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ABSTRACT 
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Primary Care and Population Sciences 

Doctor of Philosophy 

TOTAL HIP REPLACEMENT IN THE UK: COST-EFFECTIVENESS OF A 
PREDICTION TOOL AND OUTCOMES MAPPING 

by Rafael A. Pinedo Villanueva 
 

Total hip replacements (THRs) have been found to be highly cost-effective. For an 

important number of patients, however, results are not satisfactory. An outcome 

prediction tool has been developed to identify, preoperatively, poor outcome patients after 

THR and this study assessed whether its implementation would be cost-effective. 

 

Most published evaluations of THRs have focused on assessing their cost-effectiveness 

against other surgical procedures or different prostheses, but no study has assessed a tool 

aimed at predicting poor outcomes. To that aim, we developed a lifetime Markov model 

featuring two unique elements: it starts at the orthopaedic surgeon’s assessment and it 

distinguishes between two outcome categories after primary and revision procedures.  

 

To facilitate populating this and other economic models with health utility estimates, we 

compared the performance of several econometric models mapping Oxford Hip Score 

onto the EQ-5D index. All models reported high predictive power. Transition 

probabilities for the model were obtained from expert elicitation, the NHS PROMs 

initiative and the EPOS study. Both PROMs and EPOS were also used to estimate health 

utilities. Procedure as well as primary-care costs were obtained from NHS and CPRD 

data, respectively. An important contribution of this research was the estimation of a 

model predicting surgery outcome category based on resource use. 

 

For men and women aged 45 or more, implementation of the prediction tool was 

associated with savings of £1,000 to £1,800 and a reduction of 1.4 to 3.7 QALYs 

compared to current practice, with most variation due to age. Results indicate that the 

health utility improvement resulting from THRs, even for poor outcomes, means that a 

tool rationing the operation would produce significantly less net benefits than current 

practice. Finally, we found that the model structure and data analyses employed for this 

assessment would be highly applicable to other interventions. 
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1 Introduction 

Revolutionary approaches to treating diseases of the joints can be traced as far back as the 

18th Century, as a letter written in 1782 by Mr H. Park of Liverpool demonstrates [1]. 

Focusing on the treatment of knee and elbow joints, Mr Park spoke of an alternative to 

the amputation of the limb, which was the treatment of choice at the time for surgeons 

facing patients with severe joint problems. Park’s letter to his teacher Mr Pott is a 

comprehensive account of the outcome of his first attempt at removing a knee from a 

patient in 1781. He also performed an operation to remove an elbow, but that was 

described in much less detail. Mr Park fully extirpated the articulations and fixed the 

bones previously linked by the joint by way of allowing a callus to form. The patients were 

left with extremities that could not be bent, yet he argued that there was much value in 

keeping the limbs, and so did his patients [1].  

 

The approach to handling hip problems has come a long way since then. Amputation led 

to excision arthroplasty (removal of joint surface and bone), then osteotomy (bone cut) 

and later interpositional arthroplasty (inserting tissue between bones), each with different 

flaws such as lack of stability, mobility, effectiveness, and low predictability of outcome 

[2]. Interpositional arthroplasty was progressively improved by incorporating implants of 

such different materials as glass, celluloid, Bakelite, Pyrex, and even rubber or ivory, until 

an alloy called Vitallium showed the most promising results [2]. Vitallium was extensively 

used until contributions by Sir John Charnley in the 1960s made hip arthroplasties the 

successful intervention they are today [2]. Charnley considered the biomechanics of the 

hip joint and essentially changed the way arthroplasties were done by implanting, and 

fixing using cement, both a femoral component with a small-diameter head in the femur 

and its counterpart, an acetabular component attached to the hip bone, thus achieving a 

low friction articulated joint [3]. Charnley implants are still used for what are known as 

total hip replacements (THRs) half a century after his breakthrough. 

 

Although a very successful operation, not all patients have an excellent outcome after 

surgery. In this chapter we present a general overview of THRs in Section 1.1, followed in 

Section 1.2 by a review of the findings and reasons that make them such extraordinary 

interventions, overshadowing the shortcomings. In Section 1.3 we describe the umbrella 

project under which our work is framed, with specific PhD research aims detailed in 

Section 1.4. We close this first chapter with an outline of the structure of the entire thesis 

in Section 1.5. 
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1.1 Total hip replacements 

Hip replacements are performed on patients with pain or functional hip problems due 

mainly, though not exclusively, to osteoarthritis (OA). OA is considered the most 

common of all chronic joint diseases. Prevalence is rising given population ageing and the 

obesity epidemic [4] because age and body-mass index (BMI) as well as physical activity 

and injury are amongst its main risk factors [5]. OA is now understood to be a disorder 

affecting the whole joint and not only the cartilage[6], where attention used to be focused 

because as the cartilage becomes damaged and the natural process of repair fails [5], 

patients are left with bones rubbing against each other thereby causing significant pain, 

discomfort and limitations. Although different diseases affecting the hip have different 

pathologies, such as rheumatoid arthritis which is a chronic disease causing inflammation 

but also capable of destroying the joints [7], THRs can generally help these patients by 

entirely replacing the hip joint with a prosthesis that can often last for 10 or 20 years.  

 

According to Frankel and colleagues [8], criteria for hip replacement during the 1990s 

included the National Institutes for Health consensus conference [9, 10] and the New 

Zealand priority criteria [11]. The former established that patients with moderate to severe 

persistent pain or disability that was not extensively reduced by non-surgical treatment 

should be candidates for hip replacement. For the latter, a summary score of various 

indicators of pain and functional limitations was built and thresholds for moderate and 

severe disease selected. The score and classification were then considered when making 

the decision to indicate hip replacement [8]. In the UK, the care and management of OA 

patients has been clearly delineated by a clinical guideline indicating that patients must 

first be treated with analgesics such as paracetamol, non-steroidal anti-inflammatory drugs 

(NSAIDs), COX-2 inhibitors or opioids, and only when these do not alleviate the pain 

and reduced function should they be referred for hip replacement surgery [12].  

 

THRs are performed in increasing numbers in the UK. In English NHS hospitals alone, 

during the fiscal year 1999-2000 some 45,600 hip replacement admissions were recorded, 

growing to slightly over 70,000 by 2011-2012. Most THR patients are women and the 

mean age of patients undergoing the operation, around 70 years of age, is slowly 

increasing over time [13]. Figures 1.1 (A) and (B) show the trend of the percentage of 

female patients and the mean age of patients admitted for THRs in English hospitals 

during the last 12 years and separately by fixation type.  
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Figure 1.1 
Hip replacement NHS admissions in England 

(A) Percentage of female patients (B) Age at admission 

  

(C) Admissions by fixation type (D) Waiting time 

  

(E) Length of stay 

 

Source of data: Hospital Episode Statistics 

 

Ever since Charnley revolutionised the approach to hip arthroplasties, prostheses have 

been fixed to the bones using cement. The more expensive cementless prostheses were 

developed aiming to increase implant survival, considering that people live longer and 

hence so must implants [14]. These cementless prostheses have become increasingly 

popular in many countries [15] and England is no exception. As Figure 1.1 (C) shows, 
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admissions for cementless procedures in English NHS hospitals have increased 

substantially since the beginning of the century to the point that today they have become 

as common as the traditional cemented prostheses [13]. Mean waiting time for THRs has 

dropped from over 200 days in 1999-2000 to around three months in 2011-2012 

regardless of fixation type, a similar reduction to that observed for the mean length of stay 

of patients. This fell from 13 to around seven days in the same period [13], as Figures 1.1 

(D) and (E), respectively, show. 

 

1.2 The problem: beware of miracles, even real ones 

Total hip arthroplasties have been regarded as one of the most successful interventions in 

orthopaedics because they have proved able to take patients from a state of pain and 

limitation in moving and performing usual activities to a high level of functional ability, 

reduction of pain and significant improvement in quality of life [16, 17]. Moreover, these 

benefits are produced at a cost that makes the intervention largely worthwhile. In fact, the 

high level of effectiveness achieved by THRs considered alongside their cost has meant 

that the operation is regarded as highly cost-effective [8], not only in the United Kingdom 

but also in many other countries [14, 18]. Even outside of orthopaedics, THRs have been 

found to be more cost-effective than interventions such as bypass surgery and dialysis 

[19]. According to an article published by The Lancet in 2007, their ability to absorb 

advances in technology and the significant benefits that they can and often provide to 

patients have earned THRs the title of operation of the century [20]. 

 

But such high success has come at a price. The widespread regard for THR as one of the 

greatest interventions in medicine, albeit founded, has been in some cases mistakenly 

taken to mean that the operation will work wonders for every patient, which, simply, is 

not true. Although procedures have become increasingly advanced [20] there is evidence 

showing that a portion of the group of patients undergoing THRs achieves little or no 

improvement in terms of mobility or is not satisfied with the results [21-23]. In a study 

based on 1,100 randomly selected THR patients from five different regions in the UK 

dating back to 2002, 11% of patients were found to be dissatisfied with the procedure at 

one year whilst only 2.6% had had a revision replacement by then [24], indicating that 

need for revision is not an indicator of patient satisfaction. 

 

If potential poor or unsatisfactory outcomes following THR could be predicted, then 

these patients could be treated in some other way that benefited them most, without the 
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health care system having to incur costs that could otherwise serve those same patients or 

others more efficiently. 

 

1.3 The COASt project 

Despite all the advances that have led to the success of THRs, there are still relevant 

unanswered questions about the effectiveness and potential cost-effectiveness of this 

extraordinary procedure. First, not much attention has been paid to the predictors of 

outcome for THR patients. There has been work linking age, gender, marital status, co-

morbidity and the physical status American Society of Anesthesiologists (ASA) score to 

THR outcome [21], whilst anxiety/depression [22] and socioeconomic factors such as 

education and employment [23] have also been found to be associated to patient’s 

outcomes and satisfaction. No comprehensive tool predicting the outcome of THR 

patients has, however, been produced yet. 

 

If such a tool were to be developed, it would be equally important to ascertain whether 

implementing it would be worth it in terms of its additional costs and benefits. It is 

possible that an outcome prediction tool could effectively identify patients who would not 

have a satisfactory or very good outcome after surgery, yet its potential higher benefits 

may be lower than the health benefits displaced elsewhere in the system by directing 

resources to implement it. In short, whether an outcome prediction tool would be a cost-

effective use of resources for the UK health care system is another question not yet 

addressed by the research community. 

 

The contribution that the cost-effectiveness analysis of an outcome prediction tool would 

produce could be expanded further with results by specific patient subgroups. As with any 

other economic evaluation, aggregate results may hide significantly different effects 

whether in costs, effectiveness or both, for specific subgroups with potentially different 

prognosis and costs as they undergo a THR.  

 

Finally, the economic evaluation of a prediction tool is no different from that of any other 

health care intervention in that measures of both costs and effectiveness are required. 

Regarding the latter, outcomes of THR have typically been measured in terms of 

prostheses survival although there is an increasing tendency to focus instead on patient-

reported outcome measures (PROMs). The decision by the NHS to collect data on the 

condition-specific Oxford Hip Score (OHS) as well as on health-related quality of life 
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(HRQL) through the EQ-5D questionnaire on all publicly-funded THRs starting in 2009 

is a clear sign of this [25]. However, longitudinal data is essential for the economic 

evaluation of a procedure like this because the cost-effectiveness of THRs has proven to 

be highly sensitive to revision rates [26]. Long-term data on HRQL is hence necessary yet 

not regularly available. Because the OHS has been widely used since its introduction in the 

mid-1990s [27], a new methodological challenge arises bearing the question of whether 

HRQL measures can be estimated based on responses to the OHS. Cross-walked or 

mapped EQ-5D scores, for example, would allow incorporation of estimated utility values 

into economic evaluations which would have otherwise lacked such critical input for the 

assessment of the prediction tool or of THRs themselves. 

 

All the above questions, summarised in Box 1.1, are currently being addressed by the 

Clinical Outcomes in Arthroplasty Study (COASt) funded by the National Institute for 

Health Research (NIHR) through its Programme Grants for Applied Research. The 

project began in September 2008 and is expected to be completed by mid-2014. Led by 

Prof Nigel Arden, the project brings together researchers from the Universities of Oxford 

and Southampton as well as from the Medical Research Council with the aim of designing 

an outcome prediction tool for lower limb arthroplasty that could be implemented by the 

NHS. The project has four specific objectives organised in an equal number of work 

packages: 1) to analyse current and future demand for total replacement of hip and knee 

(TKR) in the UK; 2) to build an outcome prediction tool based on major risk factors 

associated to THR and TKR; 3) to perform an economic evaluation using modelling 

techniques and decision analysis of the prediction tools; and 4) to test the tool on a 

prospective cohort study. 

 
Box 1.1 

A set of unanswered questions around THRs 

1. Can the outcome of THRs be predicted and, if so, how? 

2. Would the implementation of a THR outcome prediction 
tool be cost-effective? 

3. How would this cost-effectiveness change if different 
patient subgroups were considered separately? 

4. Could HRQL measures be estimated based on responses 
to the OHS questionnaire? 
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Of the four work packages included in COASt, the third encompasses an economic 

evaluation that addresses questions two, three and four in Box 1.1. Our research focused 

on answering those questions. 

 

1.4 PhD research objectives 

The aim of the research presented in this thesis was to conduct a comprehensive 

economic evaluation of the outcome prediction tool for THRs developed under COASt. 

In order to do so, our research was directed at achieving six intermediate objectives which 

are summarised in Box 1.2.  

 

Box 1.2 

PhD intermediate objectives 

1. To review the published literature on economic evaluations of 
THRs 

2. To propose a model structure for the cost-effectiveness 
analysis of an outcome prediction tool of THR 

3. To estimate all possible model parameters from patient-level 
data representative of UK current practice  

4. To estimate and compare the performance of several 
econometric methods for the mapping of OHS onto EQ-5D 

5. To assess the cost-effectiveness of the outcome prediction tool 
for THRs developed under COASt, conduct relevant 
sensitivity analysis, and present deterministic and probabilistic 
results for a set of patient subgroups 

6. To discuss results and implications for THR practice and 
research 

 

As mentioned in Section 1.2, there have been a number of economic evaluations of THRs 

that have found the intervention largely cost-effective. In order to appropriately frame our 

own economic evaluation, albeit not assessing the operation but an outcome prediction 

tool for it, we conducted a systematic review of the literature to explore the different 

approaches previously employed by researchers when assessing the cost-effectiveness of 

THRs. Based on findings from this review and on consultations with health care 

professionals, we structured an economic model incorporating key unique features that 

allowed it to adapt to the potential implementation and consequences of using an 

outcome prediction tool. Because no prediction tool has been developed for THRs 

before, there have been no economic models to assess their cost-effectiveness, making the 
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one proposed here a unique contribution to the expanding field of economic evaluation 

of orthopaedic interventions. 

 

Data sources about the outcomes of THRs for UK patients such as the PROMs, together 

with other large patient-level data sets such as the Clinical Practice Research Datalink 

(CPRD) made available by COASt, offered our research a unique opportunity to estimate 

the majority of the model’s input parameters from patient-level data. Most economic 

evaluations have to rely on data from small randomised controlled trials or observational 

cohorts, and more often than not some input parameters are also obtained from 

previously published sources. We strived to make this economic evaluation one populated 

mainly with data obtained from large representative patient-level data sets about the 

current practice of THRs in the UK. Results would therefore benefit from the highest 

levels of confidence as well as extraordinary validity for UK decision makers, health care 

professionals and patients. 

 

Some of the data available about the outcome of THRs are completed OHS 

questionnaires, whilst data on health utility is normally not as readily available. Estimating 

econometric models capable of mapping OHS onto EQ-5D would provide a means for 

this economic evaluation to have access to much needed estimates of HRQL. But the 

benefits of a mapping algorithm would reach far beyond this particular evaluation. 

Longitudinal data is most relevant to the follow-up of patients who undergo a THR and 

with a mapping model, if EQ-5D was not collected, historical data on OHS could serve as 

a predictor for health utilities and the wealth of disease-specific data could provide an 

estimate for HRQL indices.  

 

Finally, with all the parameter estimates obtained from the best available sources 

populating the newly structured economic model, we assessed the cost-effectiveness of 

the outcome prediction tool for THRs in the UK. We present deterministic and 

probabilistic results for the selected patient subgroups. This is an assessment that has not 

been done before. Much is known about the cost-effectiveness of THRs and very little 

about predicting unsatisfactory outcomes, but the knowledge gap about the cost-

effectiveness of one such prediction tool is only beginning to close with the findings from 

this research. There are many implications of our results, some policy relevant, some 

about future research.  
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We trust that this work is a relevant contribution both to the methods required to 

conducting an economic evaluation of an outcome prediction tool; to the knowledge base 

helping decision makers direct health care resources in the most efficient manner; and, 

through these, to patients’ quality of life.  

 

1.5 Thesis structure 

The thesis is presented in six chapters following this introduction, one for each of the 

intermediate objectives shown in Box 1.2. Chapter 2 presents a systematic literature 

review of economic evaluations of THRs using models. This chapter identifies 

publications using economic models to assess hip replacements following the guidelines 

of systematic literature reviews. It provides a characterisation of the type of economic 

analyses performed with the models and discusses their findings, but concentrates 

specifically on the models’ features, their implications and limitations. The review in 

Chapter 2 served as key background to develop the economic model described later in 

Chapter 4, to assess the cost-effectiveness of the outcome prediction tool for THRs. 

 

In Chapter 3, different models were estimated to map OHS onto EQ-5D. Data from a 

London orthopaedic centre was used to develop four different algorithms that produce 

EQ-5D estimates based on responses to the OHS questionnaire. The comparative 

performance of the models is assessed based primarily on their ability to predict the 

observed mean EQ-5D summary score. The chapter also reports on the estimation of an 

additional two models predicting the change in EQ-5D based on the change in OHS after 

THR. Both of these sets of models were validated internally and on an out-of-sample 

dataset. The association between a disease and joint-specific outcome measure such as the 

OHS and the preference-based generic EQ-5D is an important contribution for 

researchers aiming to populate economic models on THR with estimates for utility values, 

when EQ-5D is not collected but the OHS is. 

 

Chapter 4 presents the economic model developed for the cost-effectiveness analysis of 

the outcome prediction tool for THRs. We first review the prediction of outcome and 

then explain the distinction between outcome categories which makes our economic 

model unique. The reasons for choosing a Markov type model and the overall patient care 

pathway for patients with hip pain are also discussed, before explaining the model in 

extensive detail. Emphasis was placed on the two characteristic features of the model: the 

assessment starts at the point where patients are referred either to THR or to a non-
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surgical alternative; and, for those who undergo the operation, the outcome can be good or 

poor. The fact that this evaluation compares current practice to a hypothetical scenario 

where the outcome prediction tool would be used is also covered in this chapter, together 

with the perspective of the analysis and the patient subgroups whose parameters 

populated the model. 

 

Obtaining model parameter values to populate the economic model deserved a separate 

chapter. We start Chapter 5 reporting on an extensive expert elicitation exercise 

conducted to estimate preoperative transition probabilities for the model. The rest of the 

transition probabilities were estimated using primarily data from the PROMs dataset, 

which was also key to the following section describing HRQL data used to derive health 

utility estimates for each model state by patient subgroup. Because PROMs data only 

covers one pre and one postoperative measure, we used the first five years of follow-up 

data from the Exeter Primary Outcomes Study (EPOS) to help produce estimates of 

health utility for the years following the operation. Next we report on an extended analysis 

of resource use data obtained from the CPRD to estimate the primary care costs of THR 

patients before and after their operation. Since the first sections of the chapter describe 

the model parameter values under current practice, we dedicate a section of Chapter 5 to 

estimate which parameters would change with the introduction of the outcome prediction 

tool and how. Assumptions made by the model and the data populating it are reported at 

the end of the chapter. 

 

In Chapter 6 we detail how the model was mathematically structured in Excel and then 

we present deterministic results for all patient subgroups. We conducted sensitivity 

analysis on key model parameters and present those results in the following section. Fully 

probabilistic sensitivity analysis was also performed for each patient subgroup and results 

are presented in the usual cost-effectiveness acceptability curves (CEAC). 

 

Finally, Chapter 7 is used to present a general discussion about the findings of our 

research. We discuss how our cost-effectiveness analysis of the outcome prediction tool 

for THR not only starts to fill a void where nothing had been done before, but it also 

produces results that are relevant for the current policy about THR referrals in the UK. 

The extensive efforts put into deriving estimates for each model parameter based mostly 

on patient-level data allowed us to identify areas for improvement that can positively 

impact research and THR practice, not only in the UK but also elsewhere. We stop to 
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consider the potential implications of a novel approach developed during the research for 

the estimation of surgery outcome based on resource use, and go on to reflect about 

where we believe that the research about cost-effectiveness of prediction tools might 

move towards next. We close the chapter with some of the strengths and limitations 

identified about our work and a final research recommendation that could potentially 

change one aspect of the current policy about referral of patients for a THR in several 

regions of the UK.  

 

1.6 Contributions 

At the end of each chapter, a separate section details the contributions received from 

other researchers, if any, for the development of the work. 

This chapter was entirely developed by Rafael Pinedo. 
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2 Economic models in the literature: a systematic review 

2.1 Introduction 

Despite the clinical success and established value-for-money of THRs, the National 

Institute for Health and Care Excellence (NICE) continues to explore the clinical and 

cost-effectiveness of these interventions. In August 2011, NICE announced a combined 

review of two existing technology appraisals [28] issued on surgical interventions for 

patients with hip disease, one on replacement prostheses published in 2000 and a second 

on metal-on-metal hip resurfacing issued three years later. The revised appraisal is 

expected by December 2013. 

 

The justification for the revised technology appraisal comes from the original guidance, 

which called for the collection and analysis of long term outcomes following the hip 

arthroplasties [29]. More than ten years after issuing the technology appraisal on 

replacement prostheses, much data covering postoperative outcomes is now available. In 

addition, the Medicines and Healthcare Regulatory Agency issued an alert in 2012 about 

possible soft-tissue damage from metal-on-metal implants, presumably resulting from 

interaction with debris as the implants wear [29]. This provided additional justification for 

the new and revised technology appraisal on surgical interventions. 

 

Given the large and growing number of hip procedures being performed, the important 

portion of the health budget that they consume, and the increasing quantity of data 

available to assess their clinical and cost-effectiveness, it is expected that economic 

evaluations of these procedures will continue to be performed. Future assessments can be 

expected to explore cost-effectiveness at higher levels of detail, such as the impact of 

different elements of the surgical process (e.g. fixation type, prosthesis brand and model) 

or cost-effectiveness stratified by patient subgroups (e.g. according to gender, age, BMI, 

and comorbidities).  

 

For economic evaluations of interventions such as joint replacements which have a long-

term effect on patients’ health, decision analytic models, which are key to inform decision-

making based on cost-effectiveness [30], would be a natural choice to synthesise data 

from various sources and over a long period of time. However, we did not find any 

systematic review in the published literature that focused on the economic models used in 

lower limb arthoplasty as opposed to the results of their cost-effective analyses. Searches 



 

14 

 

in the Centre for Reviews and Dissemination’s (CRD) Database of Abstracts of Reviews 

of Effects (DARE) as well as in the NHS Economic Evaluation Database (NHS EED) 

and the Health Technology Assessment (HTA) Database show mostly reviews on specific 

evidence, or on the results of cost-effectiveness analyses of total joint replacements or 

prophylaxis, but not about the economic models used. 

 

The aim of this chapter is therefore to conduct a systematic review of the economic 

models reported in the literature on economic evaluations of THR. This review offers an 

updated reference of the key features of decision models used to perform economic 

evaluations of THR. Findings from this chapter serve as a reference for the development 

of the economic model applied in the assessment of the cost-effectiveness of the outcome 

prediction tool for THRs, as presented in Chapter 4. The results of this review are also 

valuable in the context of the upcoming technology appraisal and new cost-effectiveness 

studies of THRs being commissioned.  

 

The following section reports on the methods used for the systematic review, with 

emphasis on the protocol followed, inclusion and exclusion criteria; and the databases in 

which the searches were performed. Section 2.3 shows the results of the review. Here, our 

findings are outlined with details on how studies met or did not meet the inclusion 

criteria, and the description of those selected. A key part of the section is the description 

of the features of the models contained in the selected studies. In Section 2.4 we look at 

the complete body of studies included in the review and discuss their similarities and 

differences, strengths and weaknesses, and then close the section with a set of 

recommendations for the development of an economic model for the cost-effectiveness 

analysis of THRs. Finally, Section 2.5 reports on the contribution by other researchers 

into the development of this literature review. 

