000) cross-validation error; 95 percentile are the lower and upper 95 percentile limits for the out-of-
sample error; ROC is the receiver operating characteristic area-under-curve metric.   
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Table 3: CART results for step six: evaluation of predictor importance 

Predictors Predictor 
importance Ϯ  

Change in out-of-
sample error from 
exclusion of 
predictor Ϯ 

Type 0.30 0.02 (-0.01:0.05) 

Objective 0.11 0.09 (0.05:0.13) 

Disease stage (for intervention) 0.03 0.01 (-0.03:0.04) 

Year of publication 0.23 0.05 (0.02:0.08) 

Q-costs~ 0.02 0.00 (-0.02:0.03) 

Q-sensitivity analysis~ 0.00 0.01 (-0.02:0.04) 

Q-overall~ 0.05 0.01 (-0.02:0.05) 

Incremental cost-effectiveness ratio (ICER) 0.36 0.00 (-0.02:0.03) 

Incremental cost-effectiveness ratio (ICER)-
cubed 

0.00 0.00 (-0.02:0.03) 

MBS/PBS eligible (intervention eligible for 
reimbursement via MBS or PBS) 

0.03 -0.01 (-0.04:0.02) 

Patient contribution (some patient 
contribution to costs required) 

0.15 0.03 (0.00:0.07) 

Ϯ Predictor importance sums the improvement in classification from all predictor nodes and divides by 
the number of tree branches. Out-of-sample error is the bootstrapped (1,000) cross-validation error; 
lower and upper are the lower and upper 95 percentile limits of the change in out-of-sample error 
from exclusion of the predictor. A positive change indicates a worsening in model performance.  
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Appendix 1  

Matlab code for CART funding rejection model 

% Basic Matlab code for CART funding rejection model 
  
function CART_funding_rejection 
  
% Load data 
load('fundingrejection.mat'); 
  
% Create variables for CART 
X = [type mbspbs objective year icer sensitivity quality qcosts icer3 
diseasestage patientcont]; 
Xnames = 
{'type','mbspbs','objective','year','icer','sensitivity','quality','co
sts','icer3','disease_stage','patient_cont'}; 
% Identify categorical variables 
catvar = [1,2,3,6,7,8,10,11]; 
Y = funding_rejection; 
  
% Generate classification tree - base model  
ctree = fitctree(X, Y, 
'PredictorNames',Xnames,'CategoricalPredictors',catvar); 
  
% Calculate key tree results 
[clabel, cscore, cnode, cnum] = predict(ctree,X) 
  
% Display tree figure 
view(ctree,'mode','graph'); 
  
% Caculate predictor importance results 
predimp = transpose(predictorImportance(ctree)) 
  
% Calculatue ROC scores 
posclass = {'1'}; 
[a b t auc] = perfcurve(Y, cscore(:,2), posclass) 
  
end 
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Chapter 9: Multicollinearity in CART models: insights for use 
of CART in health economics  

With Dennis Petrie PhD, Duncan Mortimer PhD and Kim Dalziel PhD 

9.1 Introduction 

Classification and regression trees (CART) are a set of flexible non-parametric machine-

learning techniques that are particularly applicable for analysing complex, hierarchical 

and non-linear relationships [22]. These strengths have seen CART increasingly applied 

in a range of economic, health economic, public health and epidemiological applications, 

including identifying in-hospital mortality [21], describing prescribing practices for 

cholesterol lowering medications in general practice [14], and explaining the drivers of 

funding success for health interventions [13].    

When compared to traditional regression methods CART is a relatively new technique. 