 

2.2 Methods 

The review was performed following the CRD’s guide on health care literature reviews 

[31] as well as the PRISMA guidelines on systematic reviews [32]. As recommended in 

both documents, the question under research for this study was structured using the 

PICOS system by describing population, interventions, comparators, outcomes and study 

design. The review covers all published studies regardless of the participants involved, as 

long as interventions included a primary or revision hip replacement procedure. 

Comparators had to include replacement surgery itself, a particular prosthesis or a more 



 

15 

 

specific procedure type. There were no specifications in terms of the outcomes 

considered so long as the study design was a full economic evaluation (i.e. including both 

costs and effects) making use of a modelling technique. 

 

The main search was performed in EMBASE and MEDLINE databases through OVID 

in August 2009 with two updates up to September 2010. The NHS EED and HTA 

databases (accessed through the CRD) as well as the National Institute for Health 

Research’s (NIHR) HTA programme database were also searched up to September 2010. 

The search strategy run via OVID was conducted using search criteria combining 

numerous terms to identify publications matching arthroplasty or replacement procedures 

of the hip, which also reported on costs or were part of economic evaluations using 

models. For the CRD search only the term “hip replacement” was used, whilst for the 

NIHR’s HTA programme any document with “hip” in it was reviewed. All searches were 

made irrespective of the year of publication and only records in English were retrieved. 

 

The search was limited to published studies. Although this may lead to a risk of 

publication bias, it is unlikely that any major modelling development has occurred on hip 

replacement that is not represented in the published literature. In fact, most of the studies 

identified made references to economic models reported on other previously published 

papers [19, 26, 33-39]. 

 

The inclusion criteria specified studies that make use of a modelling technique as part of a 

full economic evaluation of a hip replacement procedure. Both primary or revision 

surgeries were acceptable and comparators could include the procedure itself or a specific 

prosthesis, for example. Studies covering only costs or effectiveness were excluded, as 

were evaluations of prophylactic interventions because their structure and outcomes of 

interest were not applicable to a model assessing long term costs and benefits of THR as 

guided by a prediction tool. 

 

In the first stage of the review, publications were identified through the various searches 

and by back-tracing relevant references. These publications were then screened to identify 

and exclude duplicates and to validate whether they met the inclusion criteria (based on 

title and abstract). An eligibility check was then performed by reading the full text of all 

screened publications, at which point the inclusion criteria were applied again to arrive at 

the final list of publications included in the review. 
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Data extracted from selected publications included authors, year of publication, country, 

type of evaluation and type of model. We also extracted the time horizon of the 

evaluation, outcome measures, sensitivity analyses performed, the main research question, 

and sources of evidence for effectiveness and cost data. Finally, we obtained the reference 

currency and year used in the model, the discount rate, the stage within the clinical 

pathway at which the model starts, and a summary of the study’s findings. 

 

2.3 Results 

2.3.1 Selection of studies 

Using the same structure reported in the PRISM guidelines [32], Figure 2.1 shows the 

flow of information through the different phases of the review. A total of 501 

publications were identified through the searches in OVID, CRD and HTA databases, 

and an additional 25 were included by back-tracing relevant references cited in those. 

After removing duplicates, 279 articles were left to be screened. Titles and abstracts were 

reviewed and 223 publications were excluded because they were not economic evaluations 

or did not involve a THR. The full texts of the remaining 56 studies were read to check 

their eligibility based on the inclusion criteria and 17 were finally selected for the 

systematic review.  

 

Of the 39 ineligible studies, 26 reported on economic evaluations of hip replacements but 

specifically assessed different prophylactic interventions: one on surgical and one on 

anticoagulant prophylaxis, two on the prevention of surgical infections, and the rest on 

the prevention of thromboembolism (deep venous thrombosis). Five additional studies 

used hip replacements only circumstantially to explore the cost-effectiveness of blood 

donation (2), autologous transfusions (2) or a blood conservation technique (1). Four 

studies were excluded because they only evaluated the costs or present value of the THR, 

and another one because it more broadly explored the economic impact of the operation. 

Finally, of the remaining three publications that did not meet the inclusion criteria, one 

was an economic appraisal performed in the absence of empirical data, the second a 

literature review without producing an economic evaluation, and the third used THRs for 

the description of uncertainties using a Bayesian approach to cost-effectiveness. Details of 

the 39 studies not meeting eligibility criteria are shown in Appendix 1. 
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2.3.1 Description of studies 

A total of 17 studies matched the inclusion criteria and were included in the qualitative 

analysis. One of them involved not only THRs but also TKRs as well as several other 

surgical and non-surgical alternatives for the treatment of osteoarthritis. This study was 

part of a health-sector wide model to identify the most effective and cost-effective 

interventions at reducing the burden of the disease [40]. The authors found THRs 

together with TKRs to be the most effective of the treatment options considered, 

including primary prevention, management, pharmacotherapy, and complementary 

medicine methods. The study was retained for analysis, summarised along with all 

remaining selected publications in Table 2.1. 

 

Figure 2.1  
Flow of information for the literature review 
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Table 2.1 
Summary of studies included in the review 

First author Year Country* 
Evaluation 

type ** 
Comparators Model type Time horizon Sensitivity analysis Perspective Ref 

Chang 1996 US CEA, CUA Primary THR vs. non-surgical 
Factor stochastic 

tree 
Unspecified Multi-way deterministic Societal 19 

Saleh 1997 CA CEA Revision THR vs. delayed surgery Decision tree 2 years Multi-way deterministic Unspecified 43 

Briggs 1998 UK CUA Different types of prostheses Markov 60 years One-way deterministic Health care system 26 

Faulkner 1998 UK CEA Different types of prostheses 
Mathematical 

simulation 
20 years Multi-way deterministic Unspecified 41 

Fitzpatrick 1998 UK CUA Different types of prostheses Markov 60 years One-way deterministic Health care system 42 

Fisman 2001 US CEA, CUA Revision THR vs. other surgical Markov Unspecified One-way deterministic Societal 44 

Vale 2002 UK CUA Primary THR vs. other surgical Markov 20 years One-way deterministic Health care system 46 

Briggs 2003 UK CUA Different types of prostheses Markov 60 years Fully probabilistic Health care system 37 

McKenzie 2003 UK CUA Primary THR vs. other surgical Markov 20 years One-way deterministic Health care system 36 

Briggs 2004 UK CUA Different types of prostheses Markov 60 years Fully probabilistic Health care system 45 

Segal 2004 AU CUA 
19 primary prevention and 

patient management interventions 
Health-sector 
wide disease 

15 years One-way deterministic Societal 40 

Bozic 2006 US CUA Different bearings on THR Markov Lifetime Multivariate Unspecified 50 

Marinelli 2008 IT CUA Different fixation types on THR Markov Unspecified Fully probabilistic Payer 51 

Sharifi 2008 US CUA Primary THR vs. other surgical Decision tree 30 years Multivariate Societal 39 

de Verteuil 2008 UK CUA Primary THR vs. other surgical Markov 40 years 
Deterministic and 

probabilistic 
Unspecified 47 

Slover 2009 US CUA Primary THR vs. other surgical Markov 20 years Two-way Unspecified 48 

Bozic 2010 US CUA Primary THR vs. other surgical Markov 30 years 
Deterministic and 

probabilistic 
Health care system 49 

* Country: United Kingdom (UK), United States (US), Canada (CA), Australia (AU), Italy (IT)    ** Evaluation type: cost-effectiveness analysis (CEA), cost-utility analysis (CUA) 
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The first reported model to be used for the economic evaluation of hip replacements was 

published by Chang et al in the United States (US) during 1996 [19]. Shortly after that, in 

1998, three studies based in the UK were published by Briggs et al [26], Faulkner et al [41] 

and Fitzpatrick et al [42]. Since then, models of different kinds have continued to be used 

to assess the cost-effectiveness of THRs until the last year included in the review (2010), 

including two publications in 2003 and three during 2008. 

 

All but three of the publications identified reporting on economic models assessing THRs 

came from the UK (8 studies) and the US (6), with Canada, Italy and Australia 

contributing one each. In terms of the type of economic evaluation performed, 15 of the 

17 selected studies were cost-utility analyses (CUA). We considered all those studies 

measuring outcomes in terms of HRQL such as the quality-adjusted life year (QALY) to 

be CUA. The two remaining publications carried out a cost-effectiveness analysis (CEA), 

one using the Harris Hip Score (HHS) as an outcome measure, which reports the level of 

hip function and symptoms [43], whilst the other used revision rates [41]. Additionally, 

two of the studies employing QALYs as outcome measure also reported results of a CEA, 

the first by including in their analyses infection [19] as a secondary measure, and the 

second relapse-free survival [44].  

 

2.3.2 Studies’ findings 

Most studies reported on assessments aimed at estimating the cost-effectiveness of THR 

against an alternative intervention, whilst others compared different key components of 

the surgery such as the prosthesis type. Figure 2.2 shows the breakdown of comparators 

used in the selected publications. 

 

More than two thirds of the studies assessed either different types of prostheses or 

compared THR against a different kind of surgical intervention. More specifically, five 

(29%) of the publications used the economic model to compare the cost-effectiveness of 

THRs using different prostheses. Of these, two are essentially the same analysis 

comparing Charnley to Spectron prostheses published first as a report [37] and then as a 

journal article [45] by the same authors. The other three studies compared Charnley 

against a newer hypothetical prosthesis [26], Charnely against Stanmore together with 

Exeter against Muller stems [41], and standard care (Charnley and Stanmore) against 

another hypothetical newer prosthesis [42]. The two studies (reported in three 

publications) comparing Charnley directly to a different prosthesis found the former less 
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cost-effective. Faulkner et al [41] found the Stanmore prosthesis to be more cost-effective 

in an analysis covering up to 20 years after surgery, whilst Briggs et al [37, 45] reported 

that the Spectron prosthesis generated more QALYs than the Charnley, dominating in the 

case of younger patients and producing an incremental cost-effectiveness ratio (ICER) 

under £20,000 per QALY for the older subgroups. The two studies comparing the 

Charnley prosthesis against hypothetical ones, one by Briggs et al [26] and the other by 

Fitzpatrick et al [42], identified cost and surgery outcome thresholds that the alternative 

would need to achieve in order to be more cost-effective than a THR using Charnley. 

 

Figure 2.2 
Comparators in THR models 

 

 

Comparing THR against other surgical procedures was the subject of six (35%) of the 

selected publications. Two of these were performed before 2008, the remainder between 

then and 2010. In 2002, Vale et al [46] compared metal-on-metal hip resurfacing 

arthroplasty against THR and two non-surgical interventions. Since we are only interested 

in comparisons with THRs, we focused our analysis on the assessment of the two surgical 

procedures, which was possible because the authors performed their evaluations 

separately. They found that THR dominated metal-on-metal hip resurfacing in patients 

both under and above 65 years of age, being both cheaper and producing better 

outcomes. Their analysis covered up to 20 years after the interventions. The following 

year, McKenzie et al [36] performed a very similar study comparing metal-on-metal hip 

resurfacing to THR and also to watchful waiting (followed by THR), so again we 

concentrated on the first of those alternatives. The authors found that THR dominated 
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metal-on-metal hip resurfacing for both age-groups considered (entering the model at 45-

50 or 65-70 years of age), under an analysis span of 20 years.  

 

In 2008, Sharifi et al [39] found periacetabular osteotomy to be more cost-effective than 

THR for the less advanced levels of arthrosis of the hip, whereas THR dominated when it 

was further advanced. This study was performed on patients younger than 45 years of age 

with symptoms of dysplasia of the hip. In that same year, minimal-incision THR was 

estimated to dominate standard THR by de Verteuil et al [47] in a study looking at both 

one-year and 40-year time horizons. Minimal-incision THR seems to have slight 

perioperative advantages over standard THR, which at a similar cost drives cost-

effectiveness in its favour. An important limitation of the study was the lack of data on 

long-term outcomes after the newer procedure, but the authors claim that these should be 

similar to those of standard THR and hence advocate its use in the NHS. Slover et al [48] 

later compared THR against hemiarthroplasty as treatment for fractures of displaced 

femoral necks in patients over 70 years of age and found THR to be more cost-effective. 

Finally, the costs and benefits of THR were again compared to those of metal-on-metal 

hip resurfacing by Bozic et al [49] in 2010. They found metal-on-metal hip resurfacing to 

be associated with better clinical outcomes and cost-effectiveness compared to THR for 

men younger than 65 years of age and women before they reach 55, in an analysis 

covering 30 years after the operations.  

 

Other than comparing THR against alternative surgical interventions or assessing 

different prostheses types, the publications included in this analysis reported on a variety 

of different studies. The seminal work by Chang et al [19] compared primary THR against 

non-surgical management and found that THR produced an ICER of $4,600 per QALY 

for men age 85, lower than that of interventions such as coronary artery bypass surgery or 

renal dialysis. Furthermore, they reported that the ICER increased with age and was 

higher for men than for women [19]. Fisman et al [44] compared revision THR to open 

debridement with retention of the prosthesis for the case of infected primaries in patients 

of 65 and 80 years of age. The authors concluded that debridement is more costly but 

produces more QALYs for both age groups and genders, with ICERs around $20,000 per 

QALY for the 65-year olds, and much lower for the 80-year olds. Revision THR has also 

been compared to a period of watchful waiting before the intervention was performed; 

Sale et al [43] estimated that immediate surgery would be around $9,000 cheaper than the 

alternative over a period of analysis of two years. Although the authors included the HHS 
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as a measure of outcome, it was only used to develop surgical outcome groups and was 

not incorporated into an ICER.  

 

Finally, economic models were also used for the assessment of the relative cost-

effectiveness of different bearings and fixation types on THRs. Bozic et al [50] developed 

a model looking at conventional bearings on THR and identified the thresholds of cost 

and failure rate that would make hypothetical alternative bearings cost-saving compared to 

conventional ones. In contrast, Marinelli et al [51] compared cemented against cementless 

fixation in THRs for 70 year-old patients with femoral neck fracture or arthritis of the hip. 

The authors concluded that cementless prostheses are associated with lower costs than 

cemented over five years for their selected cohort, but that the difference is not enough to 

make them more cost-effective at a threshold of €50,000 per QALY [51]. 

 

The study by Segal et al [40] looking simultaneously at THRs and TKRs along with 17 

other preventive and management interventions found the former two to be the most 

effective interventions for the treatment of osteoarthritis. Both joint replacements were 

compared to four different primary prevention programmes (three on weight loss and one 

on surgery for obese people); seven management programmes including two educational, 

two home-based exercise, two clinic-based exercise and a knee brace; two 

pharmacotherapies based on NSAIDs; three complementary medicines (glucosamine, 

avocado/soy unsaponifiables, and capsaicin); and a further surgical intervention, knee 

arthroscopy with lavage. Using a health-sector wide model, THRs and TKRs were found 

to be highly cost-effective compared to all of the above.  

 

2.3.3 Characteristics of selected models 

The types of models used to perform the economic assessments of THRs are shown in 

Figure 2.3. The most common model type was the Markov, employed by 12 of the 17 

studies (71%). When a Markov model was not used, authors applied a factor stochastic 

tree method [19], a decision tree [39, 43], a mathematical simulation [41], or a disease 

model based on the entire health sector [40].  

 

All models started their analysis of cost-effectiveness at the point of surgery. Three of 

them compared immediate THR against delayed THR, therefore in those models the 

procedure was also assessed at a starting point immediately prior to surgery. This was 

done by Saleh et al (1997), using a decision tree to compare THR against watchful waiting; 
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by Vale et al (2002), comparing THR against metal-on-metal resurfacing, a bone-

conserving alternative treatment and watchful waiting; and by McKenzie et al (2003), 

performing the same previous comparison but excluding bone-conserving treatments. 

Saleh et al assumed a 12-month delay before surgery for the watchful waiting group [43], 

whilst both Vale et al and McKenzie et al, who used a Markov model, applied the same 

annual probability of 0.083 for the transition between the watchful waiting state and the 

THR [36, 46].  

 

Figure 2.3 
Types of economic model assessing THRs 

 

 

The time horizon used for the analyses varied between studies, as shown in Table 2.1. 

Four (24%) models used 20 years and another four performed the analysis over 60 years. 

Thirty years was the choice for two studies (12%), one used 40 years and the decision tree 

presented by Saleh et al only looked at a two-year time horizon. Bozic et al (2006) 

presented a lifetime model of its 50 year-old cohort, whilst three models did not specify 

their time frame.  

 

The perspective of the health care system was the most common, chosen in seven (41%) 

of the studies. Three performed the analysis from a broader societal perspective and one 

from that of the payer. Five of the selected publications (31%) did not explicitly specify 

the perspective of the model. Figure 2.4 presents these results graphically.  

 

Most authors went to the published literature to obtain effectiveness data to populate 

their models. In several cases, however, the Swedish Arthroplasty Registry was used to 
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validate implant survival rates [26] or to obtain survival estimates for primaries [42] or 

revisions [47]. Cost data came from a much richer list of sources including not only 

previously published studies but also hospital data, Medicare administrative data in the 

US, NHS reference costs in the UK, and even from manufacturers of prostheses. 

 

Figure 2.4 
Perspective considered by THR models 

 

 

Populated models produced results that were in all cases further explored by sensitivity 

analyses, most commonly in its deterministic form with one or more variables involved. 

Probabilistic sensitivity analysis was only performed by five (29%) of the selected studies. 

This is largely explained by the fact that THR models started being published in 1996, 

when probabilistic sensitivity analysis was not common practice. Of the ten THR studies 

published during or after 2003, half performed probabilistic sensitivity analysis. Discount 

rates were applied in all analyses, and to both costs and health outcomes with the 

exception of two studies that only applied them to costs (Saleh et al in 1997 and Faulkner 

et al in 1998). 

 

2.4 Discussion 

The systematic review of the literature found 17 publications reporting the use of a model 

in a full economic evaluation of THRs. Most studies identified in the first stage of the 

review were excluded either because they were not full economic evaluations or because, 

rather than evaluating hip replacements, they conducted an assessment of associated 

complications such as thromboembolism. 
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The majority of economic evaluations were conducted to compare THRs to alternative 

surgical interventions or to assess the use of different prostheses. THRs were found to be 

more cost-effective than metal-on-metal hip resurfacing arthroplasties [36, 46], but for 

younger patients when the time horizon was increased from 20 to 30 years the conclusion 

was the opposite [52]. It is likely that metal-on-metal hip resurfacing produced such 

favourable results because the procedure preserves bone from the femoral head by 

reshaping it to fit the metal cap, instead of removing it altogether, as is done in a THR. 

Younger patients with a THR are therefore more likely to experience wear of their 

prostheses and to have revisions, which can be picked up by a life-time or long-term 

economic model, decreasing the cost-effectiveness of THRs compared to hip resurfacing. 

THRs were also found to be less cost-effective than periacetabular osteotomy [39], 

another bone-preserving technique, but designed to treat patients with acetabular 

dysplasia.  

 

Using a bone-preserving procedure appears to offer younger patients greater benefits in 

the long-term compared to THRs, as the latter tend to require a revision after full 

prostheses have been used for many years. The superiority of bone-preserving procedures 

is therefore likely linked to the severity of the disease and the ability of patients to remain 

in relative good health for a long time, without requiring later a complete replacement of 

their hip. If a procedure such as hip resurfacing is performed on a patient in whom 

deterioration of the remaining bones continues after the operation, they are likely to be a 

candidate for a THR thereby decreasing its value for money. All three studies comparing 

THR to metal-on-metal hip resurfacing considered the scenario of hip resurfacing 

followed by THR in their models.  

 

Economic evaluations comparing THRs with different prostheses were the second most 

common purpose of the studies. All of those selected for this review used the Charnley 

prosthesis as a comparator, which is to be expected given that the Charnley was the only 

prosthesis to have more than 20% of the market of cemented implants in the UK by 1995 

[53]. The three studies comparing THRs using a Charnley to THRs using another specific 

prosthesis (as opposed to a hypothetical one) found the alternatives to be more cost-

effective than the Charnley. This superiority in value-for-money is reflected in current 

figures of clinical practice regarding the choice of prosthesis used in THRs, in the UK at 

least. According to figures from the National Joint Registry of England and Wales (NJR), 

by 2011 the Charnley had only about 4% of the market of cemented hip stems in the UK. 
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This figure is much lower than the 64% recorded by the Exeter V40 and three other 

prostheses capturing between 5% and 15% of the English and Welsh THR prosthesis 

market [54].  

 

The models employed to conduct the economic evaluations were mostly Markov models, 

a natural choice given the chronic nature of the disease and the ease of structuring the 

care pathway of arthritis patients after a surgical intervention into separate health states. 

All models started at the point of surgery or immediately prior to it and, although only 

one presented a lifetime model, the majority covered between 20 to 60 years after the 

operation. It is unlikely that the choice of time horizon within the above range would 

make a significant difference in results given that most THRs are performed on patients 

over 60 years of age. During 2011-2012, mean age of THR patients was around 70 years. 

However, nearly 20% of THRs in England are performed on patients younger than 60 

years of age [55]. For younger patients, a shorter time framework of analysis may bias 

results by excluding long terms benefits and failing to consider likely higher rates of 

revision due to the longer survival. In fact, as reported above, two cost-effectiveness 

studies with different time horizons favoured different alternatives when comparing THR 

against metal-on-metal hip resurfacing. Although time was not the only difference 

between the two studies, varying the time horizon clearly has an effect on the relative 

cumulative costs and HRQL of the alternatives and hence on their cost-effectiveness. 

 

The most common perspective employed for the analyses was that of the health care 

system. The primary concern of this review is surveying the models used to evaluate 

THRs within the health policy context. It follows that an assessment of THRs as 

compared to other surgical or non-surgical interventions, when performed under the 

perspective of the health care system or that of the broader society, should begin at a 

point previous to the operation. This is because, whereas at a first level it is important to 

identify the most cost-effective intervention for specific patient groups, at a broader level 

all or many of the treatment alternatives will still be performed for some patients. Hence, 

there is a treatment choice that is not being captured by the structure of the models 

comparing THRs against other alternatives in one integrated model. If models were 

integrated, a policy affecting the referral of patients to one or another treatment could 

truly be assessed from a societal or health-care-system perspective. Otherwise, this 

perspective is only guiding the costs and outcomes being considered, but not the broader 

policy implications of the assessment. All models selected for this review which compared 
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THRs against other alternatives not only started at the point of surgery or immediately 

prior to that, but they also analysed the model for each alternative separately. As a result, 

they help inform a decision making process of treatment for certain patient groups but are 

not able to answer broader questions regarding the clinical pathway of the patient 

population, from the perspective of the health care system as a whole. 

 

None of the models reviewed considered in its structure or discussion the potential 

application of an outcome prediction tool. In general, most assessments made it explicit in 

their models that the possible health states following a THR were a successful operation, 

revision surgery or death. Only two studies allowed for varying health states after surgery 

depending on outcome [19, 43], but the distinction was only used to populate the models 

with different HRQL estimates. The possibility of predicting THR outcome before 

surgery, and more specifically assessing the cost-effectiveness of such a predictive tool, is 

completely absent in the published literature of economic evaluations of THRs. The study 

presented in the following chapters is therefore the first of its kind within the scientific 

literature. 

 

This review benefited from its systematic protocol, by searching the most relevant 

databases of publications in the field, and by specifying inclusion criteria that allowed for 

the identification of any evaluation employing an economic model (regardless of the 

country where they were based, the year of publication, and the comparators chosen) as 

long as a THR was included. The findings are limited by the fact that the search was 

conducted on published literature only; however, it seems unlikely that any unpublished 

economic model would be significantly different to the ones identified here. As a 

systematic literature review, it ideally would have included a second reviewer for eligibility 

checks and data extraction, but being an integral part of a PhD thesis this is considered to 

be an acceptable limitation. The analysis could also be improved by adding an assessment 

of the models’ conceptualisation, structure and analysis. Several guidelines have been 

developed for this, including the most recent published jointly by the International Society 

for Pharmacoeconomics and Outcomes Research (ISPOR) and the Society for Medical 

Decision Making (SMDM) Modeling Good Research Practices Task Force [56]. These 

guidelines, however, consist of a list of criteria whose assessment is often subjective and 

which in this case (considering our interest in describing models as opposed to using their 

results) would have added little value.  
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In conclusion, this review offers a description of the economic models that have been 

used and published for the assessment of THRs. Based on the results, it seems 

appropriate to use the models to conduct CUAs since PROMs are now widely used, 

systematically collected and reported in countries such as the UK, where costs per QALY 

can inform the decision-making process at a sector-wide level. A Markov model appears 

to be the most appropriate type, given the chronic nature of arthritis, the long-term 

effects of the interventions, and the ability to structure a system of health states closely 

associated to the natural history of the disease. The time horizon, when possible, should 

be the lifetime of the patient group, and the start point that of the surgery or before. If a 

health care system or societal perspective is chosen, and more than one intervention is 

likely to be applied to different subgroups of the patient cohort of interest, then it would 

be useful to start the model at a point where there is a choice between treatment 

alternatives. If so, the results of separate evaluations such as the ones reviewed here could 

be used to inform the distribution of patients amongst alternatives. Such criteria could 

then be assessed against others to find the most cost-effective integrated care pathway. 

Sensitivity analysis should be performed, both probabilistic given the high level of 

uncertainty of important parameters such as long term revision rates, and deterministic to 

identify the most critical drivers of cost-effectiveness.  

 

2.5 Contributions 

The database search criteria were established by David Turner (DT) with the support of 

an information specialist, Alison Price. Rafael Pinedo (RP) joined the project at this point 

and developed the protocol for the review. The first literature search was performed by 

DT, the two updates by RP. Inclusion criteria were defined by RP. The first screening was 

done by RP and DT, and publications progressed to the next phase (eligibility checks) if 

either of the two selected the article. Eligibility was then performed only by RP. All 

analyses of results and discussion were produced and written by RP.  
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3 Utility outcomes for hip interventions 

3.1 Introduction 

When the Department of Health (DH) requests NICE to conduct appraisals of new or 

established technologies so that they can make recommendations about implementation, 

the appraisal involves producing an estimate of the cost-effectiveness of the technology. 

NICE’s Guide to the methods of technology appraisal 2013 [57] establishes that health effects are 

to be measured in QALYs, a composite of length of life weighted by quality, the latter 

being a measure of HRQL. As HRQL measures are considered a proxy for utility, cost-

effectiveness studies using QALYs as a measure of health outcome are often termed cost-

utility analyses. Economic evaluations of hip interventions in the UK aimed at impacting 

health policy therefore require utility data. The preferred method of HRQL in adults 

within the technology appraisal programme is the EQ-5D. NICE’s guide also indicates 

that the valuation of health states should be based on public preferences from a 

representative sample of the UK and critically that, if these are not available, methods to 

estimate EQ-5D utility data can be used as long as the functions are estimated and 

validated on empirical data. The methods to estimate utility scores based on other similar 

measures are known as ‘cross-walking’ or ‘mapping’ methods. 

 

Since April of 2009, NHS providers performing unilateral hip replacements have been 

required to collect both EQ-5D scores and the Oxford Hip Score (OHS), a condition-

specific outcome measure [25]. Prior to this, however, EQ-5D was not routinely collected 

from THR patients, whereas the OHS questionnaire was commonly collected and 

regarded as an important indicator of success for THR [27]. 

 

This chapter assesses the performance of different mapping methods in estimating the 

mean EQ-5D score from responses to the OHS questionnaire. The ability to estimate 

EQ-5D scores based on the OHS would enable estimation of utility data for older 

datasets where OHS was collected but EQ-5D was not. Older datasets are of key 

importance given the need for long-term follow up of hip replacement patients whose 

prostheses, in most cases, last for many years without need for replacement. 

 

We describe the mapping methods used in the following section and in Section 3.3 we 

report the results of the mapping exercise, including an internal validation. Section 3.4 

reports on an application of the mapping methods to predict change in EQ-5D, which is 
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discussed together with the original results and the strengths and limitations of the study 

in Section 3.5. Finally, Section 3.6 explains the various contributions made by other 

researchers to this chapter. 

 

3.2 Methods to map OHS onto EQ-5D 

3.2.1 OHS and EQ-5D 

The OHS was first reported in 1996 as a consistent and useful measure of outcome for 

THR [58]. Subsequent studies have assessed it as a valid outcome measure for THR 

patients [59, 60] and, though considered fairly easy to complete, its results have been 

shown to be significantly correlated to those of the more complex and physician-assessed 

HHS [61]. The OHS consists of twelve patient-completed statements covering pain, 

mobility and ability to carry out regular tasks. Each statement has five categories of 

response ranging from having no trouble to absolute inability to perform tasks. A copy of 

the OHS questionnaire is included in Appendix 2. The current scoring system assigns 

values between zero and four to each item: higher scores corresponding to better 

outcomes. Individual scores are summed, giving a total score ranging from zero (worst) to 

48 (best) [27].  

 

The EQ-5D is a widely used generic measure of health outcomes. It produces a summary 

index for each of the 243 descriptive health states by applying a preference-based 

valuation derived from a sample of the general population [62]. A copy of the UK version 

of the EQ-5D questionnaire [63] is given in Appendix 3 and a more detailed explanation 

of how summary scores are produced and interpreted is provided in Appendix 4. 

 

A recently published systematic review of mapping methods between non-preference 

based and preference-based measures found thirty studies covering a wide variety of start 

and target measures [64]. Of those, two papers considered orthopaedics-related condition-

specific measures [65, 66] but neither used the OHS. We found only one reference of 

mapping OHS onto EQ-5D as part of a report on Patient Reported Outcomes to the DH 

[67], simply indicating the degree of association between the two scores as produced by a 

linear regression. 

 

In order to estimate the summary EQ-5D index from OHS responses, we employed two 

known conversion algorithm techniques, namely transfer to utility regression (TTU) and 

Response Mapping.  
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3.2.2 Transfer to utility 

The TTU approach uses regression equations to predict the values of one outcome 

measure, using scores from a second measure as regressor(s) [68]. Methods of this kind 

require a dataset containing both outcome measures from the same patients. The 

regression coefficients comprise the mapping algorithm. We used three different TTU 

methods in this modelling exercise: two are variations of the linear regression model, and 

the third is a two-part model combining a binary outcome and a linear regression model. 

 

The first model regressed total OHS on the EQ-5D summary index using ordinary least 

squares (OLS). This model is described by Equation 3.1, where Ê  is the expected EQ-5D 

summary score: 

(Equation 3.1) 

ii OHSE  10 


 

 

Although total OHS is an aggregation of twelve categorical responses, we treated it as a 

continuous variable under the assumption that it indicates levels of severity of hip 

arthritis1.  

 

The second method employed responses to all 12 questions of the OHS questionnaire as 

categorical regressors and is shown in Equation 3.2: 

(Equation 3.2) 

 


12

10
ˆ

j ijji OHSE   

 

where j is each of the 12 questions in the OHS questionnaire. One area of concern when 

including each of the twelve questions of the OHS as regressors is that some of them may 

be highly correlated, in which case there would be an effect over the variance of 

coefficients[22]. In order to explore the presence of multiple collinearity between OHS 

questions, Stata’s collin command was used on each pair of questions. Results for the 

variance inflation factor (VIF) and R2 are shown in Appendix 5. In both cases, the higher 

the values the greater the collinearity, with VIFs above 10 and R2 close to 1 being reasons 

of concern. The highest VIF reported was between the questions on Description of pain and 

Pain interfering with work with a factor of 2.92, also showing the highest R2 at 0.66. Even 

though the collin command runs a simple correlation and ignores the fact that variables are 

                                                 
1 In www.orthopaedicscore.com ranges of OHS scores are associated to different severity levels of the 
disease. 

http://www.orthopaedicscore.com/
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categorical, running the correlation accounting for the categorical regressor hardly changes 

the value of the R2. Results suggest that none of the correlations between OHS questions 

are close enough to being nearly perfectly linear to cause concern when fitting a model 

that includes them all. Mean VIF when including all twelve OHS questions was 2.96. 

 

The third TTU method used was a two-part Logit-OLS model. Many patients report 

having no problem in the five dimensions included in the EQ-5D after hip replacement, 

hence a high proportion of postoperative responses have scores of one (full health). Since 

OLS would not predict a discrete score of one, we formulated this two-part model in 

order to be able to predict full-health states.  

 

The first part employed a binary outcome logistic model to predict which patients were 

expected to have EQ-5D scores of one, as shown in Equation 3.3: 
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where y* is an unobserved latent variable indicating the log of odds of EQ-5D being equal 

to one. We then converted this value into a probability using the exponential function, 

which determined if a one was to be recorded as the expected EQ-5D summary score for 

the selected observation. Part two used linear OLS regression to estimate EQ-5D values 

for those patients not predicted to score one.  

 

The underlying assumptions of the linear regression model were checked. Although there 

seemed to be evidence of heteroskedasticity, linear association between OHS and EQ-5D 

was confirmed by a fractional polynomial plot and residuals were approximately normally 

distributed. For the Categorical OLS and Two-part models, different variations were 

estimated and compared by excluding some or all response categories of certain OHS 

questions. The best or more efficient variations of each class of model were assessed by 

internal and external validation. 
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Potential limitations with the TTU approach have been documented [69]. Firstly, 

predicted values may fall outside the range of possible EQ5D scores (-0.594 to 1). 

Secondly, the actual values are unlikely to be matched by a linear regression. Thirdly, 

regression methods have assumptions that need to hold for a model’s estimations to be 

efficient, or at least unbiased, and these may not always be met.   

 

3.2.3 Response Mapping approach 

Response Mapping seeks to predict the responses to each of the five individual EQ-5D 

questions instead of predicting the summary score directly [69]. A logistic regression 

model can then be used to estimate probabilities that each set of OHS responses would 

correspond to a response level of each EQ-5D question. The next step would be to use a 

Monte Carlo simulation to assign response levels to each EQ-5D question by comparing 

random numbers to these probabilities. In the original work by Gray et al [69] they rightly 

used the simulation procedure to generate a distribution and then assign the 

corresponding category, but reported only a single simulation because, given their large 

sample size, differences were very small. Based on our sample size we also chose to assign 

health categories after one iteration only. The final index was then computed using the 

UK’s EQ-5D tariff. However, this comes at a cost as assigning a wrong predicted 

response in just one of the EQ-5D dimensions would result in a significantly different 

fitted summary EQ-5D score [68].  

 

Responses to EQ-5D questions are ordered, which intuitively implies that the ordered 

logistic model would be the most appropriate method to use. However, this requires the 

parallel regression assumption to hold. A likelihood ratio test was used to assess whether 

this assumption held but it did not, therefore a multinomial logistic model was applied. 

Equation 3.4 was calculated for two of the three response categories of each EQ-5D 

dimension, and the third was the reference case against which these probabilities were 

calculated: 

 (Equation 3.4) 
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Here, pik is the probability that respondent i will be assigned response category k (1, 2 or 

3) for the two non-reference categories (h). For the reference category, the numerator in 

Equation 3.4 becomes one.  

 

For all TTU and Response Mapping models we also ran variations that included 

additional regressors (gender, age, age squared, and deprivation converted into a 

categorical variable). As none of these variations offered improved performance over the 

basic models, their results are not reported here.  

 

3.2.4 Data 

Data were obtained from the South West London Elective Orthopaedics Centre 

(SWLEOC) database. The Centre performs hip and knee replacement surgeries for four 

acute NHS Trusts in South West London. The full data comprised 3,504 hip replacements 

each with preoperative and/or six-month postoperative responses to the OHS and EQ-

5D questionnaires, plus basic demographic, socio-economic and clinical information. All 

except two operations were performed between 2006 and 2008. All models were 

estimated on 1,759 operations for which we had data on both pre- and post-op OHS and 

EQ-5D scores, sex, age and deprivation. Since we were interested in cross-sectional 

mapping, we pooled pre-op and post-op records together, providing 3,518 outcome 

observations. 

 

We included primary and revision surgeries, as well as uni- and bi-lateral procedures. 

Multiple records for the same patient were allowed as long as each record described a 

separate procedure. As we had at least two observations per patient (pre- and post-op) our 

dataset was clustered. We allowed for this using Stata’s robust cluster command during 

model estimation to show robust standard errors.  

 

We treated the functional relationship between the OHS and EQ-5D as being essentially 

the same regardless of circumstances and timing of data collection. Even though there 

could exist such a difference, we considered it would not significantly affect the 

estimation of the mean score of the group. The data were analysed using Stata/IC 11 

statistical software. 
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3.2.5 Performance assessment and validation 

All models were assessed according to their predictive power of the group’s mean EQ-5D 

summary index in the internal validation, i.e. after fitting the models to the same 

estimation sample. We recorded the range of fitted EQ-5D scores as an indicator of 

dispersion, and used the percentage of cases for which the estimated score fell within 0.1 

of the observed health-state utility estimate as a measure of precision. We estimated the 

linear correlation between observed and fitted EQ-5D scores and reported their R2 and 

root mean square error. In order to assess how well the models performed at estimating 

EQ-5D scores across the entire range, we calibrated them by calculating the mean 

absolute error (MAE) by deciles of fitted EQ-5D. Most of these measures have been used 

in other mapping studies [64] and although we are primarily interested in the models’ 

predictive power, the remaining metrics are also important as they measure different 

aspects of prediction. 

 

Given the lack of other datasets recording both OHS and EQ-5D, we performed the 

external validation on 1,616 observations from the subset of the original cohort of 3,504 

hip replacements that had not been selected for the estimation sample. The validation 

sample comprised records with OHS and EQ-5D responses for either the pre- or post-op 

period, but not for both.  

 

3.3 Mapping results 

3.3.1 Descriptive statistics 

Table 3.1 shows summary statistics for both selected and excluded observations. There is 

no statistically significant difference between the groups in terms of age, gender, 

proportion of primary THR or side of the hip on which the operation was performed. 

 

Figures 3.1 and 3.2 show OHS and EQ-5D scores, respectively, for the selected and 

excluded groups both before and after the intervention. OHS was near-normally 

distributed preoperatively, whilst postoperative scores were negatively skewed with a 

mean of 38 (both groups).  

 

In the case of EQ-5D, an originally bimodal distribution of scores before the operation 

also became negatively skewed, albeit with a gap in scores between 0.883 and one. The 

gap is explained by the fact that the highest possible score of non-perfect health using the 



 

36 

 

UK EQ-5D tariff is 0.883. Of the 3,518 observations included in the estimation dataset, 

650 had EQ-5D score of one (perfect health); 1,971 had scores lower than one but greater 

than 0.5; another 478 scored between zero and 0.5; and 419 observations reported 

negative EQ-5D scores. 

 
Table 3.1 

Summary characteristics of selected and excluded samples 

Attribute 
Selected 
(n=1,759) 

Excluded 
(n=1,736) 

Mean age at operation in years (SD) 70 (11) 69 (12) † 

Female 64% 64% † 

Primary THR 96% 95% 

Left side 45% 46% 

Diagnosis of Primary Osteoarthritis * 62% ‡ 56% § 

* Two-group mean comparison test, difference of means ≠ 0 statistically significant at 0.05 
level 

† Less than 1% missing values 

‡ 27% missing values 

§ 35% missing values 

 

Figure 3.1 
Distribution of OHS for selected and excluded data * 
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3.3.2 Model performance 

The simplest model, Continuous OLS with total OHS as the only regressor, was 

statistically significant with residuals approximately normally distributed. Model 

coefficients are shown in Table 3.2.  

 

The categorical version of the linear regression model including all OHS separate 

questions also reported residuals nearly normally distributed. However, it produced some 

coefficients that were both statistically not significant and inconsistent with the positive 

relationship between OHS and EQ-5D, i.e. they were either negative or did not follow an 

increasing progression within the same question. We tested removing questions which 

had at least one response level statistically not significant at the 0.05 level, by performing a 

likelihood-ratio test against the original model. We found no statistically significant 

evidence suggesting that we should drop any of those questions, hence they were all 

included in the model.  

 

Figure 3.2 
Distribution of EQ-5D scores for selected and excluded data * 
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In order to produce a more consistent model in which statistical insignificance and 

inconsistency in the progression of coefficients did not both happen, we collapsed 

response levels for OHS questions on Climbing stairs, Car and public transport and Washing 

and drying. Merging item response levels has been applied in previous mapping studies [64]. 

The new restricted model performed no worse than the full one, hence it was used for 

external validation. Table 3.3 shows coefficients for the selected model, which varied 

greatly by question and response level.  

 

Table 3.2 
Linear regression output from OLS Continuous model * 

Dependent variable: EQ-5D summary score 

Independent variables Coefficient 
Robust 

Standard 
Error † 

95% confidence 
interval 

Total OHS score 0.0222 0.000 0.021 0.023 

Constant -0.0697 0.010 -0.088 -0.051 

* Number of observations = 3,518 
F(1,1685) = 7704.93 
Prob . F = 0.000 
R-squared = 0.672 
Root mean square error = 0.200 
† Standard error adjusted for 1,686 clusters of patients 

 

For the two-part approach, we estimated the first (logistic) part of the model and found 

that only 13 of the 48 regressors were statistically significant. According to repetitive 

likelihood-ratio tests, questions on Sudden pain, Walking duration, Pain from standing up from a 

chair and Night pain did not make a statistically significant difference in predicting whether 

a patient scores one or not in the EQ-5D so these were excluded from the model. We 

also combined response levels until coefficients within the same question were either all 

significant or positive with increasing progression.  

 

For the second part (categorical OLS) we estimated the model on observed EQ-5D 

scores lower than one and included all OHS questions, since none could be excluded 

based on repetitive likelihood-ratio tests. We collapsed response levels using the same 

methods as with the Categorical OLS model. Coefficients are shown in Table 3.3. Again, 

we found that residuals were approximately normally distributed but with a high peak at 

zero from perfectly fitted cases of observed EQ-5D equal to one. 
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Table 3.3 
Coefficients and p-values for OLS Categorical and Two-part models 

OHS question: response level 
Coefficient p >|t| Coefficient p >|t| Coefficient p >|t| 

OLS Categorical 
Two-part: logit  

(first stage) 
Two-part: OLS (second 

stage) 

Description of pain: 0 Base case Base case Base case 

Description of pain: 1 0.171 0.000 0.339 0.764 0.171 0.000 

Description of pain: 2 0.146 0.000 0.460 0.669 0.150 0.000 

Description of pain: 3 0.174 0.000 1.866 0.072 0.158 0.000 

Description of pain: 4 0.212 0.000 3.035 0.003 0.162 0.000 

       

Night pain: 0 Base case 

Excluded 

Base case 

Night pain: 1 0.036 0.012 0.038 0.008 

Night pain: 2 0.037 0.009 0.039 0.005 

Night pain: 3 0.037 0.028 0.040 0.017 
Night pain: 4 0.047 0.002 0.049 0.001 

       

Sudden pain: 0 Base case 

Excluded 

Base case 

Sudden pain: 1 0.004 0.837 0.013 0.456 

Sudden pain: 2 0.027 0.089 0.039 0.014 

Sudden pain: 3 0.034 0.071 0.052 0.007 

Sudden pain: 4 0.044 0.011 0.052 0.003 

       

Limping: 0 Base case 
Base case Base case 

Limping: 1 0.045 0.000 

Limping: 2 0.046 0.001 0.500 0.245 
0.014 0.145 Limping: 3 0.045 0.001 0.929 0.003 

Limping: 4 0.055 0.000 1.449 0.000 

       

Walking duration: 0 Base case 

Excluded 

Base case 

Walking duration: 1 0.006 0.738 0.009 0.624 

Walking duration: 2 0.008 0.618 0.017 0.294 

Walking duration: 3 0.031 0.050 0.048 0.004 

Walking duration: 4 0.038 0.017 0.050 0.003 

       

Climbing stairs: 0 
Base case 

Base case 
Base case 

Climbing stairs: 1 0.005 0.844 

Climbing stairs: 2 0.039 0.009 0.046 0.063 

Climbing stairs: 3 0.058 0.001 
0.738 0.006 

0.073 0.006 
Climbing stairs: 4 0.085 0.000 0.072 0.008 

       

Socks and stockings: 0 Base case 
Base case Base case 

Socks and stockings: 1 0.042 0.005 

Socks and stockings: 2 0.039 0.010 0.425 0.267 0.011 0.324 

Socks and stockings: 3 0.055 0.001 0.946 0.005 0.018 0.143 

Socks and stockings: 4 0.087 0.000 1.516 0.000 0.041 0.009 

       

Pain from standing up from chair: 0 Base case 

Excluded 

Base case 

Pain from standing up from chair: 1 0.072 0.004 0.076 0.001 

Pain from standing up from chair: 2 0.101 0.000 0.107 0.000 

Pain from standing up from chair: 3 0.117 0.000 0.128 0.000 
Pain from standing up from chair: 4 0.118 0.000 0.127 0.000 

       

Car and public transport: 0 
Base case 

Base case 
Base case 

Car and public transport: 1 

Car and public transport: 2 
0.034 0.018 

0.037 0.011 Car and public transport: 3 

Car and public transport: 4 0.044 0.014 0.934 0.000 

       

Washing and drying: 0 
Base case 

Base case 
Base case 

Washing and drying: 1 

Washing and drying: 2 0.018 0.256 0.019 0.223 

Washing and drying: 3 0.049 0.005 
1.105 0.036 

0.051 0.003 
Washing and drying: 4 0.063 0.001 0.059 0.001 

       

House shopping: 0 Base case 
Base case Base case 

House shopping: 1 0.001 0.967 

House shopping: 2 0.036 0.014 

0.981  0.003 

0.035 0.007 

House shopping: 3 0.065 0.000 0.057 0.000 

House shopping: 4 0.102 0.000 0.074 0.000 

       

Pain interfering work: 0 Base case 
Base case 

Base case 

Pain interfering work: 1 0.097 0.000 0.103 0.000 

Pain interfering work: 2 0.166 0.000 0.180 0.000 

Pain interfering work: 3 0.174 0.000 
1.715 0.000 

0.194 0.000 
Pain interfering work: 4 0.236 0.000 0.206 0.000 

       

Constant -0.165 0.000 -9.816 0.000 -0.154 0.000 
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For the Response Mapping approach we found that all five multinomial models (one for 

each EQ-5D question) were statistically significant (p<0.001), however many of the 

individual regressors were not. We built an alternative model, removing entire questions 

from each equation based on likelihood-ratio tests, and combining response levels with 

the criteria employed thus far. Performance in all indicators worsened; hence, we retained 

the full model for all dimensions. Distribution of residuals was largely similar to that of 

the Two-part model. Coefficients for each of the five multinomial models are shown in 

Appendix 6. 

 
3.3.3 Validation 

All selected variations of each model were internally validated. Table 3.4 shows summary 

performance indicators for each model, revealing high predictive power of the mean EQ-

5D score by all models. Predictive power was highest for both OLS models whilst the 

Two-part approach and Response Mapping underestimated the mean by less than 0.002. 

 

Table 3.4 
Performance of models and internal validation * 

Model: regressors 
Mean 
fitted  

EQ-5D 

Difference  
of means 

(observed - 
fitted) 

Range of 
fitted  

EQ-5D 

Range of 
residuals 

% 
within 
0.10 

utility 

R2 

EQ-5D  
observed 
vs. fitted 

RMSE† 

EQ-5D  
observed 
vs. fitted 

Continuous OLS:  
Total OHS 

0.5750 0.0000 -0.070 , 0.995 -0.91 , 0.76 41.6% 0.67 0.20 

Categorical OLS:  
All OHS questions 

0.5750 0.0000 -0.165 , 0.967 -0.91 , 0.78 52.0% 0.72 0.19 

Two-part  
Logit-OLS ‡ 

0.5735 0.0015 -0.154 , 1.000 -1.11 , 0.82 51.5% 0.70 0.19 

Response Mapping:  
All OHS questions 

0.5737 0.0013 -0.484 , 1.000 -0.98 , 1.03 49.0% 0.57 0.23 

* For the estimation sample: n = 3,518.  Mean observed EQ-5D score = 0.575. Range of observed EQ-5D  
scores = [-0.594 , 1] 
† Root mean square error of the regression 

‡ Logit stage used 8 OHS questions, OLS used all OHS questions 

 

As Table 3.4 shows, the Continuous OLS model was, however, a poor predictor of 

negative EQ-5D indices. Only Response Mapping was able to predict scores largely into 

the negative range and, together with the Two-part model, up to and including one. All 

models but the Continuous OLS achieved nearly half of individual estimations within 0.1 

of the observed value, whilst all but Response Mapping attained notably high correlations 

between observed and fitted scores with a R2 of around 0.7. 
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In addition to assessing the models’ ability to predict the observed mean EQ-5D score, 

we also calibrated them by recording prediction errors through the range of values of the 

dependent variable. Figure 3.3 shows the MAE across deciles of the respective model’s 

fitted scores. Although all models reported a high predictive power of the aggregate mean, 

the level of precision was not uniform across the full range of scores. All models were 

better predictors at the upper end of the fitted value scale. In fact, for predicted EQ-5D 

scores under 0.5 all four models had MAEs between 0.20 and 0.23, whereas for predicted 

values equal or above 0.5 MAEs were half of that (between 0.10 and 0.13). Although 

there was not much difference amongst the models, the OLS Categorical reported the 

lowest MAE in more deciles than any other (5) and also had the lowest difference 

between errors for the groups above and below 0.5 (0.101 and 0.198, respectively). 

 

Figure 3.3 
Mean absolute error for all models by EQ-5D decile * 

 

* When generating deciles of fitted EQ-5D scores, Stata forced equal values into the same group. As a 
result, the two models predicting scores of one (two-part model and response mapping) had a very large 
ninth decile and an empty tenth decile. Only the OLS categorical model had the same number of cases in 
each decile. 