The seminal CART text by Breiman et al. appeared in 1984 [4]; by this time scholars had 

been working for decades to uncover and propose solutions to now well-known issues 

with traditional regression methods such as multicollinearity (9,830 citations to 1984), 

omitted variable bias (293 citations); and heteroskedasticity (1,150 citations)16. In 

economics and biostatistics, graduates are now well-trained in the consequences of 

multicollinearity, for example, understanding that while the estimators are still unbiased, 

their stability may be compromised and result in large standard errors [7]. By contrast, 

such issues in CART are relatively under-researched, at least in the social sciences, 

perhaps because CART is historically a data-mining tool used for prediction rather than 

causation analysis. Methodological CART research tends to focus on overall model 

performance rather than the issues of attributing causal inference to predictors (for 

example [9, 12]). Applied CART papers in the social sciences tend to provide little 

intuition about how such models are affected by typical regression problems (for example 

[1, 17]).  

In this paper, we investigate and describe how CART models are affected by 

multicollinearity, a typical problem that affects regression analyses in the social sciences. 

                                                 
16 Google Scholar search 1 February 2016: Search term: “multicollinearity” or “heteroskedasticity” 
respectively; Custom range year to 1984. 
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We show how the issue manifests in CART models using a simulated dataset. Our aim is 

to provide the social science analyst with practical demonstrations of a common issue 

whose consequences are well-known in traditional regression models, but not so well 

understood in CART models. This will provide better intuition for those conducting, 

analysing and/or interpreting the increasing amount of ‘big data’ research based on CART 

models. 

9.2 Theoretical background 

9.2.1 Multicollinearity 

Multicollinearity is the presence of correlation between predictors, which in traditional 

regression analyses can cause difficulty in understanding the magnitude of contribution 

that each predictor is making to the dependent variable outcome. Martz [10] provides the 

analogy of two guitarists at a concert – when they are both playing, the audience struggles 

to identify which guitarist has the biggest effect on the quality of the music. 

Multicollinearity works in the same fashion. In more technical terms, multicollinearity 

increases the standard errors of regression coefficients, making some predictors appear 

insignificant and even changing their estimated sign.  

9.2.2 CART methods 

CART is a recursive partitioning ‘big data’ technique that splits observations into 

increasingly homogenous ‘nodes’ corresponding to each class of interest [8]. It then 

repeats this process again and again for each node, creating an inverted tree structure. 

There are distinct strengths of CART that make it particularly applicable to analysing 

complex medical decision-making processes [13]. First, the hierarchical structure of 

CART models is often more intuitive than traditional regression models, because it 

mimics the heuristics of decision making [5, 15]. Second, CART affords the data greater 

freedom to inform the model structure [20]. Regression models impose a model structure 

which is often refined by comparing across a limited number of possible specifications. 

If the model structure is true, imposing it improves the statistical power of the analysis. 

But if the model structure is false, then the results may be biased or suggest an undue 

level of certainty i.e. produce standard errors that are too low [6]. By contrast, CART 

performs an exhaustive search over all possible cut-points and predictors [22]. The precise 

form of the relationship between a predictor and outcome is not constrained by linearity 
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and/or the inclusion/exclusion of higher order terms. As a result, CART can outperform 

standard regression models when predicting outcomes in the presence of non-linear 

relationships and thresholds [22] that are common in health. It is this strength that has 

seen CART used in a variety of prognostic analyses to identify risk thresholds for in-

hospital mortality [21], vertebral fractures [11] and cirrhosis [16].  

9.2.3 CART performance metrics 

CART models can be evaluated using similar methods to traditional regression: for 

classification problems, CART performance can be evaluated using classification error 

and the area-under-curve of the Receiver Operating Characteristic (ROC) curve; for 

regression problems, mean squared error is a measure of performance. Bagging, or 

bootstrapped aggregation, can be used to evaluate predictor importance and the out-of-

sample performance of the CART models. Bagging creates a new tree from each different 

bootstrapped sample of the original data. The various generated trees, reflecting 

uncertainty around the true tree structure, can then be combined into an ensemble model 

that has been shown to have improved prediction performance [2]. In addition, with each 

bootstrapped sample, there are observations from the original sample that are not used in 

the bootstrapped sample to generate the tree. These observations can be used to test the 

model’s out-of-sample performance, in much the same way as a hold-out set is used. This 

metric is known as the out-of-bag (OOB) error. OOB error can also be used to estimate 

predictor importance by evaluating how changes in each variable impact on overall OBB 

error. For every tree, the increase in OOB error from randomly permuting a predictor 

provides an estimate of that predictor’s importance. Randomly permuting a predictor 

randomly rearranges the values of the predictor across the sample, which mimics 

dropping the variable from the model [18]. The raw predictor importance metrics can be 

standardized into Z-scores by dividing the average OOB change across the bagged trees 

by the standard deviation, and then translated into p-values to provide an indication of the 

significance of the result [3]. If changing a predictor variable causes large changes in the 

prediction error, then this suggests that this is an important variable for determining the 

outcome and if this is true for all bootstrapped trees then it suggests that it appears as an 

important predictor no matter which of the bootstrapped tree is the true population tree.  

There are some cautions with the calculation of p-values for predictor importance 

however. Strobl and Zeileis suggested that the approach has poor statistical properties 
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[19]. They used the standard error of the mean as the denominator in the calculation of 

the z-score, and thus found that the p-values were dependent on the number of trees in 

the forest. This is an unwanted quality in a test, as predictor importance significance can 

be manipulated simply by changing the number of trees that are grown. However, as a 

forest of trees is based on bootstrapping the original sample, we prefer to use the standard 

deviation as the denominator in the calculation of the z-score, consistent with estimation 

of confidence intervals using bootstrapping. Using this formulation, the significance of 

the predictor importance results is independent of the number of trees grown.  

9.2.4 How would we expect multicollinearity to manifest within CART? 

A priori, we would expect the presence of multicollinearity to have the same effect in 

CART models as it does in regression models, and make it difficult to determine which 

variables are the key drivers of the dependent variable. In CART, this could manifest 

itself as a lack of node stability amongst bootstrapped trees. For example, suppose quality 

of life (QOL) is a function of age, but age and income are highly correlated. The selection 

of age at a given node might be replaced by income when the tree is generated from a 

slightly different sample. When multiple CART models are generated using bagging, this 

‘switching’ between age and income could make it more difficult to determine which of 

the two is of most importance to QOL. We would expect the significance of the predictor 

importance metric on age to be reduced in the presence of multicollinearity because in 

trees where income has replaced age, permuting age will have little impact on the overall 

model prediction error. By contrast, consistent with the literature [18], we would expect 

the predictor importance of income to be overestimated due to its correlation with age.    

The presence of multicollinearity raises another caution with the calculation of p-values 

for predictor importance however. If the collinear variables appear in just one node in 

each bagged tree, the raw predictor importance scores for each variable will fluctuate 

between zero (when excluded from the tree because the other collinear variable is selected 

at the given node) and some positive number (when it is selected at the given node). The 

normality assumption behind the standardization procedure to calculate the predictor 

importance p-value will then be violated as the underlying distribution is no longer normal 

but strongly bimodal. Thus, when results suggest that on average the variable has some 

possibly significant predictor importance, a more accurate interpretation is that the 

variable has positive predictor importance 50% of the time and no predictor importance 
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50% of the time. In practice, this limitation is curtailed if there are many nodes within 

each bagged tree that select one or other of the collinear variables. The random selection 

can occur within individual trees as well as between bagged trees, resulting in a more 

normal distribution of raw predictor importance results.    

Finally, we do not expect to see a significant negative impact of multicollinearity on 

overall prediction power of the CART model. The correlated variables provide similar 

levels of information about the dependent variable; the selection of age over income, or 

income over age, at given nodes, should not significantly reduce the model’s prediction 

power.  