 

These results were consistent with the proportion of fitted individual scores estimated 

within 0.1 of the observed value by decile, since closer predictions were also more 

common for healthier patients (higher observed OHS and EQ-5D). As Figure 3.4 shows, 

for the five top deciles of observed OHS with values ranging from 30 to 48, all models 
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except Response Mapping estimated more than 80% of the observations within 0.1 of the 

observed EQ-5D score. In fact, for the highest scores of OHS (40 or above) the two OLS 

methods predicted more than 90% of all observations with this level of accuracy. This 

contrasts with observations where OHS was between 17 and 21 (the third decile), where 

OLS Continuous, for example, would only predict values with a residual lower than 0.1 

for less than 30% of cases. If OHS was lowest (less than 12), however, predictive power 

improved so that predicted EQ-5D scores (also very low) fell within 0.1 of a health-state 

utility estimate of the observed value in 70% to 80% of cases. 

 

Figure 3.4 
Highly accurate EQ-5D predictions by observed OHS decile * 

* “Highly accurate” is used to mean predicted observations where the absolute value of the residual < 0.1. 
Values in brackets under the decile number indicate the range of observed OHS scores included in the 

decile. 
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state utility estimate difference from the observed mean, with Continuous OLS achieving 

the closest estimation. Once again, only the Response Mapping approach was able to fit 

scores well into the negative range. The mean for pre-op records, computed on 1,478 

observations, was predicted with lower error than that of postoperative observations, 

based on 138 cases only. Prediction error of the mean EQ-5D score for pre-op records 
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models.  The four models showed an approximately normal distribution of residuals, 

largely spread out over values of observed EQ-5D.  

 

Table 3.5 
Performance of models and external validation * 

Model: regressors 
Mean 
fitted  

EQ-5D 

Difference  
of means 

(observed - 
fitted) 

Range of 
fitted  

EQ-5D 

Range of 
residuals 

% 
within 

0.10 
utility 

R2 

EQ-5D  
observed 
vs. fitted 

RMSE† 

EQ-5D  
observed 
vs. fitted 

Continuous OLS:  
Total OHS 

0.3805 -0.0005 -0.070 , 0.995 -0.78 , 0.67 25.4% 0.56 0.23 

Categorical OLS:  
All OHS questions 

0.3845 -0.0045 -0.165 , 0.967 -0.75 , 0.77 42.2% 0.63 0.21 

Two-part  
Logit-OLS‡ 

0.3820 -0.0020 -0.154 , 1.000 -0.83 , 0.77 42.0% 0.64 0.21 

Response mapping:  
All OHS questions 

0.3758 0.0042 -0.429 , 1.000 -0.91 , 1.07 44.4% 0.45 0.26 

* For the validation sample: n=1,616. Mean observed EQ-5D score=0.38, with range [-0.594, 1] 
† Root mean square error of the regression 

‡ Logit stage uses 8 OHS questions, OLS uses all OHS questions 

 

3.4 Predicting EQ-5D change after THR 

3.4.1 Justification 

For many economic evaluations, the change in EQ-5D after THR may be more relevant 

than the specific pre and postoperative scores. In cases where EQ-5D data were not 

collected but OHS were, it would be possible to predict the change in EQ-5D based on 

the OHS data available by making use of the algorithms developed in the previous 

section. By applying those mapping algorithms, estimates for the pre and postoperative 

EQ-5D scores can now be derived and a predicted change calculated. It is not clear, 

however, whether the prediction errors reported in the previous section would result in a 

higher predictive power of the change, compared to the alternative of predicting the 

change in EQ-5D directly based on the observed OHS scores. 

 

As shown in Section 3.3, models predicting the mean EQ-5D score for a group of 

observations report high predictive power, although errors vary with severity of 

symptoms as reflected in observed OHS scores (see Figure 3.4) and therefore with the 

stage with respect to surgery (pre-op or post-op). If the sources of mapping predictive 

errors are the same for both the pre-op and post-op groups (for example, an inability of 

the algorithms to map the anxiety/depression dimension of the EQ-5D) and the resulting 
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prediction bias is in the same direction in both cases, then estimating the change in EQ-

5D via individual predictions of the pre- and post-op scores would further increase the 

error in said direction. This could be avoided, or at least minimised, by estimating the 

change in EQ-5D based directly on the observed OHS scores instead. 

 

In this section we compare the predictive power of models estimating the change in EQ-

5D scores by separately estimating the pre- and post-op scores, using the methods 

assessed in the previous section, against a direct prediction of the change based on 

observed OHS scores. 

 

3.4.2 Data, methods and validation 

The data used for this analysis are the same as that described in Section 3.2. The change in 

scores (both for the EQ-5D and OHS) was considered to be the scores reported six 

months after THR, minus the pre-op scores. 

 

We used two OLS models for the direct estimation of change in EQ-5D scores. The first 

specified the change in total OHS scores whilst the second used the change in each 

individual OHS question as explanatory variables. We used Stata’s cluster option to control 

for multiple operations on the same patients and tested for the significance of age, gender, 

deprivation, baseline BMI and baseline OHS effects on the prediction of change. Main 

assumptions of OLS were verified as in the previous section. For both models, a manual 

backward stepwise regression method was applied so that variables not statistically 

significant at predicting change in EQ-5D in the multivariate equation were progressively 

dropped. As comparators, we included all four models explored in Section 3.2. 

 

Performance at estimating change in EQ-5D was evaluated by looking at the difference in 

mean score change, the range of fitted values compared to the range of those observed, 

residuals, the percentage of fitted variations that fell within 0.1 of a utility value of the 

observed change, R2 of the regression between observed and fitted score changes, MAE, 

and mean square error (MSE). 

 

Validation followed essentially the same protocol explained in Section 3.2. Given the lack 

of a properly external dataset with the required scores, we used an out-of-sample subset 

comprised of those records excluded from the estimation data set but for which we had 

both the pre-op and post-op scores. Since this subset was comprised of only 30 
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observations, we extended this validation by performing a bootstrapping in order to 

obtain confidence intervals for the predicted EQ-5D changes. Bootstrapping as a form of 

validation has been employed before in at least one other mapping exercise [70]. 

 

3.4.3 Results 

3.4.3.1   Descriptive statistics 

This analysis was based on the same observations selected for the previous section on 

mapping OHS onto EQ-5D. Selected data are compared to excluded records in Table 3.1 

under Section 3.3.1. It is important to note, however, that for the analysis in this section 

not all records in the excluded category can be effectively compared with the selected 

portion of the dataset, because in the excluded group there are some observations with 

missing pre- or post-op OHS or EQ-5D. Therefore, of all excluded observations we 

could only calculate change in OHS and change in EQ-5D for some and not for all. 

 

Bearing this in mind, we compared the shape of the distributions of change in OHS and 

EQ-5D of the selected group to those whose scores were available from the unselected, 

shown in Figure 3.5. Variation in OHS was approximately normally distributed for the 

group of 1,759 selected observations which recorded a mean change of 18.7. For the 153 

excluded observations the distribution was scattered but with a mean change not far from 

the latter value at 20.9.  

 

In the case of EQ-5D the distribution does not appear to follow any specific form, 

although it tends to a symmetric shape centred on its mean at 0.404. There were only 48 

excluded observations for which a change in EQ-5D could be calculated, with a 

distribution very much scattered and different from that of the selected cases, although 

once again the mean change in EQ-5D was not too distant at 0.366. Because the mean 

score changes between the two groups are not far from each other and it is their 

distributions that set them apart, it is likely that the differences are due to the significantly 

lower number of observations in the excluded group. We are therefore left with no reason 

to believe that we are using a biased sample of the dataset. 

 

Since one of the methods we want to compare in this section is the direct estimation of 

EQ-5D change based on observed OHS scores, a visual exploration of the association 

between both score changes is in order. Figure 3.6 shows a scatterplot of these values, for 

the selected observations, indicating a clear positive relationship between the two. This 
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visual association persists when producing the same graph by gender, side of the hip 

where the replacement was performed, age or BMI group. Graphs for these are shown in 

Appendix 7. 

 

Figure 3.5 
Distribution of OHS and EQ-5D change for selected and excluded data * 
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* Number of observations: 

Selected data: Change in OHS = 1,759. Change in EQ-5D = 1,759. 

Excluded data: Change in OHS = 153. Change in EQ-5D = 48. 

 

3.4.3.2   Model performance 

For the first OLS model using total change in OHS as the main regressor (Model A), 

OHS change expectedly proved to be strongly and consistently significant together with 

the baseline OHS score, whilst gender and age (and age2) were quickly dismissed as 

significant explanatory variables. 

 

BMI was tested in the model both as a continuous score (linearly and squared) and as a 

categorical variable following the World Health Organisation’s criterion [71]. As 

categories, all groups were not statistically significant with p-values ranging from 0.266 to 

0.653. The squared BMI score was significant, however, both with all original covariables 

(p=0.013) and with only baseline and total change in OHS (p=0.004) in the right-hand 
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side of the equation. These results suggest that BMI may play a role in predicting the 

change in EQ-5D based on the variation on the OHS total score; however, given the low 

number of observations with recorded height and weight included in the dataset (n drops 

from 1,759 to 361), and that this group may be a biased sample of the original dataset, we 

decided to exclude BMI from the remainder of the analysis in order to capture and fully 

explore the variations found in a larger portion of the sample.  

 

Figure 3.6 
Change in OHS by change in EQ-5D 

 

 

When the model was estimated excluding BMI, deprivation category 2 was statistically 

significant at the 0.05 level. Deprivation was included as a categorical variable by quintiles 

of the Index of Multiple Deprivation 2004 at the Lower Layer Super Output Area level (with 

1 corresponding to the most deprived quintile and 5 the least deprived). After excluding 

age and gender, categories 1 and 3 of deprivation also became statistically significant at the 

0.05 level. However, the value of coefficients for the different levels did not follow a 

consistent progression, thus making the apparent effect of deprivation on the prediction 

of EQ-5D change unclear. In addition, data on deprivation is seldom available hence 

including this variable in the model is likely to limit its potential use by researchers. We 

therefore chose to explore the effects of deprivation only up to this point and to proceed 

with the two variables that were consistently significant as explanatory variables in all 

cases: baseline and change in OHS. 
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Table 3.5 shows the output of the linear OLS regression where baseline OHS and change 

in OHS after THR explain 43% of the variation in changes in the EQ-5D score. The 

positive coefficient associated to the change in OHS is consistent with the positive 

relationship observed in Figure 3.6, and the negative coefficient on its baseline score 

indicates that a given positive change in OHS would be associated to a lower EQ-5D 

effect for patients with higher pre-op OHS than those with lower baseline scores. This 

seems reasonable since it is perfectly plausible that patients with worse symptoms before 

the operation attain greater changes in their HRQL after the procedure. 

 

Table 3.5 
Linear regression output from OLS Model A * 

Dependent variable: EQ-5D summary score change 

Independent variables Coefficient 
Robust 

Standard 
Error † 

95% confidence 
interval 

Baseline OHS -0.0067 0.001 -0.008 -0.005 

Change in OHS 0.0180 0.001 0.016 0.020 

Constant 0.2011 0.033 0.137 0.266 

* Number of observations = 1,759 
F(2,1685) = 684.37 
Prob . F = 0.000 
R-squared = 0.429 
Root mean square error = 0.266 
† Standard error adjusted for 1,686 clusters of patients 

 

The second OLS model considered for the analysis used the change in each individual 

OHS question as continuous explanatory variables (Model B). After results from the 

previous model specification, we found no basis for the inclusion of gender, age, BMI or 

deprivation, but we did keep baseline OHS as a regressor. The first model estimation 

identified half the questions as significant and the other half not, with baseline OHS again 

being significant. We tested the removal of the six questions that were not significant by 

performing likelihood-ratio test after estimation, having to drop the robust option to be 

able to do this. In all cases but one, the test indicated that the question did not make a 

statistically significant difference and could be removed from the model. The question on 

Climbing stairs was therefore reintroduced into Model B, now specified with seven 

questions and baseline total OHS. The output for this model is shown in Table 3.6. 

 

Model B also reports pre-op OHS with a negative coefficient quite close to that of Model 

A, whilst the seven questions included in the model have all positive coefficients. This is 

logical given that any increases in OHS questions would naturally be associated with 
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improvement in the patient’s health state, reflected in a positive EQ-5D summary score 

change. Coefficient values vary amongst questions, as was the case with the mapping 

results in the previous section, in this case with Pain interfering with work and Description of 

pain reporting the highest effect on the change of EQ-5D score. This model, 

incorporating changes in the specific OHS questions, explains 44% of the variation of 

EQ-5D changes, roughly the same as Model A. Both Models A and B produced residuals 

that were highly normally distributed and centred on zero.  

 

Table 3.6 
Linear regression output from OLS Model B * 

Dependent variable: EQ-5D summary score change 

Independent variables Coefficient 
Robust 

Standard 
Error † 

95% confidence 
interval 

Baseline OHS -0.0082 0.001 -0.010 -0.006 

Δ Description of pain 0.0398 0.005 0.004 0.024 

Δ Night pain 0.0141 0.005 0.004 0.024 

Δ Limping  0.0169 0.005 0.006 0.028 

Δ Climbing stairs 0.0179 0.008 0.003 0.033 

Δ Putting on socks 0.0224 0.006 0.011 0.034 

Δ Stand from chair 0.0360 0.008 0.020 0.052 

Δ Work interference 0.0500 0.008 0.035 0.065 

Constant 0.2105 0.032 0.148 0.273 

* Number of observations = 1,759 
F(8,1685) = 176.25 
Prob . F = 0.000 
R-squared = 0.443 
Root mean square error = 0.263 
† Standard error adjusted for 1,686 clusters of patients 

 

3.4.3.3   Validation 

Internal validation was performed by fitting both models to the same estimation dataset. 

Models A and B are OLS models, as are two of the four estimated in Section 3.2, 

therefore we did not expect the prediction of mean EQ-5D change to have much 

informative value given the nature of the OLS method to minimise mean residuals. 

However, the rest of the indicators provide a more objective picture of model 

performance. Table 3.7 shows how all models explored in this chapter compare to each 

other in predicting the change in EQ-5D after THR. 

 

As expected, Models A and B produced a perfect estimation of the mean, whereas the 

four models that predicted the pre- and post-op scores separately, before calculating the 
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difference, led to mean score changes with a margin of error between 0.004 (OLS 

Categorical) and 0.045 (Response Mapping). The latter models were more able to predict 

large changes (both decreases and increases) in the EQ-5D summary score approaching 

the observed range, with Response mapping achieving the largest range even beyond the 

observed maximum decrease. Residuals were similar amongst all models and the 

percentage of predicted changes falling within 0.1 of an estimated utility value varied 

between 25% (Continuous OLS) and 34% (Categorical OLS). R2 of the linear association 

between observed and predicted values was between 0.4 and 0.5, with the exception of 

Response Mapping which only reached 0.31. Categorical OLS reported the highest 

association, as well as the lowest measures of error. Results shown in Table 3.7 are 

consistent with the graphical representation of observed versus predicted changes in EQ-

5D for Models A and B (shown in Figure 3.7). 

 

Table 3.7 
Performance of models and internal validation 

Model: regressors 
Mean  

EQ-5D 
change 

Range of  
EQ-5D 
change 

Range of 
residuals 

% within 
0.10 

utility 

R2 

EQ-5D  
observed 
vs. fitted 

MAE MSE 

Observed 0.404 -0.847, 1.367      

Models predicting change of EQ-5D directly 

Model A:  
Δ total OHS 

0.404 -0.376, 0.965 -1.164, 0.845 29% 0.428 0.212 0.071 

Model B: 
Δ individual 
questions 

0.404 -0.407, 0.930 -1.100, 0.794 29% 0.443 0.210 0.069 

Models predicting pre- and post-op EQ-5D scores separately 

Continuous OLS:  
Total OHS 

0.414 -0.422, 0.977 -1.184, 0.963 25% 0.410 0.220 0.073 

Categorical OLS:  
All OHS questions 

0.400 -0.543 , 1.042 -1.018, 0.758 34% 0.494 0.194 0.063 

Two-part  
Logit-OLS * 

0.403 -0.565 , 1.154 -1.074, 0.844 33% 0.460 0.203 0.068 

Response mapping:  
All OHS questions 

0.359 -1.016 , 1.239 -1.040, 1.035 30% 0.312 0.250 0.110 

* Logit stage uses 8 OHS questions, OLS uses all OHS questions 

 

Validation based on fitting models to the same dataset that was used to estimate them is 

not ideal. As explained in Sections 3.2.5 and 3.3.3, given the lack of an external dataset, we 

identified those observations with pre- and post-op scores from the subset originally 

excluded from this study to build an out-of-sample validation dataset. In this case, only 

the 30 observations excluded on the basis of missing gender, age or deprivation qualified. 
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Table 3.8 compares the performance of all six models after being fitted to this out-of-

sample validation dataset. 

 

Figure 3.7 
Observed versus predicted change in EQ-5D 

  

 
Table 3.8 

Performance of models and out-of-sample validation 

Model: regressors 
Mean  

EQ-5D 
change 

Range of  
EQ-5D 
change 

Range of 
residuals 

% within 
0.10 

utility 

R2 

EQ-5D  
observed 
vs. fitted 

MAE MSE 

Observed 0.357 -0.603, 1.074      

Models predicting change of EQ-5D directly 

Model A:  
Δ total OHS 

0.443 -0.174, 0.847 -0.596, 0.464 23% 0.552 0.256 0.095 

Model B: 
Δ individual questions 

0.448 -0.119, 0.839 -0.556, 0.425 20% 0.590 0.254 0.091 

Models predicting pre- and post-op EQ-5D scores separately 

Continuous OLS:  
Total OHS 

0.438 -0.289, 0.844 -0.622, 0.439 23% 0.604 0.235 0.083 

Categorical OLS:  
All OHS questions 

0.454 -0.297, 0.970 -0.583, 0.342 40% 0.675 0.207 0.072 

Two-part  
Logit-OLS * 

0.448 -0.299, 1.024 -0.549, 0.445 40% 0.662 0.211 0.072 

Response Mapping:  
All OHS questions 

0.396 -0.090, 0.924 -0.603, 1.021 40% 0.364 0.244 0.122 

* Logit stage used 8 OHS questions, OLS used all OHS questions 

 

All models overestimated the mean EQ-5D change. Response Mapping achieved the 

closest estimate with an error of 0.039, whereas the estimated mean by Categorical OLS 

was the highest (at nearly 0.1 of a utility estimate over the observed mean change). The 

predicted means produced by Models A and B were approximately 0.09 higher than the 

observed. Considering individual estimations, the Two-part Logit-OLS model achieved 
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the widest range of estimated EQ-5D change and the one closest to the observed spread. 

The Two-part model, Categorical OLS and Response Mapping achieved the highest 

proportion of estimations within 0.1 of an estimated utility at 40%. Categorical OLS 

reported the highest R2 between observed and fitted values as well as the lowest errors.  

 

Due to the low number of observations, we produced 95% confidence intervals of the 

predicted EQ-5D changes after fitting each model by taking 1,000 bootstrap samples of 

30 observations with replacement from the out-of-sample validation dataset. Figure 3.8 

shows how the observed EQ-5D change falls inside the 95% confidence interval of all six 

models. Results suggest that, even for relatively small groups, the two direct methods of 

EQ-5D change estimation as well as all four mapping algorithms developed in this 

chapter report similarly high predictive power of the mean EQ-5D change after THR. 

 

Figure 3.8 
Confidence intervals of predicted mean EQ-5D change  

by bootstrapping on out-of-sample validation 

 

 

We did not explore whether predictive power varied with severity of the disease. It is 

unlikely, however, that pre-op OHS levels would have much impact on predictive power, 

since most patients tend to be at similar levels in the lower end of the OHS scale before 

surgery.   

 

3.5 Discussion 

Preference-based utility measures such as the EQ-5D should ideally be collected directly 

from patients, but in certain cases this is not possible. The present work shows that 
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models estimated here have a high predictive power when mapping OHS responses onto 

the summary EQ-5D score, and OHS changes onto EQ-5D change. Furthermore, it 

demonstrates that all models employed here for score mapping are able to estimate the 

mean EQ-5D index with a high level of precision. The simplest OLS Continuous model 

achieved the closest estimation of the mean EQ-5D score, whilst Response Mapping 

proved to be the only approach capable of estimating individual scores well into the 

negative range and up to full health. An additional benefit of Response Mapping is that it 

allows for the estimation of mean EQ-5D scores using different valuation tariffs. For all 

models, predictive power varied considerably across the range of fitted EQ-5D scores 

with MAE for predicted low EQ-5D scores doubling that of higher fitted values, a 

tendency also found in a previously published cross-walking study linking a condition-

specific measure to a generic one [72]. The OLS Categorical model reported lower 

predictive errors across the range of scores than the other models. Overall performance 

of the four models was within range of other reported mapping studies, based on their 

root mean square errors of around 0.20 [64].  

 

Results of the Continuous OLS model indicate that, based on the data used, 67% of the 

variation of hip patients’ EQ-5D scores is explained by their OHS score. In other words, 

most of the variability in their HRQL, as measured by EQ-5D, is associated with the 

impact their hip problem has on the pain and limitations they experience. In the sample 

analysed by Brown and colleagues [67] (the only other publication to date reporting the 

relationship between OHS and EQ-5D, the portion of the EQ-5D variance explained by 

their model was 42%), a coefficient of 0.02 in the regression of the total OHS score on 

EQ-5D was reported, the same value we obtained in our OLS Continuous model. 

 

We found an association between severity of health problems and models’ predictive 

power of individual scores so that, in general, better health leads to lower predictive errors 

of EQ-5D score mapping. This tendency, though explored by only a few authors in the 

past [64], has already been found in studies cross-walking from disease-specific [72] and 

generic measures [69] onto EQ-5D. Based on this, and on our own calibration, mapping 

from OHS to EQ-5D should produce estimates with lower predictive errors after surgery. 

Our external validation, nevertheless, reported a high predictive power of the preoperative 

mean with models reporting errors that did not exceed 0.001, whilst the post-op mean 

score was overestimated by 0.03 by all models. Postoperative observations, however, were 

only 138 (compared with 1,478 before surgery). This suggests not only that the number of 
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observations affects predictive power, but also that a similar number of postoperative 

observations might have produced even lower predictive errors than those obtained 

preoperatively. This result sustains our assumption of a valid single functional relationship 

between the OHS and EQ-5D regardless of the timing of data collection. 

 

In addition to predicting EQ-5D scores, the categorical OLS regression model also 

provided information on the relationship between each OHS question and EQ-5D. There 

were wide variations in coefficient values for different OHS questions and their response 

levels. Even though the OHS scoring system assigns equal weight to each question, the 

results presented here suggest that each question may have very different impacts on the 

HRQL of patients. OHS questions associated with pain (e.g. Pain interfering with work, 

Description of pain and Pain from standing up from a chair) have greater effect on EQ-5D than 

questions about mobility or daily routine. 

 

The mapping exercise benefited from pooling together pre and postoperative responses 

to the questionnaires, hence providing good power and the full range of scores for model 

estimation. We also found a number of similarities between EQ-5D and OHS; for 

example, both ask about pain, mobility, and ability to perform tasks and functions. We felt 

that this was an extremely important factor in the good performance of the mapping 

algorithms. Similar mapping exercises are likely to be sensitive to similarities between 

instruments and it is very likely that mapping would perform poorly in cases where 

instruments are very different.  

 

The mapping was performed using regression techniques which are very widely used and 

well understood, which facilitated analysis and interpretation of results. There are some 

limitations, however, that should be borne in mind when interpreting results. Although 

there is a substantial overlap between OHS and EQ-5D questions, there is one exception. 

One of EQ-5D’s dimensions explores anxiety/depression, which is not covered in the 

OHS questionnaire; this limits the ability of the disease-specific measure to predict the 

scores of the generic one. Also, we would ideally like to have used a completely different 

dataset for external validation from that used for estimation. Our estimation and 

validation datasets are bound to have shared many characteristics; nevertheless, the large 

sample size and wide distribution of scores support the reliability of results. Although 

both the estimation and validation subsamples came from the same cohort, their method 

of selection made the validation process more robust than if they had been selected 
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randomly. In most mapping studies, validation samples are built by randomly selecting 

cases from the same estimation dataset [73]. By doing so, the validation may simply 

confirm that the selection was truly random instead of actually testing whether results 

would vary on different data. Using a non-randomly selected validation sample, we were 

able to test the validity of the mapping methods whilst controlling for the equivalence 

effect of randomisation.   

 

Estimating direct mapping functions for cross-walking changes in OHS onto changes in 

EQ-5D after THR allowed us to test whether the more direct mapping of the change 

might overcome the addition of errors in mapping the individual pre- and postoperative 

scores. The lack of OHS questions directly linked to the depression/anxiety dimension in 

the EQ-5D could explain much of the individual score prediction errors. Mapping 

individual scores and then calculating the change might therefore produce larger errors 

than applying a direct mapping algorithm for the change in EQ-5D. This would be the 

case, for example, if the effects of the missing questions on depression/anxiety were of 

similar magnitude and in the same direction pre- and postoperatively, thus cancelling each 

other out. Models A and B estimated in Section 3.4 performed no better at estimating the 

change in EQ-5D after THR than any of the four models that mapped individual scores. 

This suggests that individual score prediction errors are not cancelling each other out, and 

indicates that the mean change in EQ-5D of a group of patients can be predicted just as 

closely to the true values from change in total OHS and in seven of its individual 

questions, as it can from estimating each score individually and then calculating the 

difference. 

 

Descriptive analysis of the change in OHS and EQ-5D after THR also served to show 

that, despite the significant benefits of this operation to most patients (reflected in a mean 

increase in total OHS score of 19 points and an impressive 0.4 in the EQ-5D summary 

score) for some patients the outcome is in fact negative. For 5% of patients in the 

estimating dataset their total OHS score actually decreased, and for 8% of patients the 

HRQL measure also dropped at six months after they had the operation. These are some 

of the poor outcomes for patients that the outcome prediction tool evaluated in this thesis 

would hope to avoid.  

 

Descriptive statistics in Section 3.4 also showed a positive relationship between change in 

OHS and change in EQ-5D. The large overlap of both outcome measures discussed 
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above is thus manifested in a positive relationship between the indices and also between 

their changes after THR. We also found that BMI may play a role in predicting the change 

in EQ-5D. The coefficient on the statistically significant squared BMI score was positive 

(0.0001) which suggests that, ceteris paribus, the same change in overall OHS would 

translate into greater change in EQ-5D for patients with larger BMI. For example, in a 

patient with normal BMI (BMI score=21) the effect of a given change in OHS would 

result in a change in EQ-5D plus 0.05. For an obese patient (BMI score=35), the change 

in EQ-5D would be increased by 0.14. With access to a larger dataset including patients’ 

BMI scores, it would be worthwhile exploring this effect more comprehensively. 

 

Of the two models estimating the change in EQ-5D, Model B, which used the change in 

individual OHS questions as explanatory variables, showed, again, that not all questions 

have the same predictive power over the summary EQ-5D score (and in this case, over its 

change either). Consistent with the results shown by the OLS categorical model when 

mapping scores, OHS questions related to pain (Pain interfering with work, Description of pain 

and Pain from standing from a chair) also reported the highest coefficients and hence are the 

most powerful predictors of change in EQ-5D based on change in OHS questions after 

THR. 

 

Finally, internal and out-of-sample validation of the models directly mapping change 

compared to the four models mapping individual scores showed that they perform quite 

similarly at estimating EQ-5D change after THR. The OLS Categorical achieved slightly 

better results in the internal validation and, together with the Two-part and Response 

Mapping, also reported higher predictive power when tested on the out-of-sample dataset. 

Models overestimated the observed mean change in EQ-5D in the out-of-sample 

validation by 0.04 in the best case (Response Mapping) to 0.1 estimated utilities. One of 

the most important limitations of the validation was the size of the out-of-sample dataset, 

and that it was not strictly external. Future research should validate these models in much 

larger and completely independent datasets; however, even with the 30 observations used 

here, confidence intervals produced by bootstrapping included the observed change in 

EQ-5D for all six models. Given these results and based on its simplicity, the algorithm 

mapping the change in EQ-5D from the change in total OHS score appears to be the 

most convenient for researchers to apply when intending to estimate EQ-5D changes 

after THR based on OHS scores.  
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To conclude, the mapping methods tested here enable researchers, clinicians and 

policymakers to obtain reliable estimates of mean EQ-5D scores and mean changes 

thereof after THR when these are not directly collected but responses to the OHS 

questionnaire are available. In Chapter 5, we report on the use of the mapping methods 

developed in this chapter to produce utility estimates based on OHS measures collected in 

the absence of EQ-5D data in order to populate our cost-effectiveness analysis. The 

models presented in this chapter report high predictive power. It is important to stress 

that, if mapped scores are to be used as part of economic evaluations, the uncertainty 

added by the mapping process must be properly incorporated into the analysis.  

 

3.6 Contributions 

Sections 3.2 and 3.3 are based upon a paper published in Quality of Life Research in March 

2012: Mapping the Oxford hip score onto the EQ-5D utility index [74]. Rafael Pinedo (RP) is the 

first and corresponding author of the publication, with David Turner (DT), Andrew Judge 

(AJ), Prof. James Raftery (JR), and Prof. Nigel Arden (NA) as co-authors. RP was 

responsible for all sections including managing the dataset, writing the Stata code, running 

all econometric analyses and writing all sections of the manuscript. RP discussed with DT, 

AJ, JR and NA the results of the study throughout the process and received advice from 

AJ on specific elements of the statistical analysis. All co-authors read the final draft of the 

manuscript and provided comments. As an aid to researchers interested in applying the 

mapping algorithms to their own data, the published paper included a step-by-step guide 

on how to conduct the mapping following each of the four algorithms for an individual 

score. Section 3.3 includes comments and a figure on the predictive power of EQ-5D 

summary scores by observed OHS decile that were not included in the published paper, 

and were fully developed by RP. Section 3.4 on the estimation of EQ-5D change after 

THR was not part of the published paper and was also fully developed by RP.  
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Society for Pharmacoeconomics and Outcomes Research 3rd Latin America Conference in 

Mexico (September 2011, oral). An earlier version of the work on mapping the change in 

EQ-5D from the change in OHS (Section 3.4) was presented at the Summer Conference 

of the HESG in Wales (July 2011, poster). 
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4 A model for the cost-effectiveness of a THR outcome prediction 
tool 

4.1 Introduction 

As discussed in Chapter 2, most economic evaluations of THR have assessed the cost-

effectiveness of different prostheses or compared THR against other surgical 

interventions. They conducted the analysis starting at the point of surgery or immediately 

prior to that and, although most studies reported using a societal perspective or that of 

the health care system, they all assessed the costs and benefits of the alternatives 

separately. This chapter presents an economic model designed to assess the cost-

effectiveness of the implementation of an outcome prediction tool for THR. Hence, the 

model presented here does not focus on the costs and effects of the operation, but 

instead it evaluates the costs and effects that may result from using the outcome 

prediction tool to guide treatment decisions compared to current practice. The 

intervention being assessed in this model is the use of the outcome prediction tool. The 

model therefore starts at a point previous to surgery since the tool is expected to inform 

and improve the referral of patients to THR based on predicted outcome. The perspective 

is that of the health care system but, in comparison to previous studies, the model 

presented here includes both surgical and non-surgical alternatives in the same model. 

This allows more accurate representations of clinical practice with and without the 

outcome prediction tool to be compared. 

 

This chapter explores the prediction of THR outcomes and the grouping of these into 

two categories before explaining in detail the model design developed for this study. 

Section 4.2 explains the context of outcome prediction tools in general and describes the 

one developed by COASt and assessed with the economic model presented in this 

chapter. We then make a distinction between Good and Poor outcomes after THR with the 

classification system explained in Section 4.3. In Section 4.4 we justify the model type 

chosen. In Section 4.5 we describe the care pathway of patients commonly referred to 

THR, upon which the model design was based. Section 4.6 describes the model structure 

in detail and Section 4.7 briefly specifies the comparators and perspective employed for 

the analysis. In Section 4.8 we define the patient subgroups for which the analyses were 

performed and in Section 4.9 we clarify the contributions of other researchers to this 

chapter. The model input parameters used for the analysis are presented separately, in 

Chapter 5.  
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4.2 Predicting outcome after THR 

The development of a prediction tool for hip arthroplasty is not unprecedented. Judge et 

al [75] created a clinical risk prediction tool to identify patients most likely to obtain an 

improvement in physical function eight years after surgery according to the physical 

functioning scale of the SF-36 instrument [76]. The tool produces a score based on the 

patient’s gender; age; SF-36 physical function baseline score; radiographic grade of the 

hip; presence of previous injury to the hip; and number of painful joints in hands, 

shoulders and knees. The score is then compared to a threshold above which the patient 

would be deemed most likely to observe a 30 point improvement in the SF-36 physical 

function section at eight years after the operation. This tool performed well when assessed 

based on calibration and discriminatory power, yet the model was estimated based on a 

relatively small number of patients (249) from Portsmouth and North Staffordshire, and 

the authors were not able to externally validate results. Furthermore, the tool was not 

based on a measure specifically designed for hip replacement patients but instead on one 

of the scales of a generic health measure such as the SF-36. This, together with the 

complexity of the logistic model employed to produce the final risk score, may limit the 

ability of health care professionals and patients to take full advantage of the tool to help 

make treatment decisions. 

 

For the development of the outcome prediction tool within COASt, a combined analysis 

of two different population-based cohort studies was undertaken. The project team 

identified the main predictors of outcome for a primary THR based on postoperative 

OHS. Data from 1,589 patients of EPOS and 908 from the Health Technology 

Assessment of Hip Arthroplasty project in Europe (EUROHIP) were pooled together to 

explore their predictive power of hip surgery outcome.  

 

The two cohort studies were dissimilar in many respects. In terms of physical outcome 

measures, for example, EPOS recorded OHS and the SF-36 Physical functioning 

dimension, whilst EUROHIP used the Western Ontario and McMaster Universities 

Arthritis index (WOMAC) adding the OHS for its English cohort. In terms of 

explanatory variables, the two cohorts recorded a wide and different array of variables. 

Risk factors considered for the analysis included preoperative OHS, age, gender, and 

BMI. The studies also collected information on whether patients were employed, their use 

of medication and the type of prosthesis used. Many variables, however, were collected by 

either of the two studies, but not both. For example, EUROHIP collected data on 
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whether patients lived alone, details of their employment, whether they cared for someone 

else, education, number of years with hip pain, ASA grade (a measure of fitness for 

anaesthesia and surgery of patients before an operation), and the number of preoperative 

expectations (number of thematic groups, out of a total of 15, into which the patient’s 

expectations, of what they would need to do for them to consider the operation 

successful, were classified), among other factors. EPOS recorded occupation, the SF-36 

mental health score, the number of comorbidities prior to surgery, surgical approach, 

grade of the operator, and the sizes of the different parts of the prosthesis (head and 

stem), among other potential explanatory variables for primary THR outcome.  

 

The combined dataset consisted of data for nearly 2,500 osteoarthritis patients including 

demographic and surgical variables. The development of the prediction tool was based on 

records from OA patients who reported both the preoperative and at least one 

postoperative OHS measure. Multiple imputation helped produce a complete dataset by 

imputing missing values when they were not collected or available for any of the 

explanatory variables. A linear regression model was then estimated based on data for the 

2,092 patients meeting the inclusion criteria with postoperative OHS at 12 months as the 

dependent variable, adjusting for baseline OHS and controlling for centre effect as well as 

patient, radiographic and surgical variables. Backward selection using Wald Test was 

applied to fit the model repeated times via a bootstrapping process to identify the strength 

of the evidence. Variables kept in the model as significant in at least 70% of the 100 

bootstrapped iterations were selected for the final model.  

 

The resulting linear model predicts THR outcome, in the form of a postoperative OHS, 

based on preoperative demographic and surgical variables. Baseline OHS had the largest 

effect on the outcome variable, followed by posterior (as opposed to anterolateral) 

surgical approach and having attended college or university (as opposed to not having 

done so). Being older than 70 years of age and high BMI were negatively associated to 

surgery outcome, as were the number of joints with osteoarthritis and a lateral (as 

opposed to supine) position of the patient during surgery. Mental health and the number 

of expectations were both found to positively impact postoperative OHS in the sample. 

Table 4.1 shows the variables included in the final model specification, the percentage of 

iterations in which they were retained after the repeated backward selections, and the final 

coefficients. The model explained 25% of the variance of postoperative OHS in the 

sample. 
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The above model constitutes the outcome prediction tool whose cost-effectiveness is 

assessed using the economic model presented in this chapter. The tool could be estimated 

as a logistic model directly predicting Good or Poor outcome, but since that was not 

available at the time this thesis was written, the predictive model of the continuous 

postoperative OHS as a measure of primary THR outcome as presented in Table 4.1 was 

used as the intervention assessed. Classifying the predicted postoperative OHS into a 

category of Good or Poor outcome is discussed in the following section. 

 

Table 4.1 
Linear regression model for postoperative OHS after primary THR 

Explanatory variables Inclusion rate Coefficient* 

Preoperative OHS  100% 2.16 

Age ≥ 70 71% -1.12 

BMI 100% -1.02 

Education: College/University 100% 2.04 

Preoperative SF-36 mental score  100% 0.67 

Number of expectations 97% 0.63 

Pattern of OA: superomedial/medial/concentric 97% -1.53 

Number of joints with OA 100% -1.16 

Surgical approach: posterior 98% 2.05 

Patient’s position: lateral 82% -1.41  

Stem size (mm offset) 93% 0.21 

 * All coefficients statistically significant at 0.05 level with the exception of Patient’s position: lateral 

 

4.3 Surgery outcome categories 

As discussed in the introduction, the THR outcome prediction tool is justified by the fact 

that many otherwise successful arthroplasties leave patients with no or little improvement 

in their pain and mobility, and an important proportion of them are dissatisfied with the 

results of the operation. This supports an assessment of hip replacements based on a 

measure of results as experienced by patients. As explained in Chapter 3, the OHS has 

been largely accepted as a valid instrument to measure pain and mobility for hip patients. 

It can therefore be used as a valid and reliable measure of outcome after THR and to 

distinguish between good and poor outcomes, between satisfactory and unsatisfactory 

results. 

 

Introducing the element of satisfaction, however, can be controversial as it is closely 

linked with patients’ expectations. On the one hand, what patients expect to achieve and 

their level of satisfaction after surgery may be entirely subjective. Some patients may hope 

to simply be able to carry out basic physical functions whereas others may have 
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irrationally high expectations once their joint is replaced. These expectations and related 

level of satisfaction may also vary considerably across gender, age and socioeconomic 

groups, among other factors. For example, older patients may be satisfied if they simply 

regain the ability to walk short distances without pain, whilst younger ones may consider it 

utterly disappointing if they are not able to practice sports. On the other hand, 

expectations seem to be directly linked to objective measures of surgical outcome. As 

coefficients of the model presented in the previous section show, the number of 

expectations helps explain outcome after THR. This is not unexpected because what 

patients expect to be able to do after the operation can be an important internal driving 

force for rehabilitation immediately after surgery and it can therefore impact on outcome 

at 12 months. Expectations may also be a valid indicator of the patients’ assessment of 

their own potential for improvement, more accurate than certain assessments by health 

professionals and likely to be reasonable in most cases, leaving the irrationally high or low 

expectations to the odd few.  

 

A classification of outcome categories based on a measure of pain and mobility after 

surgery such as the OHS combined with a measure of satisfaction would therefore allow 

the model to be highly sensitive to what currently happens with arthroplasty patients: 

most of them do well and are satisfied after surgery, but many feel unwell afterwards and 

are not satisfied. In fact, data from EPOS, one of the observational cohort studies used to 

build the outcome prediction tool for THR, shows that using satisfaction or prosthesis 

survival produces staggeringly different results of surgery outcome. Of the 1,589 patients 

taking part in the study, 1,053 reported their satisfaction with surgery results two years 

after the operation. Of these, 57 patients (slightly over 5%) reported being either somewhat 

or very dissatisfied with surgery results two years after their operation, yet none of them had 

a revision within the first four years and two had a revision at five years. It is clear, then, 

that a model for the assessment of hip replacements using prosthesis survivorship as a 

measure of outcome would overlook the reality of an important number of patients who 

are not satisfied with the result of their operation but would be considered a successful 

intervention as they did not require replacement surgery. Considering that 78,999 primary 

THRs were performed in England and Wales during fiscal year 2011-12 [54], assuming a 

5% patient dissatisfaction rate at two years means that some 3,950 patients operated on 

that year alone would be expected to be dissatisfied with surgery results, but only a few of 

them would require a revision THR. The inability of surgery outcomes based on 

prosthesis survival to capture such basic factors as the state of pain and mobility for hip 
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patients favours the use of patient-reported outcomes such as the OHS and patient 

satisfaction with surgery, though the latter would have to be used with care given its 

subjective nature. 

 

Of the models reviewed in Chapter 2, only two classified patients after surgery based on 

outcome measures other than prosthesis survivorship. Chang et al [19] used the American 

College of Rheumatology (ACR) Functional Classification for Hip Osteoarthritis 

published in 1949 [77], making a distinction between four groups termed classes according 

to the patient’s ability to perform usual activities. Saleh et al [43] employed the HHS [78], a 

consistent and commonly reported outcome measure in the second part of the 1990’s 

when their study was published, consisting of an index assessing pain, function, absence 

of deformity and range of motion. They created three outcome categories: improvement 

(HHS 80-100), fair (HHS 70-79) and poor (HHS 0-69). Although not used in an 

economic model according to our review of the literature, a classification of THR 

outcome based on the patients’ postoperative OHS was also proposed by Kalairajah et al 

[61] distinguishing amongst excellent, good, fair and poor outcomes. This classification 

was obtained simply based on the cumulative frequency distribution of OHS with a 

measure of intra-category agreement, all from a sample of 115 patients. 

 

For our model assessing the cost-effectiveness of the outcome prediction tool for THR, 

we chose a method of outcome classification that represents an improvement on the 

systems described above by combining the OHS with patient satisfaction after surgery. 

The method was developed by Arden et al [79] and it used data from 799 patients who 

received a THR at St. Helier Hospital in London to determine cut-off points on 

postoperative OHS associated to patient satisfaction after surgery. Receiver Operating 

Characteristic (ROC) curve analysis was used to identify 12 and 24-month postoperative 

OHS of 38 and 33, respectively, that maximised sensitivity and specificity at predicting 

satisfaction. Results varied by gender, age and BMI groups. The analysis was also 

performed to identify cut-off points in the change of pre- to postoperative OHS but 

results were very different for low- compared to high-scoring groups, an expected 

limitation given OHS’s ceiling effect. 

 

Although the authors did not report the number of patients in their dataset who scored 

below and above the thresholds [79], given the reported satisfaction rate of 91.9% at 12 

months and assuming that their 24-month reported sensitivity and specificity of 89.7% 
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and 86.7%, respectively, also applied to 12-month results, Table 4.2 shows the expected 

percentage of patients in each outcome category. According to these figures, around 17% 

of patients would be expected to score under 38 at 12 months after THR. 

 
Table 4.2 

Expected relative size of surgical outcome categories at 12 months 

  Satisfaction with surgery  
  Dissatisfied Satisfied Total 

OHS 
Poor (<38) 7.0 9.5 16.5 
Good (≥38) 1.1 82.4 83.5 

 Total 8.1 91.9 100.0 

 

The above method not only combines the OHS and patient satisfaction, which we have 

argued are reasonable measures for THR outcome as experienced by patients, but it also 

brings them together as they have been found to be correlated with each other. In other 

words, by using this method to determine a cut-off point, a line may be drawn in the OHS 

scale separating those patients who still have pain and mobility problems and are likely to 

be unsatisfied, from those who score well in their pain and function and are more likely to 

be satisfied with the operation. Compared to the classification systems used in earlier 

studies and reported above, it is evident that, by using the OHS, this new approach 

incorporates the main aspects of the ACR functional classes employed by Chang et al 

(ability to carry out regular activities) [19], and goes further by adding measures of pain 

and mobility. The method is also more robust than that used by Saleh et al [43] as the 

latter employed discretionary thresholds simply because they had been commonly 

reported classified in that way, whereas the method by Arden et al [79] identified cut-off 

points according to an anchoring satisfaction question completed by the patient. 

Regarding Kalairajah et al [61], compared to a method that uses a much larger sample size 

and which links patients’ PROMs to their satisfaction through Receiver Operating 

Characteristic (ROC) curve analysis, their use of simple cumulative frequencies and the 

lower number of observations in their study make it an inferior classification system for 

the purpose of this study. 

 

Hence, by using the outcome classification system proposed by Arden et al [79], we will be 

able to structure a model dividing surgery outcomes into two categories, Good 

(postoperative OHS above the threshold) and Poor (below the threshold). This adds a 

unique feature to the cost-effectiveness model inasmuch as it will incorporate a 

classification system that combines a PROM with patient-reported satisfaction. 
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4.4 Model type 

Most published economic evaluations of THR have used Markov models which, as 

discussed in Chapter 2, are the most appropriate model type given the characteristics of 

THRs. Although the purpose of this work is not to assess THRs but to evaluate the use of 

an outcome prediction tool for them, a Markov model is also appropriate in this case 

since the tool precedes the operation but the care pathway of the patient after the 

operation continues to be the same. 

 

Following guidelines on the selection of modelling techniques [80, 81], we discarded the 

more complex discrete event simulation methods to build our model because interaction 

amongst patients or with the environment is not relevant in the case of THRs. Although 

decision trees could be used and in fact have been employed for the modelling of THR 

[39, 43], they are not appropriate either as trees would pose limitations in capturing 

important features of the disease and interventions in the model. THRs are performed to 

alleviate pain and disability that are chronic, and in some cases the intervention needs to 

be performed more than once, which makes a model with a lifelong time horizon more 

appropriate. These complexities are better handled by a Markov framework [82], hence 

our model for the cost-effectiveness of the outcome prediction tool for THR is developed 

as a Markov model.  

 

It is worth noting that the one presented here is the only known Markov model 

incorporating different categories of outcome after THR since the other two studies 

distinguishing between surgery outcomes (Chang et al and Saleh et al) were structured as 

decision trees [19, 43]. 

 

4.5 Care pathway 

We designed a model that faithfully reflected the care of hip patients regardless of whether 

they go on to have a THR or not. Evaluating the impact of an outcome prediction tool 

using a modelling technique means that the model must start at the point where the tool 

would be implemented, or before. The outcome prediction tool for THR has been 

designed to help orthopaedic surgeons to direct patients more efficiently to surgery or to 

alternative modes of care. The model, as a result, cannot start at the point of surgery as all 

previous economic models of THR have done (see Chapter 2 for details). We therefore 

explored the care pathway from the moment that a patient experiences hip pain to a 
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consultation with an orthopaedic surgeon as a framework of reference about the point at 

which the prediction tool may be used. This pathway places the economic model 

appropriately into the context of patient care. 

 

Figure 4.1 shows the care pathway of patients who experience hip pain up to and 

including the point where they may be seen by an orthopaedic surgeon. This pathway was 

put together based on discussions with experts including physiotherapists, 

rheumatologists and orthopaedic surgeons as nothing similar was found in the reviewed 

literature.  

 

Patients with hip pain would first consult their GP about their condition. The GP then 

would take one of five actions: 1) to treat the patient with pain relief medication; 2) to 

refer the patient to a secondary care specialist, commonly a physiotherapist or 

rheumatologist who can help to alleviate the pain and to restore mobility; 3) to refer the 

patient to secondary care specialised centres, which are often independent sector 

treatment centres2; 4) to refer the patient directly to an orthopaedic surgeon; or 5) to send 

the patient home without treatment, a seemingly more common option for elderly 

patients as GPs may consider pain as merely part of the multidimensional process of 

aging. 

 

Many patients will respond to any of the first three alternatives (pain relief medication, a 

secondary care specialist, or a specialised centre) and be able to manage their pain and 

limitations. Other patients, however, will not respond so favourably and will be referred 

from any of the above three providers for a consultation with a surgeon to determine if 

they are candidates for a hip replacement. For those patients sent back home, many are 

likely to return to the GP seeking help for worsening pain and increasing disability; and if 

they are suitable candidates for a THR then they would (hopefully) be identified as such 

on a subsequent round through the care pathway, and referred for a consultation with the 

orthopaedic surgeon. 

 

 

 

                                                 
2 Examples of these are the musculoskeletal services provided by Care UK Clinical Assessment & 
Treatment Services (http://www.careuk.com/content/cats_patients) and the Musculoskeletal Assessment 
and Treatment Services operated by Bristol Community Health (http://www.briscomhealth.nhs.uk/our-
services/item/289). 

http://www.careuk.com/content/cats_patients
http://www.briscomhealth.nhs.uk/our-services/item/289
http://www.briscomhealth.nhs.uk/our-services/item/289
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Figure 4.1 
Hip patient care pathway 

 

CATS: Clinical Assessment and Treatment Services; MATS: Musculoskeletal Assessment and Treatment Services 
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After being assessed by the surgeon, some patients may be referred for further diagnostic 

tests to confirm if an arthroplasty is the appropriate course of action. The patient may 

also be sent for treatment of comorbidities such as high blood pressure or excessive 

weight and only when he or she meets the respective Primary Care Trust’s (PCT) criteria 

for the replacement, and is willing to go through the procedure, will the patient be put on 

the waiting list for a THR. If the criteria are not met or the patient does not want to have 

the operation, he or she would be referred back to the GP for further management of the 

condition and follow up. 