9.3 Methods 

9.3.1 Data 

We randomly create a simulated dataset (n=1,000) with a dependent variable y and three 

potential predictors x1, x2 and x3. For simplicity, all variables are continuous and lie in the 

range (0,100). We set the correlation coefficient between x1 and x2 (ρ12), and between x1 

and x3 (ρ13) at some nominal correlation ρ, while we vary the correlation between x2 and 

x3 (ρ23). The dependent variable y is a hierarchical, non-linear function of variables x1 and 

x2. The marginal impact of x1 and x2 on y depends on the threshold parameters t1 and t2, 

and is given by coefficient parameters β1, β2 and β3 that lie in the range (0,1), plus some 

random error : =  +   <  

=  +    ≤ ≤  

=  +   >  

With this design, y is a function x1 and x2 of but not x3.  

9.3.2 CART analysis 

First, we create a CART model when the dataset has a low correlation between x2 and x3 

(Figure 1). We then increase the correlation between x2 and x3, and use bagging to 
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calculate OOB error and predictor importance metrics. This allows us to investigate how 

the CART model responds to this induced multicollinearity. We examine the impact of 

excluding the correlated predictor x3, when it is non-causal as described above, and then 

when x3 has a causal impact on y, as per the following simulated non-linear relationship 

between y and the three potential predictors x1, x2 and x3. In this case, by design the 

marginal impact of x1 is now given by one of β1, β2, β3 and β4 depending on the values of 

x2 and x3 relative to threshold parameters t1, t2 and t3, and where β4 is a coefficient 

parameter similar to β1, β2 and β3: =  +   <  

=  +    ≤ ≤  & >   

=  +    ≤ ≤  & ≤  

=  +   >  

These series of tests aim to determine if we can identify when the inclusion of a collinear 

predictor is appropriate. The parameters used in the simulation analysis are given in Table 

1. 

9.4 Results and discussion 

9.4.1 CART model 

Figure 1 shows the basic CART model when there is only minor correlation between x2 

and x3. The CART model correctly uncovers thresholds t1 and t2 based on x2, and predicts 

mean values for the dependent variable. 

9.4.2 Predictor importance 

Figure 2 plots the bagged predictor importance p-value for x2 and x3 against the correlation 

between x2 and x3. As the multicollinearity increases, the p-value for the x3 variable drops 

significantly while the p-value for the x2 variable increases more slowly. At high levels 

of correlation (>0.8), the CART model becomes unable to distinguish between the 

importance of x2 versus x3. Conceptually then, the impact of multicollinearity on a CART 
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model is similar to that for regression models. But there are some differences. In 

regression models, as multicollinearity increases the p-values of the affected predictors 

trend towards one – there is too much uncertainty around parameter estimates to reach 

significance. However, in CART, the p-values of the affected predictors converge to a 

value that may or may not be significant, because the CART selects one variable but not 

the other, whereas regression includes both alongside each other. In the presence of 

perfect collinearity CART models will randomly select any of the collinear variables. In 

some trees, one of the variables might be selected more than the other, and in other trees, 

the reverse might be true. Over the bagging exercise, this averages out and each variable’s 

contribution to model performance (which is what predictor importance metric measures) 

will therefore converge to equality (px2= px3). Intuitively, the importance in model 

performance is shared equally between collinear predictors. Even after sharing, it is 

possible that the collinear predictors make a large enough contribution to model 

performance for the variables’ importance to performance to be considered significant.  

9.4.3 Overall model performance 

Figure 3 shows the out-of-bag (out-of-sample) performance of the CART model as the 

correlation between x2 and x3 increases. As expected, we find no clear relationship 

between overall model performance and the level of correlation between predictors, 

suggesting that multicollinearity does not impact on overall model performance.  