 

Given this care pathway, a model for the evaluation of the THR outcome prediction tool 

would need to include the assessment by the orthopaedic surgeon, because the tool would 

be employed at that point to guide patients more efficiently to the different treatment 

alternatives. Hence, we made the first assessment by the surgeon the starting point of our 

Markov model.  

 

4.6 Economic model 

The model for the economic evaluation of the THR outcome prediction tool was 

developed based on the specific aims of the COASt project. The literature review 

reported in Chapter 2 provided a framework that helped guide the model design, 

particularly considering the main two features that set this model apart from those 

previously published: it starts at the point of consultation with the orthopaedic surgeon 

and it distinguishes between outcome categories in a Markov model. Initial drafts of the 

model schema benefited from numerous and extensive discussions with clinical experts 

and a draft of the final version was validated with a group of orthopaedic surgeons. 

 

4.6.1 Other models 

The literature review presented in Chapter 2 showed that most THR economic 

evaluations have been performed based on Markov models. In fact, one specific model 

structure was used in six of the 12 studies employing Markov models [26, 36, 37, 42, 45, 

46]. This popular model is shown in Figure 4.2 and was first published by Briggs et al [26] 

in 1998. One other study made a slight change by keeping the same structure shown in 

the figure but substituting “Death” for “Non-operative management”, allowing 

transitions to death from all states [47].  
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Figure 4.2 
Hip replacement model by Briggs and colleagues 

 

Model schema used by six of the 12 economic evaluations assessing THRs identified in 
the literature review (see Chapter 2) and first reported by Briggs et al [26]. 

 

As in standard Markov models, the box and ovals in Figure 4.2 represent health states 

where patients remain during a given cycle, and the arrows represent the possible 

transitions amongst the states; that is, the allowed routes for patients to move at each 

iteration. Relevant features of the THR model in Figure 4.2 include the fact that it starts 

with the primary operation and that the only possible outcomes after the primary or a 

revision surgery are a successful procedure or death. These characteristics make this 

commonly-applied model both simple and effective at capturing the broad results of a 

very effective intervention such as a THR. Our approach, however, offers a new 

perspective on post-operative outcomes by distinguishing them between Good and Poor 

whilst it also expands the analysis to include what happens to patients before surgery 

when they are not referred for a THR. 

 

4.6.2 Starting point 

As shown in the previous section, at the first points of care, GPs, and then 

rheumatologists or physiotherapists, most commonly, follow a protocol to treat patients 

with hip pain. Non-surgical treatment would be effective for some patients and not for 

others. According to NICE’s national clinical guideline for care and management of 

osteoarthritis (Guideline 59), a referral for consideration of joint replacement should only 

occur after the patient has been offered the core non-surgical treatment options and these 

prove ineffective at successfully treating the symptoms as well as reducing their impact on 

the patient’s quality of life [12]. This will be the case with a number of patients who are 

referred for an assessment with an orthopaedic surgeon.  
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Our economic model begins with this surgical assessment. From there, patients may be 

referred not only to the waiting list for a primary THR, but also to other non-surgical 

health states. Figure 4.3 shows how the model allows for patients to transition into the 

waiting list for the THR, into a risk factor modification programme or into long-term 

medical management.  

 
Figure 4.3 

Preoperative states 

 

The description of the patient care pathway in the previous section showed that patients 

referred for a consultation with an orthopaedic surgeon would be likely candidates for 

arthroplasty because they would have been checked and perhaps even treated by other 

health care professionals before they were seen by the surgeon. Some of those patients 

consulted by the surgeon would incidentally present conditions that could compromise 

the outcome of the replacement surgery. Examples of these conditions are excessive 

weight, high blood pressure, new onset diabetes, and chronic varicose vein. When any of 

these or other relevant risk factors are present, they would need to be dealt with before 

the patient could be put on the waiting list for the THR. These patients would therefore 

be referred to the appropriate risk factor modification programme, where they would 

remain until they were found to be fit for surgery at a later re-assessment. Meanwhile, they 

would also have their hip pain treated, commonly with pain killers and/or physiotherapy.  

 

Some other patients may have been referred for the surgical consultation only for the 

surgeon to diagnose that their hip problem, for example, was not related to the hip 

(problems with the spine, for instance, are known to cause pain in the hip region), or was 

not an orthopaedic problem. These, as well as those patients who are found by the 

orthopaedic surgeon not to be candidates for a THR for any other reason, and the 

patients who despite being candidates decide that they are not willing to go through 

surgery, would be referred back to primary or secondary care for long-term medical 

Surgical assessment

Risk-factor 
modification

Long-term 
medical 

management

Primary 
THR
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management of their condition. After being re-assessed, some of these patients may 

eventually be found fit and willing to receive a THR. 

 

4.6.3 Following a THR 

Since the second defining feature of this Markov model is the distinction between surgery 

outcomes, the states that patients may find themselves in after a primary THR are now 

categorised according to a combination of a measure of their postoperative pain and 

mobility functions together with their satisfaction. As described previously, after a primary 

THR in our model, patients may be in a state of Good outcome (where they would be 

mostly free from pain and satisfied with surgery results) or in a state of Poor outcome 

(where pain and functional limitations persist on patients generally dissatisfied with the 

results of the operation). Figure 4.4 illustrates this distinction.  

 

Figure 4.4 
Surgery outcome categories 

 

 

With this model structure, patients with unrevised primaries are no longer put together 

into one single successful primary state. The Markov model presented here captures more 

accurately the fact that, despite not needing revision surgery, patients may feel very 

differently (both objectively and subjectively) about their pain, their ability to move 

around and to perform everyday activities. Making such a distinction also allows for 

presumably different consumption levels of health care resources by the two outcome 

categories.  

 

The distinction between Good and Poor outcomes after surgery is not exclusive to the 

primary operation. THR patients who require a revision face the same possible outcomes, 

that is, some will do better than others; some will be satisfied whilst others will not; and 

those who feel better because pain was reduced and mobility increased are more likely to 

Good outcome

Primary 
THR

Poor outcome
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be satisfied. The same distinction between outcome categories used after primary THR 

was therefore applied in the Markov model to revisions, such that a (presumably different) 

threshold in the OHS can be used to differentiate Good from Poor outcomes anchored in 

post-revision satisfaction.  

 

4.6.4 The complete model 

Figure 4.5 shows the full cohort Markov model used to assess the cost-effectiveness of 

the outcome prediction tool for THR. The model combines the pre-surgery states shown 

in Figure 4.3 and the outcome distinction illustrated by Figure 4.4 and also applied to 

revision surgeries. Although not shown, a transition to the absorbing state of death is 

considered from each health state. Previous versions of the model were discussed and 

modified before arriving at this final and more parsimonious structure. Final adjustments 

were made based on feedback from a meeting with orthopaedic surgeons, rheumatologists 

and nurses who found the model to be an accurate representation of reality. The model 

was conceived to operate with yearly cycles and for as long as patients remain alive.  

 
Figure 4.5 

Markov model for the cost-effectiveness of  
an outcome prediction tool for THR 

 

* Represents transitions from each health state to the absorbing state of Death  

 
In the preoperative section of the model, each of the non-surgical states after the first 

surgical assessment is linked to a separate re-assessment state. Patients in a risk factor 

modification programme may remain there for a short or long period of time depending 

on the condition they have and their ability to become fit for surgery. At a certain point 
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they might be re-assessed by an orthopaedic surgeon who would evaluate them again to 

ascertain whether they can have their hip replaced. If so, they would be put on the waiting 

list for the operation, otherwise they would be sent back to the risk factor modification 

programme. An analogous situation is included in the model for those patients under the 

long-term medical management state. 

 

Although a yearly cycle was chosen for the model, some of the preoperative transitions 

may be associated to shorter time spans. For example, the mean waiting time for THR 

(based on Operating Procedure Codes or OPCS codes W37 and W38 for cemented and 

uncemented procedures, respectively) was 91 days in fiscal year 2011-12 [55]. Therefore, it 

is unlikely that a whole year would elapse between a patient’s surgical assessment and the 

time of operation when they are directly referred to the waiting list. Nevertheless, primary 

care costs and HRQL associated to the surgical assessment state would have been similar 

if not the same since long before the referral by the orthopaedic surgeon, thus rendering 

the time difference inconsequential. Similarly, we judged the effects of these time 

differences unimportant for the remaining preoperative states, including the slight delays 

in the progress of the cohort and its resulting effects on mortality. 

 

After a primary THR, other than the Good and Poor outcomes largely discussed above, 

some patients may require a revision surgery within a year, hence the direct transition 

between primary and revision THR. Though not common, revisions soon after the 

primary THR can happen, generally due to infection (as opposed to aseptic loosening, the 

main cause for revision surgeries after the patient has had the prosthesis implanted for 

several years) [83]. The model also considers the possibility that patients categorised as 

Good outcomes after primary THR may either remain as Good outcome or deteriorate over 

time and transition to Poor state, and original Poor outcomes may also remain as such or 

change states if their pain and mobility improve with time. This explains the transitions 

between both outcome categories and in both directions, though it is likely that many 

THR patients would remain in the state they were in after surgery until they die. This 

section of the model is complemented by the transitions to revision THR in case they 

require it over time, whether the patient comes from a Good or Poor outcome, albeit 

presumably at different rates. 

 

The model is complete once the section on revision THR is included. This part of the 

model operates in the same way as that of primaries, with Good and Poor outcomes after 
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surgery, and transitions between these in both directions. Finally, patients may die at any 

point in the model, although this absorbing state and the numerous transition arrows are 

not shown in Figure 4.5 for clarity purposes. 

 

4.6.5 Merging surgery and first year outcome into one state 

Because the cycle length was chosen to be one year, and patients do not spend 12 months 

in either of the surgical procedure states (primary or revision), an adjustment was made to 

account for this. Length of stay has been reported to average 6.6 days for cemented and 

5.4 days for uncemented THRs [55]. A recent study furthermore found that these times 

vary significantly between NHS centres, independent treatment centres and private 

treatment centres with the latter two reporting waiting times 18% and 40% lower than 

NHS public hospitals, respectively [84]. As these times indicate, THR patients spend on 

average less than a week in the hospital after their operation, therefore we combined the 

first year of postoperative outcome with the surgical state. This produced two different 

states where Figure 4.5 shows only one: surgery linked to Good outcome, and surgery linked 

to Poor outcome during the first year after the operation. This was applied to both primaries 

and revisions, and Figure 4.6 illustrates it for the former. 

 

Figure 4.6 
THR by first year outcome and transitions 

 

 

Merging surgery with the first year of postoperative outcome, and leaving the states of 

Good and Poor outcome after surgery to capture what happens to patients on year two and 

afterwards, crucially allowed for a more accurate assignment of parameter values to states. 

First, probabilities of revision are typically reported for the first year separately from that 

of the rest, because infections are more common soon after the operation. Second, 

HRQL would tend to drop immediately after the operation due to the discomfort 

associated to the surgical procedure and then progressively rise as the patient goes 



 

76 

 

through rehabilitation. This would not be the case for the following years. And third, 

costs are likely to be different during the first year after THR compared to the rest as 

more visits to the GP and physiotherapist, for example, are to be expected.  

 

The disadvantage of separating the primary and revision THR states each into two 

separate ones by adding the first year of Good or Poor outcome is the increased number of 

transitions forced into the model, and by extension its data requirements. By doing this, 

each of the three transitions leading to the single Primary THR state in Figure 4.5 now 

points to two possible Primary THR states depending on the outcome category of the 

first year. This is also the case for revisions. Similarly, each transitions starting from the 

primary or revision operation in Figure 4.5 became two. The resulting model with the 

surgical states divided into two and all corresponding transitions, though following the 

same pathway shown in Figure 4.5, takes away from the parsimony of the latter; hence, we 

use Figure 4.5 as a faithful graphical representation of the economic model and include 

the complete one in Appendix 8 for reference.  

 

4.6.6 Modelling a complex reality 

As with all models, the one presented here attempts to reflect the true care pathway of 

patients as they are assessed for a THR, which most undergo, but it necessarily simplifies 

what in reality is a more complex process: patients’ conditions may evolve in ways that 

have not been simulated in our model; health professionals or patients themselves may 

make decisions leading to a myriad of health states that are not specifically included in our 

schema. Modellers face the inevitable trade-off of attempting to capture the complexity of 

reality vis-à-vis building a manageable and parsimonious model that can be populated with 

good quality data and produce results that aid the decision-making process. As long as 

these necessary simplifications do not contradict reality or produce misleading results, 

then the trade-off can only be expressed and the likely limitations of the simplified models 

made explicit. The model presented here captures the pathway of THR patients with 

greater detail and breadth than those used for previously published economic evaluations 

of THRs; nevertheless, assumptions have necessarily been made and they are discussed in 

Section 4.9 of the chapter. 

 

4.7 Comparators and perspective 

The model described in the previous section was structured considering the current care 

pathway for patients referred to orthopaedic surgeons as candidates for a hip replacement 
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operation. To estimate the cost-effectiveness of the outcome prediction tool for THR, we 

used the model to estimate the costs and benefits (in terms of health utilities) of current 

practice and compared that to how practice would be if the outcome prediction tool 

developed under the COASt project were to be implemented. The ratio of the differences 

in costs and QALYs will produce an ICER which will help assess the tool’s potential 

value for money, compared to the threshold used by NICE as a reference to recommend 

adoption by the NHS. 

 

If the outcome prediction tool proves effective at identifying poor outcomes before the 

operation, application of the tool in the UK by the NHS would largely benefit both 

patients’ wellbeing and the health system’s efficiency.  The analysis presented here is 

therefore made from the perspective of the UK, and particularly from that of the NHS as 

payer of health care services. As the model incorporates THR and non-surgical treatment 

and these are both currently provided by the NHS, a health care system perspective is 

appropriate. This is additionally supported by the fact that the NHS, through the NIHR, 

provided the funding for the COASt project and the development of the prediction tool. 

This shows an interest in the potential application of a tool that could make the significant 

public investment in THRs through the NHS more efficient. 

 

Furthermore, as reported in Chapter 2, all models evaluating a THR intervention from the 

perspective of the health system or from that of the broader society, conducted the 

analysis separately for THR and its alternatives. We offer a different approximation. Our 

model is based on standard practice starting at a point before surgery where the choice 

between a THR and non-surgical alternatives is considered, and includes them all in the 

same model. The analysis is therefore performed jointly and maintains the relationship 

between the surgical and non-surgical alternatives via the prediction tool: for the 

alternative to current practice, it will be the tool based on predicted outcomes that 

determines what proportion of patients found fit for surgery will get a THR, and what 

proportion won’t. This is indeed what happens in the actual care of patients who are 

deemed candidates for THR at primary care levels: they are referred to an orthopaedic 

surgeon and then a decision is made about whether to perform a THR or to keep the 

patient under non-surgical management. We perform an economic evaluation keeping the 

surgical and non-surgical routes as integral parts of the same model, and produce results 

that compare current costs and benefits to what they may be if the outcome prediction 

tool were to be implemented. There is a cost-effectiveness optimum for the referral of 
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patients to THR and current practice is not at that point, because we know that a non-

negligible number of patients perform poorly after surgery. This study shows whether the 

outcome prediction tool may move clinical practice closer to that optimum. 

 

4.8 Patient subgroups 

The economic model was populated with data corresponding to different patient 

subgroups. Patient cohorts were selected according to gender and age group. Although no 

discrimination can legally be applied based on age or gender for the provision of health 

care, justified differential treatment (especially if beneficial to the patient) is perfectly 

acceptable [85, 86]. The impact of these factors on THR revision rates as well as their 

proved effect on the likelihood of achieving a clinically significant physical functioning 

improvement after arthroplasty [75] justify exploring, separately, cost-effectiveness of the 

prediction tool by these subgroups. Other economic evaluations of THR have also 

produced results separately for different age and/or gender subgroups as authors have 

found them to be associated to different model input parameter values [37, 45, 46, 49, 50]. 

 

We were also interested in performing the analysis controlling for BMI. BMI thresholds 

have been applied by some PCTs for patients’ assessment and eligibility for joint 

replacement surgery [87-90]. However, it has been found that BMI does not influence the 

ability of patients to benefit from THR [75]. This contradiction between the policy being 

implemented in some parts of England and the evidence already available provides 

grounds for the inclusion of BMI in this evaluation. BMI was not available, however, in 

the main sources of data used to populate the model and therefore its impact on the cost-

effectiveness of the prediction tool for THR was not analysed here. 

 

Using a combination of gender and four different starting ages (45, 60, 70 and 80) 

produced a total of eight groups. The starting age of 45 was selected because, even though 

THRs are sometimes performed on younger patients, it is only after 45 years of age that 

sufficient patients are found from which to draw reliable data inputs to populate the 

model. A cohort entering the economic model would be, for example, 45 year-old 

females, and then a separate analysis would be performed for 60 year-old females. This 

would also be case for the remaining two subgroups of females and the four equivalent 

male subgroups. Model input parameters were estimated from data about patients aged 45 

to 60 years for the model cohorts with starting age 45, about patients aged 60 to 70 for 

the model cohorts with starting age 60, and so on. For the purpose of populating the 
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model, nevertheless, whenever data for an input parameter were not available for a 

specific subgroup, a common value was applied to several or all subgroups. 

 

As this is a cohort model, the analysis was performed recording direct costs and QALYs 

accrued by each patient subgroup flowing through the model one yearly cycle at a time. 

The patients in each state would either remain there (if allowed) or move on to another 

state in the following iteration according to the probability associated to each transition. 

Again, although not shown in Figure 4.5, one possible transition from every state in the 

model is to the absorbing state of death. The parameter inputs for the model are, 

therefore, direct costs and QALYs associated to every state, and transition probabilities. 

Data for the model on THR were obtained from various sources, as will be described in 

detail in the next chapter. 

 

4.9 Assumptions 

As highlighted in Section 4.6, our model, as any other, simplifies reality so that we can 

produce estimates for the cost-effectiveness of the outcome prediction tool. This 

simplification is achieved by making a number of assumptions that can make the model 

feasible. It is important to make these assumptions explicit and to consider their possible 

effects on final results. This section discusses the main assumptions made in the 

development of the economic model. 

 

Firstly, this model assumes that the outcome prediction tool is capable of identifying 

potential poor surgical outcomes before patients have the operation. The methods 

employed to produce the tool are rigorous and appropriate, but they were applied to a set 

of patients that may or may not be representative of the entire population. We are 

therefore assuming that the information in the EPOS and EUROHIP datasets are 

representative of the equivalent characteristics and outcomes in the wider population 

susceptible of undergoing a THR in the UK. Based on their large number of participants, 

on the fact that EPOS is a UK-based study, and that EUROHIP is a multicentre study 

not only in the UK but also in other European countries, we believe that the prediction 

tool built upon such data is applicable to the wider UK context. 

 

Outcome categories are a key element in this study, hence an important assumption we 

are making is that the way patients are classified in this model is valid and the most 

appropriate. We are assuming that all, or most patients who score 38 or above in the OHS 
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one year after their primary are all free from pain and major mobility limitations as well as 

satisfied with the operation, and that the opposite is true for those who score less than 38. 

This may not necessarily be so. First, the method used to identify the cut-off point was 

anchored on satisfaction, which is a largely subjective concept, as discussed in Section 4.3. 

And second, satisfaction, and hence the cut-off point for Good and Poor outcomes, may 

also vary with gender, age, BMI, expectations, or severity of disease, to name a few. In the 

study identifying this cut-off point on the postoperative OHS, the authors stratified their 

results by gender, age and BMI tertiles, and baseline OHS, but differences were not 

statistically significant from the overall value. They also explored equivalent thresholds 

using the raw change in OHS after the operation and the percentage of potential 

improvement achieved as outcome, and in both cases stratifying by the above variables 

produced results whose difference to the overall values was not statistically significant 

[79]. We are therefore confident that an overall cut-off point is acceptable as data appears 

to suggest that the connection between a postoperative OHS score and satisfaction is 

stable across different groups of patients.  

 

We also assume that all patients found to be candidates for surgery but presenting a risk 

factor which should be dealt with before the operation, whether it is excessive weight, 

diabetes, blood pressure or something else, can all be grouped together and therefore the 

same costs, QALYs and transitions from the Risk-factor modification state can be applied. 

This is likely not the case in real life. However, we are using this health state essentially to 

introduce a delay into the path towards surgery as attempts to modify risk factors were 

reported by surgeons to be common when assessing patients considered for an 

arthroplasty. The Risk-factor modification state (where patients would be expected to stay for 

a short period in most cases) is not intended to reflect the specificities of the risk-factor 

modification treatment. In fact, as discussed in the following chapter, costs for the 

modification of the respective risk factors are not included in the costs associated to this 

state. Also, although HRQL may differ depending on the type of risk-factor patients have, 

we do not expect variations to be significant as EQ-5D is largely sensitive to mobility, 

pain and limitation to usual activities, which all patients in the Risk-factor modification state 

would have in common as they have been found to be candidates for a THR. We 

therefore believe that the heterogeneity of patients diverted to Risk-factor modification state 

reflects clinical practice and that the variation in costs, QALYs and transition probabilities 

will be appropriately incorporated into results via probabilistic sensitivity analysis (PSA).  
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We are also grouping a diverse set of patients into the health state of Long-term medical 

management. As above, we have given priority to what these patients have in common, 

namely their non-surgical treatment, as opposed to their potentially different costs, 

QALYs and transition probabilities based on what sets them apart. As health care costs 

are expected to be driven by the non-surgical treatment of their problem, and this will be 

largely similar for all, bringing such diverse groups of patients together is warranted. 

QALYs, as explained above, are very much sensitive to hip pain and its consequences, 

hence however diverse these patients they are all likely to have similar HRQL. Transition 

probabilities, however, may be different for patients in the Long-term medical management 

state. One of the specific groups of patients that will transit into this state is that 

comprised of potential candidates for a THR who are not willing to undergo the 

procedure. These patients, for example, are likely to be much more susceptible to the 

effects of an outcome prediction tool than patients whose problem is not orthopaedic or 

hip-related, or simply those found unfit for surgery, all of whom will be in the Long-term 

medical management state. Nevertheless, the distribution of the probability of transition from 

this health state will capture some of the variation within this group, which through PSA 

will allow results to incorporate this difference. 

 

Another important assumption is that probabilities of Good and Poor outcomes are the 

same in the model whether the patient comes from the risk-factor modification section or 

from that of long-term medical management. This is a clinically plausible assumption 

because long-term medical management patients who are ultimately referred for a primary 

arthroplasty are likely to be very similar to those referred for a THR from the Risk-factor 

modification state in all aspects relevant to surgery outcome. 

 

The model presented here does not allow for multiple revisions. Although there are 

patients who undergo more than two THRs in their lifetime, not only are they a very small 

proportion of all patients who receive this operation, but there is no data available about 

the effect of surgical outcomes on a second or later revision of the prosthesis.  

 

Finally, we are ultimately assuming that the tool will be used by orthopaedic surgeons, 

when in reality it would be very difficult to know whether the additional information it 

will provide will be taken into consideration by surgeons, or even patients. It would be 

unrealistic to think that if the tool predicts that a patient is likely to perform poorly, for 

example, that this information will supersede the surgeons’ criteria when they would 
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otherwise refer the patient for the operation, or vice versa. We therefore perform the 

analysis comparing current practice against a hypothetical scenario where the tool will 

dictate how patients are referred after the surgical assessment as an extreme case. Results 

will therefore show whether each unit of health benefit brought about by the strict use of 

this tool would require the NHS to assume additional costs at a rate lower or higher than 

the opportunity cost within the health system.  

 

4.10 Contributions 

The outcome prediction tool described in Section 4.2 was developed by the COASt team 

in Oxford, led by Prof Nigel Arden and Dr Andrew Judge with Mr Rajbir Batra 

performing the statistical analyses. This is the tool that the present economic evaluation 

assessed. 

 

The economic model delineated in Section 4.6 benefited from the contributions of Mr 

David Turner in its early stages when preoperative states and the differentiation of surgery 

outcomes were incorporated. All following refinements to the model, the discussion with 

experts, the validation with orthopaedic surgeons, the merging of the surgical procedure 

with the first year of postoperative outcome, and the overall final structure of the model 

were conducted and led by Rafael Pinedo (RP).  

 

Everything else reported in this chapter was the work of RP. 
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5 Populating the economic model with the best available data: from 
expert elicitation to patient-level analysis of large administrative 
datasets 

5.1 Introduction 

The cost-effectiveness analysis presented here used data from a large variety of sources. In 

this chapter we report on the data sources used for transition probabilities, including an 

expert elicitation exercise; for utilities, obtained primarily from the HES-PROMs dataset; 

and for costs, extracted mainly from the CPRD, previously called General Practice 

Research Database (GPRD). As with all models, a number of assumptions are made with 

regards to data in order to conduct the analysis and these are reported at the end of the 

chapter. Results of the cost-effectiveness analyses performed by populating the model 

with the data described here are presented in the following chapter. 

 

To assess the cost-effectiveness of the outcome prediction tool, first the model was 

populated with parameter values relative to current practice. A second set of model input 

parameters was then estimated to populate the model with data representing the 

hypothetical scenario of implementing the outcome prediction tool. Costs parameters 

were the same in both cases, but HRQL values changed for most preoperative states, as 

explained in Section 5.6. Certain transition probabilities also varied as a result of using the 

tool. It is these probabilities, and their effects on future costs and outcomes, that drive the 

cost-effectiveness of implementing the outcome prediction tool. The transition 

probabilities taking different values in the model for current practice compared to using 

the prediction tool were the following: 

 

a) Probability of being referred directly to the waiting list for THR (and hence to the 

two states where Primary THR is associated to Good or Poor outcome during the 

first year after surgery) 

b) Probability of being referred for Risk factor modification  

c) Probability of being referred for Long-term medical management 

d) Probability of good outcome after primary (incorporated into (a) above) 

e) Probability of poor outcome after primary (incorporated into (a) above) 

 

The first three transition probabilities identified above (a, b and c) capture the direct 

effects that the outcome prediction tool would have on the decisions made at the surgical 

assessment stage. The ability of the tool to identify potential poor outcomes would have a 
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direct impact on the proportion of patients receiving a THR and hence on that of patients 

continuing with a non-surgical management of their condition. If the tool is able to 

positively predict good outcomes, then orthopaedic surgeons would more readily suggest 

a THR and patients would be more willing to accept having the operation. In the case of 

those patients for whom the tool predicts a poor surgical outcome, the referral rate for 

THR (and for risk factor management because that model state is intended for patients 

found fit for surgery) would drop. Likewise, the probability of those patients being 

referred for long-term medical management would be expected to increase. Hence, the 

impact of the outcome prediction tool would be primarily reflected on the set of 

transition probabilities immediately following the surgical assessment.  

 

Consequently, the group referred for a THR if the prediction tool is implemented would 

be comprised of a higher proportion of patients expected to perform well after the 

operation than under current practice. The probabilities of having Good or Poor outcomes 

after a primary THR would therefore be different between current practice and the 

application of the prediction tool. These effects are captured by items (d) and (e) in the 

list above. There are no reasons to think that the remaining transition probabilities would 

be affected by the outcome prediction tool, hence they remained the same for both sets of 

model input parameters. 

 

Estimates for the values of transition probabilities, costs and QALYs required to populate 

the model were obtained from various sources, all with only one exception based on UK 

patients and practice. Source of data and samples used were associated with varying 

degrees of uncertainty. We addressed this uncertainty by conducting sensitivity analyses, 

both one-way on key variables based on their potential effects on results, and a PSA to 

explore the joint effect of the uncertainty in all input parameters on final results. Data 

used for transition probabilities are described first and in two separate sections: Section 

5.2 dedicated to the preoperative segment of the model and obtained from an expert 

elicitation exercise and Section 5.3 on transitions after a THR. Parameter values for 

QALYs are described next in Section 5.4, followed by direct costs associated to each state 

which are described in Section 5.5. Values used for transition probabilities affected by the 

use of the outcome prediction tool are presented lastly in Section 5.6. We close the 

chapter with a section on assumptions made and the usual segment on the statement of 

contributions received for the development of this chapter. 
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5.2 Preoperative transitions: obtaining probabilities from expert opinion 

The first section of the model covering the states and transitions between the surgical 

consultation and THR rendered this model not only novel but also contingent on 

information not systematically collected before. This is because no data were found in the 

published literature that described referral decisions by orthopaedic surgeons, even if only 

reflecting the proportion of patients referred for a THR after their initial assessment. In 

order to obtain estimates for these probabilities we turned to the expert opinion of 

orthopaedic surgeons and elicited their knowledge in a probabilistic form. We conducted 

a systematic expert elicitation exercise in order to obtain mean referral rates as well as 

uncertainty around those values in a way that provided the highest possible level of 

reliability. Below, we explain the theoretical framework supporting the elicitation exercise, 

describe the process of conducting the elicitation, and finally present and analyse the 

results. 

 

5.2.1 Theoretical framework 

Elicitation is a process whereby a person’s beliefs and judgements about an uncertain 

quantity or proposition are obtained and represented in the form of a probability 

distribution [91]. Since our cost-effectiveness model requires estimates for the transition 

probabilities describing referral decisions by orthopaedic surgeons leading to a THR in the 

UK, and these are not known, we elicited the opinion of expert orthopaedic surgeons on 

these values.  

 

This information that we require (and at the onset ignored) is in principle knowable. This 

kind of uncertainty is known as epistemic, as opposed to aleatory uncertainty which is 

induced by randomness or chance [92]. The distinction is important because whereas the 

notion of probability as the proportion of times that an event occurs fits perfectly those 

aleatory uncertainties such as the toss of a die, it is only personal or subjective 

probabilities that can address epistemic uncertainties such as the transition probabilities 

we require. By personal probabilities we refer to the degree of belief that someone has 

about an uncertain proposition [92], which will vary between subjects particularly when 

the proposition at hand is of the epistemic kind, as in our case, hence our choice to elicit 

those judgements from expert surgeons. Experts’ opinion is considered a legitimate 

source of data for decision-analytic models in health economics as long as the methods 

used are clearly documented and the selection of experts is performed appropriately [93]. 
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The notion of using personal probabilities to describe an uncertain parameter is supported 

by the Bayesian approach to statistics, which, in very broad terms, uses data and Bayes 

theorem to progress from an initial state of knowledge (a prior distribution) to a new one 

(posterior distribution). In the case of our elicitation exercise, the judgements we collected 

from each expert allowed us to build prior distributions for the transition probabilities we 

are interested in. This differs from the frequentist approach, which accepts parameters to 

be unknown but regards them as fixed, such that no probability distribution can be 

generated for a given parameter [92]. 

 

Expert opinion can be elicited in many different ways. A type of method commonly 

employed is the Delphi group technique, which brings together a group of experts and 

aims to have them reach a consensus about specific matters, including a common 

judgement about current data that is not accurately known or available [94]. This method, 

however, implies contacting and bringing together a number of experts, which is difficult 

to achieve and can be expensive. The technique also forces a group dynamic directed at 

achieving consensus between knowledgeable people who could perfectly disagree, thus 

potentially creating a challenging task even for the most skilful facilitator. In terms of its 

outcomes, the Delphi and other consensus techniques have been deemed inappropriate 

also because they appear to underestimate the uncertainty around the true parameter 

presented to the group [93] and because forced consensus of several experts seems to 

produce no clear benefits over methods that do not require interaction among them [95]. 

We therefore chose an individual, direct method of expert judgement elicitation instead, 

and more specifically, a mathematical approach that revealed experts’ answers as 

distributions at once. 

 

Although elicitation methods have had limited impact in decision analysis [96], they have 

been used to obtain parameter estimates and distributions to populate model inputs [97] 

and even to characterise model structural uncertainty [98]. Of the few expert elicitations 

applied to economic models, most have focused on deriving mean values of unknown 

parameters whilst ignoring the uncertainty around those estimates [98]. 

 

5.2.2 Method 

For our elicitation exercise we individually interviewed experts and presented them with a 

set of questions about their referral decisions of hypothetical THR patients. More 

specifically, we were interested in obtaining data describing the transition probabilities 
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leading from the surgical assessment directly to the waiting list for THR, to risk factor 

management and to long-term medical management. We also required the probabilities of 

returning for reassessment from the latter two states, as well as the probabilities of being 

put on the waiting list for THR after such re-assessments. In total, there were seven 

probabilities we expected the participating orthopaedic surgeons to provide their expert 

judgement on. Additionally, since modelling the cost-effectiveness of the prediction tool 

implied comparing current practice with a scenario where the outcome prediction tool 

would be implemented, and this had not happened yet, we also asked experts about their 

opinion regarding the potential effect that such a tool could have on their referrals to the 

waiting list for THR. 

 

With regards to the seven probabilities we set out to obtain expert opinion on, we 

required a point estimate of the mean value to populate the deterministic model but we 

were also interested in obtaining distributions describing the uncertainty around them in 

order to propagate it through the model as part of the PSA. We believe that eliciting the 

uncertainty around the parameter values in the form of a distribution would be more 

comfortable for the experts than asking them to provide a single precise value. We 

employed, consequently, a method of eliciting experts’ judgement that allowed them to 

express their belief about the seven transition probabilities in the form of a probability 

distribution. 

 

We adapted to our specific case a method previously used on the elicitation of expert 

opinion about the probability of sustaining treatment benefits over time, conducted for 

the economic analysis of enhanced external counterpulsation for the treatment of stable 

angina and heart failure [97]. For that exercise the authors employed the histogram 

technique [99], which consists of presenting experts with a frequency chart showing 

intervals for the range of answers of the question at hand and asking them to specify their 

relative subjective probabilities for each interval by placing a finite number of crosses 

throughout the grid.  

 

We used this method for the seven questions about referral decisions. For example, the 

first question for which we elicited expert opinion stated “What proportion of patients fall 

in group (a), i.e. those that are referred for a hip replacement?” after having explained the 

model according to which patients, after a first surgical assessment, would be referred for 

(a) THR, (b) risk-factor management or (c) long-term medical management. The grid used 
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to elicit experts’ judgements about this question is shown in Appendix 9 and the 

remaining six questions followed the same format. To explore their beliefs about how the 

outcome prediction tool would affect their referral decisions, we asked the experts if they 

thought that the tool would increase or decrease the proportion of patients referred 

directly for a THR, and then by how much. For this last question, we also used the 

histogram technique. In all cases, we asked experts questions regardless of patient 

characteristics, so their responses apply to all patient subgroups defined in Section 4.8. 

 

Although probabilities are a random continuous variable, our elicitation method collected 

experts’ opinion about proportions as if they were discrete instead, by presenting them 

with a grid showing values that went from 0% to 100% in increments of five points. We 

chose this method because it provided experts with an easy framework to respond to the 

questions and because their responses in discrete form could be represented in a 

probability mass function that could then be approximated to a probability density 

function associated to the same random variable in continuous form. 

 

5.2.3 The process 

We structured the elicitation exercise as face-to-face interviews on the basis of ensuring 

maximum understanding. An electronic method using the option of simple Microsoft 

Word or Excel documents was tested as a pilot with one surgeon but instructions were 

not appropriately followed and responses were inconsistent. A telephone interview was 

also considered but given how crucial it was that the questions were correctly interpreted 

and the instructions strictly followed, we decided it was worth assuming the greater costs 

in terms of time and transportation of the face-to-face interview in order to make the 

process as clear and easy to understand as possible.  

 

The format of the interview and the choice of questions were aimed to make the 

elicitation process as natural as possible for expert orthopaedic surgeons to think of the 

propositions in probabilistic form. This is supported by ecological theories of calibration 

of subjective probabilistic mental models when making judgements about uncertainty, 

which argues that people are well adapted to report probabilities based on the relative 

frequency of relevant cues in their memory [100]. However, reporting probabilities may 

not involve complex mental calculations but instead various rules of thumb or heuristics, 

which have been thoroughly studied and reported in the literature [92, 101]. 
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Based on a previous similar exercise conducted by researchers at the University of York 

[102], we used a series of Microsoft Power Point slides to introduce the background, 

context, instructions, a dummy elicitation, and finally the specific questions for which 

experts’ judgement was being elicited. We adapted the original slides to fit our study’s 

purpose and specific questions. The set of slides used for our elicitation exercise are 

shown in full in Appendix 10. 

 

Two pilot interviews were conducted with colleagues from the Wessex Institute at the 

University of Southampton to assess the clarity of instructions and the timing for the 

entire session. After slight revisions, a final pilot elicitation interview was conducted with 

an orthopaedic surgeon before participants were contacted for the interview sessions. 

 

5.2.4 The experts 

The elicitation exercise was aimed at obtaining the opinion of experienced orthopaedic 

surgeons, active at the moment and with many years performing hip replacements. Some 

names were suggested by the COASt project clinical advisors and those surgeons were 

contacted by email inviting them to participate in the exercise. Interviews were agreed to 

be conducted at the convenience of experts, in most cases in the hospitals where they 

worked. As the session ended surgeons would be asked to suggest the name of other 

experts to be invited to participate as well. 

 

A total of 28 surgeons were contacted and 10 responded to the invitation. Of these, three 

had been performing hip replacements for less than five years and during the previous 

year had only operated on 20 to 30 patients; hence, they were excluded from the sample. 

Responses from the remaining seven experts were analysed and are reported below. More 

than half of the selected experts were Consultant Orthopaedic Surgeons, two were 

Associate Specialists and one an Orthopaedic Hip Fellow. They were based at four 

different hospitals, namely Southampton General, Bournemouth Royal, Oxford’s Nuffield 

Orthopaedic Centre and Portsmouth’s Queen Alexandra. They had all been performing 

hip replacements for many years, ranging from eight to 20. The selected experts 

performed 180 hip operations on average during the previous calendar year. The least 

experienced surgeon had performed about 300 THRs whilst the least number of 

operations in the period, around 50, was reported by one of the surgeons with most years 

of experience. Surgeons participating in the study specialised in various surgical 
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techniques and patient groups (including the elderly, young patients, complex cases, 

revisions, and sports-related cases). 

 

In terms of the number of experts included in the sample, a diminishing marginal returns 

has been reported in the literature suggesting that the most benefit is obtained from the 

first three to five experts [95, 103]. We stopped contacting surgeons after interviewing the 

seventh since point estimates for mean values varied only slightly with responses from the 

last two, and the graphical representation of uncertainty was, for most questions, largely 

unchanged as well.  

 

5.2.5 Calibration, relative weights and consistency checks 

Subjective judgements are affected by a random error, even for representative sets of 

experts’ judgements [92]. Two sources of experts’ judgements error have been reported, 

one due to human inconsistency and the other to a sampling error attributable to 

variability in the environment [104]. We considered the different sources of possible bias 

for our expert elicitation and designed the exercise in order to minimise them, as they 

could never be fully eliminated. 

 

An elicitation participant is considered to be well calibrated when the probability he or she 

reports matches the true frequency [104]. Calibrating the experts we interviewed based on 

the model questions asked was impossible given that the true values are unknown, and we 

did not include an additional question for calibration as we assumed all participants to be 

experts in the field and reflecting a variability that we were, in fact, interested in. It is for 

this same reason that we did not include a weighting mechanism either, as we believe that 

the shapes of the individual distributions obtained from experts not only described their 

subjective uncertainty around the parameter, but they were also a representation of the 

differences between the clinics, patients and guidelines faced by each surgeon. If we could 

assume that spread-out responses were a measure of higher uncertainty, then we could 

use the entropy associated to the probability mass function of the elicited probabilities to 

identify and assign greater weight to responses from those experts more certain about 

their answers [101]. However, more spread out answers may also reflect a mixture of the 

level of uncertainty around the true value of the parameter and the different 

characteristics of the specific patient subgroups that each expert evaluates. 
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This makes the present expert elicitation exercise rather unique inasmuch as what is being 

elicited is not a clinical parameter that may be thought of as having a unique true 

distribution, presently unknown; this exercise is eliciting judgements about a parameter 

whose distribution varies as PCT reimbursement rules vary, as surgeons’ expertise varies, 

and very importantly as patient mix varies. For example, as surgeons answered questions 

based on their own referral decisions, if a surgeon’s practice received mainly young, 

otherwise healthy patients, then answers about referral decisions would be expected to be 

different from those of surgeons seeing older patients with a myriad of additional health 

conditions. Calibrating all experts’ judgements with one single variable or weighting their 

responses by any measure would therefore hamper the unavoidably joint elicitation of 

uncertainty and variability, both relevant to the cost-effectiveness model. We therefore 

considered all individual judgements equally legitimate and valued them accordingly. 

 

As the degree of uncertainty and the effect of patient/surgeon/PCT heterogeneity cannot 

be discriminated from the single answers collected from experts, we used the probability 

distributions resulting from the exercise mainly as a measure of uncertainty. We did, 

nevertheless, check for consistency of experts’ responses to the first three questions as 

these were supposed to add up to around one. Although we did not expect the mean 

values of the first three distributions to add exactly to one, we checked that the range of 

cumulative minimum and maximum values reported by each surgeon included the value 

of one. In all cases, the uncertainty around the first three transition probabilities elicited 

included the value of one within the range, which we interpreted as a sign of consistency 

of experts’ responses. 

 

5.2.6 Synthesising individual elicitations 

Once all personal judgements were elicited, the next step was to synthesise their 

knowledge into a single distribution. We did this by mathematical aggregation, which 

involves adding together the responses from all experts (as opposed to the behavioural 

aggregation applied in consensus approaches such as the Delphi technique discussed at 

the beginning of this section). We employed the linear opinion pool method described by 

Stone [105]:  

(Equation 5.1) 

 ( )  ∑     ( )
 

   
, 
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where p(θ) represents the combined probability distribution along all frequency values θ 

(0%, 5%, …, 100%) presented to the n experts, and w is the weight applied to each, such 

that the sum of the weights of all experts will equal one. Since we applied the linear 

opinion pool under the democratic condition that all experts’ judgements are weighted 

equally, then for our elicitation process w = 1/n for all i. In essence, this meant that the 

probability associated to each discrete value presented to the experts was equal to the 

simple arithmetic mean of the probabilities reported by all respondents. 

 

The graphical equivalent of this aggregation method was a combined histogram where the 

individual arithmetic means of each frequency value were added together to form a single 

distribution. Parameters for these distributions were used for the PSA.  

 

5.2.7 Results 

Table 5.1 shows the means and standard deviations (SD) of the responses from all seven 

experts included in the elicitation exercise about their beliefs regarding the proportion of 

patients referred for Primary THR, Risk-factor modification and Long-term medical management, 

turned into probabilities. Pooled means and SDs are also reported. Since transitions from 

the first health state in the model (Surgical assessment) lead to the above three alternatives or 

to death and all of these must add up to one, it is customary for Markov models such as 

this one to leave one transition probability as the difference between 1 and the sum of all 

other probabilities. As we obtained all-cause probabilities of death from the UK Office of 

National Statistics (ONS) Life Tables [106], we chose to select the two transitions 

reported in Table 5.1 on which experts agreed the most and use their respective values, 

hence leaving the third to complement up to 1. This implies an upward adjustment to the 

values reported for the latter because, as Table 5.1 shows, the pooled mean values add up 

not to 1 but to 0.94.  

 

Values for the SDs reported in Table 5.1 suggest that there was considerably more 

agreement amongst experts about the proportion of patients referred to Risk-factor 

modification than to the other two alternatives. This is also confirmed by the spread of 

curves representing each expert’s responses to the question on referrals to this alternative 

shown in Figure 5.1. Figures 5.2 and 5.3 illustrate experts’ responses to the questions on 

referral to THR and Long-term medical management, respectively.  As Figure 5.1 shows, 

all but one of the surgeons consulted believed that the probability of referral for Risk-

factor modification is never more than 25%, whilst one considered 30% to be the most 
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likely answer but thought that it could be as high as 45%. This particular surgeon (Expert 

7) works mostly on elderly patients and children, which may explain the relatively higher 

referral rate to Risk-factor modification.  

 
Table 5.1 

Expert opinion on patient referral from surgical assessment 

 Probability of referral from initial surgical assessment: mean (SD) 

 To Waiting list  
for “THR” 

To “Risk-factor 
modification” 

To “Long-term 
medical management” 

Expert 1 0.32 (0.088) 0.04 (0.038) 0.65 (0.060) 

Expert 2 0.31 (0.099) 0.12 (0.055) 0.20 (0.072) 

Expert 3 0.73 (0.034) 0.15 (0.036) 0.08 (0.025) 

Expert 4 0.84 (0.060) 0.02 (0.025) 0.08 (0.039) 

Expert 5 0.91 (0.033) 0.06 (0.021) 0.02 (0.024) 

Expert 6 0.69 (0.049) 0.12 (0.043) 0.04 (0.027) 

Expert 7 0.59 (0.066) 0.31 (0.065) 0.11 (0.059) 

Linear pool of experts 0.63 (0.227) 0.14 (0.093) 0.17 (0.208) 

 

Expert surgeons largely disagreed on their beliefs about the proportion of referrals to the 

waiting list for THR (see Figure 5.2), but they appeared to be in ample agreement 

regarding referrals to Long-term medical management, as shown in Figure 5.3. Similarly to 

the question about referrals to Risk-factor modification, all but one of the expert surgeons 

consulted believed that 35% is the largest proportion of patients sent back to Long-term 

medical management, whereas Expert 1 reported that this proportion ranges, instead, 

between 55% and 75%. We did not explore the justification for the experts’ responses and 

hence we did not explore why Expert 1 in particular had such different belief regarding 

referrals to Long-term medical management in relation to the rest of the experts. It could be 

due to the fact that Expert 1 was the surgeon with the least number of years performing 

THRs (eight years, compared to a mean of 16 years amongst the other six surgeons), 

although the same expert is also the surgeon who reported performing the largest number 

of operations during the year previous to the interview.  

 

Based on the above results, we chose to take the values about transition probabilities from 

Surgical assessment to Risk-factor modification and to Long-term medical management obtained from 

the expert elicitation. We therefore allowed the probability of transition from Surgical 

assessment to the waiting list for a THR to take the value necessary to have all the above 

and the probability of death from Surgical assessment to add up to 1. Since the health state 

corresponding to the primary THR was divided into two according to the outcome 
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category for the first year (Good or Poor) and those probabilities are described in the next 

section on postoperative transition probabilities, we present parameter values and 

distributions there. 

 
Figure 5.1 

Probability distribution of referral to Risk-factor modification 

 
 

Figure 5.2 
Probability distribution of referral to THR 

 
 

Figure 5.3 
Probability distribution of referral to Long-term medical management 
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With responses from all experts pooled together, Figure 5.4 shows the aggregate 

distribution of the transition probability from Surgical consultation to Risk-factor modification. 

The histograms with the corresponding distributions for transition to Primary THR and 

Long-term medical management are shown in Appendix 11.  

 

Once patients transition into the model health states for Risk-factor modification or Long-term 

medical management they may either remain in that state, be referred for re-assessment, or 

die. And if sent for re-assessment, again three alternatives are considered in the model: 

being found fit for surgery and hence referred to the waiting list for THR, being sent back 

to the health state they were in before re-assessment, or dying. Since the probability of 

death is already available, two transition probabilities in each case remained to be 

populated. We asked experts for their judgment about referral to THR in either case, 

hence the probability of going back to their previous state was 1 minus the latter minus 

the probability of dying.  

 

Figure 5.4 
Pooled probability distribution of transition probability from Surgical  

assessment to Risk-factor modification 

 

 

Table 5.2 shows the mean and SD of individual and pooled responses for the probability 

of referral from Risk-factor modification to Re-assessment, and specifically for those re-

assessed, the probability of being referred to the waiting list for a Primary THR. 

 

Individual distributions of responses for the transition to Re-assessment after Risk-factor 

modification are shown in Figure 5.5. As shown, five of the seven expert surgeons believed 

that referral to Re-assessment after one year in Risk-factor modification can only be higher than 
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65%, whilst Expert 2 thought that 60% was the most likely rate with a positive chance of 

it being lower than that as well. Expert 5, on the contrary, thought that this probability is 

actually rather low, between 0% and 10%. Apart from Expert 5, there seems to be broad 

agreement that most patients referred to Risk-factor modification to care for those factors 

such as excessive weight or high blood pressure that made them not yet suitable for THR 

would be re-assessed and considered again for a THR within a year.  

 

Table 5.2 
Expert opinion on reassessment after Risk-factor modification 

Probability of referral from risk-factor modification: mean (SD) 

 To re-assessment  
after one year 

If re-assessed,  
to THR 

Expert 1 0.75 (0.063) 0.97 (0.025) 

Expert 2 0.56 (0.110) 0.85 (0.062) 

Expert 3 0.84 (0.037) 0.88 (0.025) 

Expert 4 0.89 (0.055) 0.87 (0.057) 

Expert 5 0.05 (0.038) 0.63 (0.055) 

Expert 6 0.79 (0.047) 0.79 (0.041) 

Expert 7 0.87 (0.067) 0.90 (0.051) 

Linear pool of experts 0.68 (0.286) 0.84 (0.111) 

 

Figure 5.5 
Probability distribution of referral to Re-assessment after Risk-factor modification 

 

 

There was much more consensus amongst expert orthopaedic surgeons about the 

proportion of patients that, once re-assessed after their Risk-factor modification programme, 

would be found suitable and hence referred for a Primary THR. As Figure 5.6 shows, all 

experts considered that most re-assessed patients would be placed in the waiting list for a 
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THR, with Expert 5 assigning the greatest likelihood to 65% and the rest of the experts 

recording their belief about this rate between 70% and 100%. 