9.4.4 How to test for and respond to multicollinearity in CART models 

As in traditional models, multicollinearity can be identified by checking correlation 

matrices and/or computing variance inflation factors (VIFs). VIFs are derived from the r-

squared result from the regression of each predictor against the remaining set of 

predictors. There are also CART-specific approaches. In generating a preferred tree, 

CART models must calculate the potential splits for all variables for each node. This 

information is used to identify surrogates – alternative variables that can replace the first-

best chosen variable should data for it be missing. However, there are a number of subtle 

differences between surrogates and correlates. A surrogate is not used to predict the 

dependent variable, but to predict whether the missing variable is likely to be above or 

below the threshold and thus predict whether the observation should go left or right as the 

classification moves down the tree. The measure of surrogate association is not the 

correlation between variables but the similarity in splitting observations: a close surrogate 
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is able to accurately replicate the splits from the original predictor. Surrogates are node-

specific and do not need to be universally associated with original predictor across the 

entire variable space. A variable x3 might be a close surrogate for x2 at one node, but this 

does not necessarily imply that that x3 is always a close surrogate for x2. Thus, while 

collinear variables are likely to be good surrogates, good surrogates are not necessarily 

collinear. Nonetheless, by definition a surrogate is a variable that provides similar 

information to the CART model as the original predictor, and thus the presence of close 

surrogates in CART is the equivalent of the presence of multicollinearity in regression. It 

can be identified by investigating the surrogate matrix, analogous to the correlation matrix 

in traditional analyses. We find a strong positive non-linear relationship between variable 

correlation and surrogate association (Figure 4), highlighting the similarities in concepts 

(positive relationship), but differences in applications (non-linearity). 

Typically in data analytics, the presence of close surrogates is a positive, as they allow 

the modeller to maintain prediction performance in the presence of missing data. 

However, when causation rather than prediction is the aim, multicollinearity and the 

presence of close surrogates will reduce the level of certainty around predictor 

importance, just as our earlier simulated example showed. In these instances, as per 

traditional analyses, increasing the sample size (at least when collinearity is less than 

perfect), or eliminating or reducing the collinear variables will improve the ability to 

distinguish predictor importance. Of course, that assumes the analyst can a priori identify 

the causal and non-causal variables. In the absence of this, one way to test for correlated 

but not causal predictors is to evaluate overall model performance after dropping a 

predictor. When a correlated but non-causal variable is dropped from the analysis, the 

causal variable simply ‘takes back’ its share of predictor importance, and overall model 

performance is unchanged. However, when the correlated variable is also causal, we 

would expect the overall model performance to be reduced from its omission. The 

magnitude of the performance reduction is however likely to be a function of the 

collinearity: the greater the collinearity the smaller performance reduction (because the 

included variable provides a proxy for the role of the omitted variable), with no 

performance reduction expected to be observed under perfect collinearity. Unfortunately, 

then, we expect this test to become less sensitive as collinearity increases. 
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Figure 5 highlights the percentage change in OOB model performance results from 

excluding the x3 variable from tree generation. When x3 is non-causal, its exclusion makes 

little difference to the OOB error, and in fact, we see that the error is slightly improved. 

As in regression models, the removal of the non-causal variable increases the CART 

model’s statistical power. When x3 is causal, its exclusion results in an increase in OOB 

error of over 50% at correlations for x2 and x3 below 0.8. As expected, however, as the 

correlation increases, the impact of excluding x3 trends towards zero, as x2 is able to 

provide similar information for the model.  

This simulated example suggests the analyst can use the investigation of OOB error after 

the exclusion of a correlated variable to assess its likely causal contribution, however we 

would expect this to be model-specific. 

9.5 Conclusion 

While it has been claimed that multicollinearity does not impact CART, our analysis 

suggests this should be appended to add ‘when using CART for prediction’. When being 

used for causal analysis, multicollinearity impacts on CART in much the same way as in 

traditional analyses, by reducing the ability of the model to distinguish the importance of 

collinear predictors. As with traditional regression analyses, CART analysts should test 

for the presence of multicollinearity and employ specification tests to distinguish between 

causal and non-causal predictors. Those reviewing CART analysis should be aware of the 

potential impact of multicollinearity on predictor importance metrics.  
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Figures 

Figure 1: Basic CART model 

 

Figure 2: CART predictor response to multicollinearity 
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Figure 3: CART performance response to multicollinearity 

 

Figure 4: Surrogate association versus variable correlation 

 

C
AR

T 
ba

gg
ed

 m
ea

n 
sq

ua
re

d 
er

ro
r

x3
 s

ur
ro

ga
te

 a
ss

oc
ia

tio
n 

w
ith

 x
2



219 
 
 

 
 

Figure 5: Identifying multicollinearity: impact on model error from excluding income 
when it is a) not causal; and b) causal  
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Tables 

Table 1: Parameters 

Parameter Value 

Thresholds  

t1 0.45 

t2 0.55 

Coefficients  

β1 0.3 

β2 0.5 

β3 0.7 

Β4 0.9 

Correlations  

ρ12, ρ13  0.15 

ρ23 Varied across range [0:1] 
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Chapter 10: Conclusion 

10.1 Chapter summary 

This thesis has provided several applications that increase the value derived from already-

available individual-level observational data. Chapters 2 to 4 considered the prominent 

condition of osteoarthritis, and its typical end-stage treatment of arthroplasty. First I 

considered the optimal timing of patient-reported outcome measures (PROMs). I found 

that the timing of the PROM can significantly bias the results of economic evaluations. I 

concluded that while PROMs are a step in the right direction towards more value-based 

health care, the timing of the measurement needs to be considered in order to inform 

robust evaluations. In chapter 3, I investigated regression to the mean (RTM) in 

osteoarthritis, and used a matching method to show that RTM does exist – even in 

diseases like osteoarthritis that are thought to be progressive – and that the presence of 

RTM can significantly bias economic evaluations based on pre-post study designs. These 

chapters provided a methodological contribution to the way in which total knee 

arthroplasty (TKA), and indeed many pre-post study designs, are evaluated. In chapter 4, 

I used data from the SMART registry to evaluate the long-term predictors of QALY gain 

from TKA. I found specific patient attributes that predicted a lower likelihood of cost-

effective surgery. In doing so, I highlighted the benefits of analysing registry data to 

improve patient selection in the treatment into the future.   

Chapters 5 and 6 investigated congenital heart disease, and in particular a sub-cohort of 

children born with this disease who received the palliative Fontan procedure. Applying 

survival analysis, I showed that significant gains had been made to the procedure that has 

resulted in recipients living much longer lives. Projecting this forward using 

microsimulation modelling allowed me to estimate the size of the cohort over the next 20 

years. Importantly for developing appropriate models of care for this cohort, I showed 

that the demographics of this population will change quickly, from a mostly child 

population to an adult population. In chapter 6 I investigated cost differential between 

anticoagulation treatment using aspirin versus warfarin by linking cost data with the 

Fontan Registry. The effectiveness of aspirin versus warfarin for this cohort remains 

uncertain; our analysis highlighted the ongoing costs of this uncertainty, and provided an 

estimate of the potential value of a new study that could help to reduce this uncertainty.     
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In chapters 7, 8 and 9, I highlighted how useful ‘big data’ techniques such as CART can 

be when analysing health issues that are predominantly non-linear and hierarchical. In 

chapter 7, I showed that GP decision-making for the treatment of CVD is clearly non-

linear and hierarchical, with income and education affecting a GP’s decision to prescribe 

medication to seemingly at-risk patients. Rather than simply identifying non-compliance 

with guidelines, the CART modelling allowed a deeper understanding of the ways in 

which GPs prescribe. In chapter 8, I found that funding decision-making is clearly 

hierarchical, with cost-effectiveness thresholds varying markedly depending on the 

characteristics of the intervention. This is much more powerful than simply saying that 

cost-effectiveness matters. 

It remains odd that many health economics analyses fail to adequately account for clearly 

non-linear and hierarchical structures when selecting appropriate methods. The additional 

chapter on the methodological issues of CART helped to provide the everyday analyst 

with intuition for applying CART methods and interpreting its results. However, it is 

noted that the tried and tested methods of linear regression are used precisely because of 

the standardised manner in which analyses are conducted, which facilitate clear and 

consistent comparison across studies. CART still has some way to go in this regard.  

10.2 Implications, limitations and further research 

This thesis makes contributions across a wide-range of health economics with already-

existing individual-level, observational data. For pure clinical efficacy questions, the 

crispness of causal inference from RCTs can prove a decisive advantage when selecting 

appropriate evaluation methods [1], but many important questions can be informed by 

non-experimental data, especially as quasi-experimental methods improve and the 

availability of individual data increases. As Wiseman notes in the Lancet [1]: ‘The 

hegemony of the randomized trial for all questions of health should be broken.’ 

This thesis also hints at a potential coordination problem, where researchers are not aware 

of already-collected data or it is not made available to them. As Clarke notes [2]: ‘Large 

data sets are expensive and time-consuming to collect, but often only a few research 

papers are produced. That's because it's often easier to obtain money from funding 

agencies to collect data than analyse it. Funding a new clinical trial sounds much more 

exciting than a reanalysis of existing data.’ 
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One potential solution to the lack of awareness of available data could be a registry of 

datasets, where potential users could search for data and find a summary of the potential 

datasets available. In Australia, this service already exists to some extent in the form of 

the data.gov.au website that: ‘provides an easy way to find, access and reuse public data.’ 

As at 23 November 2016, there were 19 datasets listed when searching the term ‘health’, 

from the Department of Health, spanning aggregate health outcomes to GP workforce 

statistics. None, however, contained individual-level data, and the site currently only 

captures government datasets. Incorporating research datasets, perhaps as a requirement 

of public funding, could allow researchers to locate available data more easily.  

Similarly, restrictions around access to data have the effect of limiting a dataset’s value 

and potential to inform key decisions. Australian researchers are not encouraged to 

actively share their data, despite this being an efficient way to generate new knowledge 

[2]. Large sums of government money spent on linking datasets has resulted in very low 

publication rates. For example, Victoria, a major Australian state with over five million 

people, has averaged less than five linked-data publications per year over the last ten years 

[3]. By contrast, the OsteoArthritis Initiative (OAI) dataset used in Chapter 3 makes its 

huge dataset publicly available to researchers all over the world with one click and after 

agreement to the study’s terms and conditions. As a result, around 70 publications per 

year are published using this data (see https://oai.epi-

ucsf.org/datarelease/docs/publications/OAIReferenceList.htm). Australian funding 

bodies should look at how they can promote this kind of sharing: most data collection is 

publicly funded and the data should be a public, not private, good.  

Funding bodies should also play a more active role in assessing value-for-money in data 

gathering. Chapter 2 in this thesis provides an example: having measured the health-

related quality of life path of those who have total knee arthroplasty with follow-up at six 

weeks, three months, six months and annually to five years, the research showed that a 

single measurement at three months would provide an accurate measure of the patient 

pathway; two measurements would reduce effectively bias to zero. Subsequent research 

does not need to fund ongoing follow-up.  
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10.3 Final words 

Overall, this thesis has used already-available individual-level observational data to make 

a small but significant contribution to a range of health economics applications. As 

researchers, we are always looking for more and better data, but this thesis highlights the 

range of contributions that can be made with data that is already available. As health 

economists, we should be mindful of the cost of acquiring new data, when much is readily 

available, and its costs largely sunk. Similarly, while RCTs remain the gold standard, they 

are relatively rare and costly. Observational data, with careful analysis, can be used to 

successfully inform many policy debates. Seven chapters presented in this thesis are all 

published papers, accepted in high-quality journals in their respective fields. Each makes 

a contribution to the literature, and adds to the value derived from existing data. I believe 

this thesis is cause for optimism – there is much to be gained in better use of existing data. 

This should both placate doomsayers, who suggest no improvements can be made without 

large investments in new and better data, and motivate young scholars, who perhaps 

believe it has all been done already.  
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