 

We asked the same set of questions to experts about what they believe happens to patients 

referred for Long-term medical management after the original Surgical assessment. Table 5.3 

shows the individual and pooled mean and SD of the derived transition probabilities 

between Long-term medical management and Re-assessment, and from the latter to a Primary 

THR. 

 
Figure 5.6 

Probability distribution of referral to primary THR after Re-assessment  
post Risk-factor modification 

 

 

Table 5.3 
Expert opinion on reassessment after long-term medical management 

 Probability of referral from medical management: mean (SD) 

 To re-assessment  
after one year 

If re-assessed,  
to THR 

Expert 1 0.03 (0.036) 0.50 (0.011) 

Expert 2 0.16 (0.076) 0.54 (0.094) 

Expert 3 0.12 (0.029) 0.15 (0.039) 

Expert 4 0.13 (0.062) 0.07 (0.053) 

Expert 5 0.14 (0.035) 0.85 (0.031) 

Expert 6 0.05 (0.042) 0.05 (0.034) 

Expert 7 0.10 (0.475) 0.05 (0.031) 

Linear pool of experts 0.11 (0.066) 0.31 (0.300) 

 

As SDs in Table 5.3 suggest, there was significantly more agreement amongst experts in 

relation to how likely it is that patients originally referred to Long-term medical management 
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will be seen again in a surgical Re-assessment (SD=0.07), than there was about re-assessed 

patients being found suitable for a THR (SD=0.30). Patients referred for Long-term medical 

management were assumed to be patients whose pain was found not to be of an 

orthopaedic nature in the initial Surgical assessment, or not related to the hip. They could 

also be patients found unfit for the operation or otherwise unwilling to go through a 

major intervention such as a THR. As Figure 5.7 shows, all experts agreed that the 

probability of such patients being re-assessed within a year was very low, in all cases under 

35% but often as low as 0% or 5%.  

 

Figure 5.7 
Probability distribution of referral to Re-assessment after  

Long-term medical management 

 

 

As Figure 5.8 shows, however, there was wide disagreement in the beliefs about re-

assessed medical management patients being put on the waiting list for a THR. Although 

four of the seven experts believed that the probability of a THR referral for these patients 

is very low (under 20%), two believed that there was roughly a 50/50 chance of finding 

them fit for surgery. One expert surgeon conversely considered that, once re-assessed, 

there is a high probability (80% or more) of medical management patients being put on 

the waiting list for a primary THR.  

 

Given that this is quite a heterogeneous group of patients, based on the fact that they 

were found unfit for surgery for a variety of reasons in the first place, it is not 

unreasonable to observe this level of disagreement amongst experts. For example, a 

patient initially found fit but unwilling to receive the operation may later change his or her 

opinion and accept to be put on the waiting list for a THR. On the other hand, patients 
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whose pain persist and do not find medical management satisfactory may keep coming 

back for a surgical consultation; some only to be sent back to their GPs, others to be 

successfully referred for a THR. The different views of expert surgeons illustrated in 

Figure 5.8 seem, therefore, perfectly clinically plausible.  

 

Figure 5.8 
Probability distribution of referral to primary THR after Re-assessment  

post Long-term medical management 

 

 

5.2.8 Parameter values 

The deterministic model was populated with the mean values obtained from the responses 

provided in the expert elicitation. We also fitted Beta distributions (by method of 

moments using the observed mean and SD) as is customary for probabilities since they 

are bound between 0 and 1 and they are conjugate to binomial data [82]. Questions posed 

to surgeons referred to scenarios with two alternatives (hence directly associated to 

binomial data) or three alternatives (also binomial if options are considered conditionally). 

Although a Dirichlet distribution is sometimes used in these cases, this would have 

required a common parameter amongst the three transition probabilities that our expert 

elicitation did not provide. Since patients may die following every model state, age and 

gender-specific all-cause mortality rates [106] were applied to all preoperative states. 

 

For the PSA, we assigned the corresponding Beta distribution if two conditions were met: 

first, the resulting probability density function had to appropriately fit the respective 

pooled probability distribution from experts’ responses, as verified by visual exploration; 

and second, there was no significant difference between the observed mean value and that 
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generated by the inverse of the cumulative density function evaluated at 0.5 (a difference 

greater than 0.05 was considered excessive). Figure 5.9 shows how the probability of 

referral to Risk-factor modification is an example of a Beta distribution that fitted the pooled 

opinion of experts very accurately. The mean probability of referral reported by experts 

was 0.14 and the estimated mean based on the fitted Beta distribution was 0.12. The Beta 

distribution in this case was chosen for PSA.  

 

Figure 5.9 
Pooled probability distribution of experts’ responses and respective fitted 

probability density function about referral to Risk-factor modification state 

 

 

Conversely, Figure 5.10 shows the probability of referral to the model state of Long-term 

medical management where the fitted Beta distribution takes the value 0 in a very high 

proportion of cases, in strong disagreement with the opinion of experts who believe that 

the true value of this probability lies most likely between 5% and 10%. The fitted 

distribution thus highly underestimates the mean probability at 0.07, whilst the mean of 

the experts’ elicited opinion was 0.17. In this case, and in all others like this one, we used 

the empirical distribution, i.e. that built by aggregating the judgements of all experts in its 

original discrete form, to populate the values for the PSA. Appendix 12 shows the 

graphical representation of the pooled probability distribution of experts’ responses and 

their respective fitted probability density functions for the remaining transition 

probabilities. 
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Figure 5.10 
Pooled probability distribution of experts’ responses and respective fitted 

probability density function about referral to Long-term medical management 

 

 

Table 5.4 shows the mean and SD as well as the distribution and its parameters, if 

applicable, used to populate preoperative transition probabilities for the deterministic and 

probabilistic economic model. 

 
Table 5.4 

Preoperative probabilities: deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.136 0.093 Beta 1.714 10.916 

Surgical assessment to Long-term medical management 0.167 0.208 Empirical   

Risk factor modification to Re-assessment 0.679 0.285 Empirical   

Re-assessment after Risk factor modification to THR 0.840 0.111 Beta 8.287 1.581 

Long-term medical management to Re-assessment 0.106 0.066 Beta 2.208 18.598 

Re-assessment after Long-term medical management to THR 0.315 0.300 Empirical   

 

5.2.9 Strengths and limitations 

In some of the questions presented to expert orthopaedic surgeons participating in this 

elicitation exercise we found a certain level of disagreement.  Given the limited number of 

surgeons interviewed and the large number of factors that may play a role in their referral 

patterns, we can only propose plausible explanations for the results obtained from the 

expert elicitation. We found no correlation between the experts’ answers and the hospitals 

where they work, therefore it is unlikely that differences are due to the varying eligibility 

criteria for THR amongst PCTs. A plausible explanation may lie in the different type of 

patients that surgeons have referred to them, and their professional criteria to indicate an 
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operation. Variation in referral criteria from GPs or treatment centres may also explain 

the differences, possibly confounded by the surgeons’ areas of specialisation or other 

factors that were not available for the analysis. It is important to emphasize, however, that 

a larger study involving more surgeons, from other parts of the country and collecting 

information on determinants or confounding factors of referral decisions would be 

necessary to further increase the certainty that these differences are not spurious.  

 

The method used for the elicitation of personal judgements also affects the responses 

obtained. In order to minimise these effects, we followed the practical guidelines 

suggested by Cooke [101] when eliciting opinions. We made every effort to phrase 

questions clearly, chose an attractive format for the questions and a graphic one for 

answers, and performed a ‘dry run’ before moving on to the actual questions, i.e. surgeons 

were asked practice questions and they were the same for all surgeons. When experts 

provided their answers, an analyst was always present to confirm interpretations and 

clarify any doubts. We offered a brief explanation of the exercise as part of the 

introduction, a point was made to avoid coaching, and the entire elicitation session did 

not exceed one hour.  

 

Since we inquired about probabilities and these are by definition bound to the range 

between zero and one, the elicitation exercise provided important absolute anchors for 

the experts’ judgements in order to minimise relativity effects, which can affect the 

elicitation of other types of judgements that are relative by nature [92]. Nonetheless, the 

ones we collected are judgements made by people, hence they will always carry some 

degree of personal bias.  

 

An alternative mathematical elicitation method commonly employed is the ‘quantile’ 

method, whereby experts identify the range of values that parameter can take and then 

intervals are generated for them to assign probabilities that the value is contained within 

those ‘bins’ [96]. This method has been found to be clearer and easier to use than other 

methods as well as consistent in betting situations, but it also reports higher relative 

dispersion of the distribution [91, 101]. A tool was recently developed to facilitate the 

elicitation of expert opinion using the quantile method and with health economic 

decision-analytic models specifically in mind. The computer-based programme in question 

would first ask each expert for their lowest, highest and most likely value, based on which 

it would then provide four probability bins for that expert to report the probability that 
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the estimated value would lie in such intervals [96]. Although the method and more 

specifically this tool might have proved useful for our exercise, we found the four 

probability bins to be too restrictive for our purposes. We considered it important to 

provide the experts with the option to respond with distributions that could handle many 

different values with different probabilities. Furthermore, we believe that by asking 

participants to draw the probability distributions themselves we effectively minimise the 

gap between the expert’s belief and the shape of the elicited distribution, which is the 

essential measure of a good elicitation method [91]. Under traditional quantile methods, 

the experts normally would not have the opportunity to see and confirm the probability 

distribution built based on their responses, but in our case, experts built their own. 

 

Considering that no study has been published providing probabilities of referrals of hip 

pain patients for a THR, we feel confident that the expert elicitation exercise conducted 

within this study provides a valid estimate of those probabilities to be used in the 

economic model.  

 

5.3 Postoperative transition probabilities 

Postoperative transition probabilities include the probabilities of Good and Poor outcomes 

during the first year after primary THR, probabilities of remaining or moving across 

outcome categories after the second year post surgery, probabilities of a revision THR, 

and probabilities of transitioning into each outcome category after the revision as well as 

moving across them. The main source of data used to obtain estimations for these 

transition probabilities was a subset of the HES-PROMs dataset acquired by the COASt 

project. Other data sources used included EPOS (also used for the development of the 

outcome prediction tool reported in Section 4.2), summary statistics from the NJR, 

mortality rates from the ONS, and a study about revision rates based on data from the 

New Zealand Registry. The latter is the only source of data based on patients from 

outside the UK employed in our economic model. 

 

5.3.1 Outcomes after Primary THR 

Since our model combines the surgical procedures (whether primary or revision) with the 

outcome category during the year immediately following the operation in order to respect 

the one-year cycles, all transitions to and from each THR state are divided into two. 

Hence, when a cohort progresses through the model, transitions from preoperative health 

states to Primary THR will immediately be split into THR+Good outcome or THR+Poor 
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outcome according to the probabilities of Good and Poor outcomes at one year after the 

operation. These are the probabilities discussed in this section. 

 

Data for the breakdown of Good and Poor outcomes after primary THR were obtained 

from the NHS’ PROMs initiative. This programme, which started in April 2009, requires 

providers of NHS-funded unilateral hip replacements, unilateral knee replacements, groin 

hernia surgery and varicose vein surgery to invite patients to participate in the collection 

of outcomes data to help assess the effectiveness and quality of care provided [25, 107]. 

The scheme involves the completion by patients of pre- and postoperative questionnaires 

collecting data on their health status via a condition-specific and a generic, preference 

based outcomes measure. In the case of hip replacements, postoperative measures are 

taken at least six months after surgery and the questionnaires patients must complete are 

the condition-specific OHS and the generic EQ-5D. Other information such as co-

morbidities and living arrangements are also collected. The completed preoperative forms 

are sent to a DH contractor, where NHS numbers are obtained so that forms can be 

linked to the Hospital Episodes Statistics (HES) database. The DH contractor then sends 

by post the follow-up questionnaire at the appropriate time to the patient’s home address, 

which, once returned, is linked to the pre-op counterpart [107]. 

 

The COASt project obtained from The Health and Social Care Information Centre the 

non-identifiable HES and PROMs records3 of all patients who had a hip replacement 

operation and who accepted to participate in the PROMs initiative. PROMs and HES 

records were provided as separate data sets, with HES records grouped by fiscal year. 

Each HES data set contained a link variable unique within each fiscal year and 

(potentially) linking each record to an entry in the PROMs data set, which included both a 

variable with the link code and a variable with the HES year corresponding to the PROMs 

entry. We excluded the preoperative PROMs records from fiscal year 2008-09 because 

they were used as a pilot for the scheme [107], and those from 2012-13 because HES 

records were not available for them as the fiscal year had not ended by the time the data 

were provided. Of a total of 171,881 PROMs records for the three fiscal years between 

2009 and 2012, only 128,084 were linkable to their HES counterpart. The remaining 

43,797 records were missing the HES year variable necessary to make the link to the HES 

data set, hence they were excluded from the sample. This is a significant number of 

                                                 
3 Copyright 2012, used with the permission of The Health and Social Care Information Centre. All rights 
are reserved. 
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records (25% of the sample) whose exclusion could potentially bias the analysis; however, 

since records could not be confidently linked in any other way and the number of PROMs 

records with a HES year was significantly large, we proceeded with the cleaning protocol 

regarding the dataset as reliable and the best available source of PROMs data in the 

country to be used for the model. 

 

Merging the PROMs with the HES data sets was successful for 123,035 of the 128,084 

records available for merging (96%). The 3,026 records that could not be matched had a 

significantly lower proportion of females (26%) than the matched group (60%), a likely 

cause for the statistically significant differences between their pre- and postoperative OHS 

and EQ-5D scores (according to results from the non-parametric Wilcoxon-Mann-

Whitney mean comparison test). Nevertheless, the number of unmatched records was so 

low relative to those successfully matched, that we considered it highly unlikely that it 

would bias results in any relevant manner.  

 

Once merged, we were able to split the sample of PROMs records into primary and 

revision hip replacements as this information was contained in the HES dataset in the 

form of OPCS codes, of which each record may have up to 24 starting with the most 

resource intensive procedure. As we were interested in primary and revision THRs only, 

we dropped records for other hip replacement procedures such as hybrid prosthetic hip 

replacement or total prosthetic replacement of the femoral head. THRs accounted for 

87% of primaries and 88% of revisions. After removing records from patients younger 

than 45 years of age and keeping only those with non-missing postoperative OHS score 

so that their outcome category could be determined, the dataset of primary and revision 

THR by age and gender group was comprised of 68,156 and 5,320 interventions, 

respectively. The breakdown of the primary interventions by patient subgroups is shown 

in Table 5.5. 

 
Table 5.5 

Number of matched HES and PROMs records of primary THR patients  
with non-missing postoperative OHS, by age and gender groups 

 Male Female 

45-60 years old 4,801 6,267 

60-70 years old 10,103 13,355 

70-80 years old 10,102 14,867 

80+ years old 2,794 5,867 

Total 27,800 40,356 
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Since all operations reported in Table 5.5 included a valid postoperative OHS, they could 

all be classified as Good or Poor outcomes based on the criteria set in Section 4.3. Patients 

reporting an OHS score below 38 one year after their primary were accordingly 

considered Poor outcomes. There is, however, a difference between the one year mark at 

which the postoperative measure was taken from EPOS patients whose answers were 

used to derive the cut-off point, and the minimum six-month term after which NHS 

patients may be contacted to provide their postoperative PROMs. Data from the EPOS 

sample indicate, nevertheless, that most of the improvement captured by the OHS at one 

year takes place within the first three months after the operation. Of a total of 1,589 

EPOS patients with a primary THR, we excluded 43 who were younger than 45 years of 

age, and identified 1,048 who completed the OHS questionnaire before the operation, at 

three months and at one year after the primary. Mean OHS values at those three times for 

these patients were 16.2 (95% confidence interval 15.8-16.7), 35.0 (CI 34.5-35.4) and 39.6 

(CI 39.1-40.1), as shown in Figure 5.11. Mean values change less than half of one point if 

they are calculated based on all patients who answered the questionnaire each time, 

regardless of whether they completed all three. These statistically significant results clearly 

indicate that improvement is not linear over time. They show, instead, that most of the 

progress measured by the OHS takes place in the first few months after surgery. We can 

therefore expect no significant difference between average postoperative OHS at six 

months compared to the same measure at one year, and hence that postoperative HES-

PROMs records taken at various points at least six months after the operation can 

appropriately be combined with the cut-off point for surgery outcome categories 

identified based upon OHS records collected at one year. 

 

Figure 5.11 
Mean preoperative and postoperative OHS at three months and one year 
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The percentage of patients in each outcome category after Primary THR, based on postop 

OHS reported in the HES-PROMs data from 2009 to 2012, allowed for an estimate of 

the probability of Poor outcome by patient group. Table 5.6 shows that, based on this 

criterion and the cut-off point used, 30% to 50% of patients would be classified as Poor 

outcomes and that it is more likely for women to perform poorly than men of similar age. 

Probabilities reported in Table 5.6 also suggest that it is roughly as likely, for both men 

and women, to perform poorly if they are between 45 and 60 years of age as if they had 

between 60 and 70. However, after 70 years of age the probability of Poor outcome 

notably increases with age. The younger, much smaller and possibly healthier cohort of 

patients used by Arden et al [79] in their work identifying cut-off points are likely reasons 

why their expected percentage of Poor outcomes (see Table 4.2) is much lower than these. 

 
Table 5.6 

Probability of Poor outcome one year after Primary THR 
 Male Female 

45-60 years old 0.298 0.359 

60-70 years old 0.262 0.329 

70-80 years old 0.310 0.410 

80+ years old 0.398 0.514 

 
As the split between Good and Poor outcome can naturally be considered binomial data, we 

fitted a Beta distribution for the probability of Poor outcome immediately after a primary 

THR based on the counts of Good and Poor outcomes within each patient subgroup, as 

reported in Table 5.7. Given the large number of observations, uncertainty around these 

parameter values was quite narrow. Probabilities of death at one year after THR, whether 

at Good or Poor outcome, were obtained from the NJR [54] and are shown in Appendix 13. 

 
Table 5.7 

Probability of Poor outcome after Primary THR:  
deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.298 Beta 1,431 3,370 

Males, 60-70 years of age 0.262 Beta 2,647 7,546 

Males, 70-80 years of age 0.310 Beta 3,128 6,974 

Males, 80+  years of age 0.398 Beta 1,112 1,682 

Females, 45-60 years of age 0.359 Beta 2,253 4,014 

Females, 60-70 years of age 0.329 Beta 4,399 8,956 

Females, 70-80 years of age 0.410 Beta 6,099 8,768 

Females, 80+  years of age 0.514 Beta 3,015 2,852 
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5.3.2 Transitions between outcomes categories after Primary THR 

Since our Markov model distinguishes between outcome categories as separate health 

states both at the first year after the operation (combined with the Primary THR) and 

during the following years as well, we required two sets of transition probabilities. First, 

we needed estimates for the probabilities of moving from each of the outcome categories 

in the first year to each outcome category in year two, which also represent outcome 

categories for the following years in either outcome category. Secondly, we required 

estimates for the probabilities of moving between health states representing outcome 

categories during the second and subsequent years after the primary. We used data 

collected preoperatively and annually during five years after a primary THR by the EPOS 

group to estimate these probabilities.  

 

As reported in the previous section, the EPOS data available to us on primary THR 

patients included OHS scores and other demographic information from a total of 1,589 

patients. Since we were interested in producing probability estimates for each gender-age 

patient subgroup, we retained the records of those with non-missing gender and reported 

age above 45 years, leading to a working total of 1,534 records. Since this number was 

further reduced because of missing OHS questionnaires, subsequently divided by patient 

subgroups and finally classified by outcome category, the number of patients transiting 

between outcome categories from one year to the next within each patient subgroup 

became too small (under 10 in many cases) to produce reliable estimates. In order to 

obtain more power, we merged the first and second age groups (45-70 years of age) as 

well as the third and fourth (70+) respecting the gender differentiation, thereby producing 

estimates for four patient subgroups instead of eight. The model was populated, 

therefore, with the same value for each set of two of the original patient subgroups 

merged into one for this parameter. 

 

Probabilities of transition from Good and Poor outcome in the first year to Good or Poor 

outcome in the second were estimated from the 1,043 patients who completed the OHS 

questionnaire both at one and two years after the operation. The classification into Good 

or Poor was applied using as cut-off points 38 for the first year and 33 for the second, as 

explained in Section 4.3. Table 5.8 reports the transition probabilities estimated from the 

sample for each patient subgroup as well as the distribution parameters according to the 

respective counts. Only one transition from each outcome category is reported as the 

other will result from calculating 1 minus the probability of death, minus the probability 
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of revision (reported in the next section), minus the probability reported in Table 5.8. 

Detailed counts of patients by outcome category in each year are presented in Appendix 

14. 

 

As Table 5.8 shows, most patients (between 92% and 99%) classified as Good outcomes at 

the first year following their primary THR will continue to be in a Good outcome state at 

year two. In the model, this is captured by the transition between the THR+Good outcome 

state to that of Good outcome after primary. Only a small proportion will go from Good to 

Poor outcome between years one and two after their primary, as surgeons consulted during 

model validation sessions had expected. In the case of those Poor outcomes during the 

first year after the THR, which according to Table 5.7 is between 30% to 40% of patients 

in all but two of the patient subgroups, about half of them would continue in Poor 

outcome in year two whereas the other half would improve and be classified as Good 

outcomes. This is also clinically feasible as improvements in mobility and pain may take 

longer than 12 months for many patients who have undergone a major procedure such as 

a THR. 

 
Table 5.8 

Transition probabilities between outcome categories after Primary THR from first 
to second postoperative years: deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Good outcome year 1 to Good outcome year 2     

Males, 45-70 years of age 0.929 Beta 131 10 

Males, 70+ years of age 0.987 Beta 156 2 

Females, 45-70 years of age 0.966 Beta 196 7 

Females, 70+  years of age 0.920 Beta 230 20 

Poor outcome year 1 to Poor outcome year 2     

Males, 45-70 years of age 0.444 Beta 24 30 

Males, 70+ years of age 0.472 Beta 17 19 

Females, 45-70 years of age 0.578 Beta 52 38 

Females, 70+  years of age 0.505 Beta 56 55 

 

The pattern of transitions describing the proportion of patients that stay as Good (Poor) 

outcome for the years after the second postoperative year, and those that 

worsen(improve) and move onto Poor(Good), was obtained from the OHS data by EPOS 

patients in years two through five after their primary. As Table 5.9 shows, the proportion 

of patients remaining in Poor outcome from year two after their operation onwards 

increased with respect to the same proportion between years one and two for all patient 
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subgroups. With the exception of male patients older than 70 between years four and five 

after the primary THR, for all subgroups and in all yearly transitions between outcome 

categories, the majority of Poor outcome patients stayed as such in the following year. The 

proportion of Good outcomes staying as Good outcomes in the three reported yearly 

transitions remained high for all patient subgroups at levels between 89% and 97%, as 

shown in Appendix 15.  

 

Since we used a single model state to represent all postoperative years after the second for 

each outcome category, we estimated an average transition probability that could be 

applied at each iteration of the Markov model. We considered three different scenarios to 

extrapolate proportions of Good and Poor outcomes up to 10 years after the primary THR 

and compared results to a third clinically plausible alternative. The scenarios included, 

first, calculating the mean transition probability for remaining in each outcome category 

between years two and five and applying it to the transitions between years five and ten; 

second, assigning the transition probabilities between years four and five to the following 

yearly transitions, calculating an extrapolated mean between years two and ten; and finally, 

applying it to all transitions after year two. We compared these two scenarios to a third 

plausible alternative whereby transitions up to year five would be as reported by EPOS 

whilst the last transition, between years four and five, would be maintained over time up 

to year 10. Figure 5.12 shows the proportion of Good and Poor outcomes estimated for 

years two through 10 after the operation according to the above three scenarios for 

females between 70 and 80 years of age, as they are the largest THR subgroup based on 

the number of records obtained from the HES-PROMs data set. The proportion of Good 

and Poor outcomes at year two were obtained by applying the mean probability reported in 

Table 5.7 to obtain the split at year one, and then the respective transition probabilities 

from Table 5.8 as the cohort moved between outcome categories from year one to two. 

As Figure 5.12 shows, applying a mean probability for all years after the second or using 

an extrapolated mean produced results not only equivalent to one another but also 

undistinguishable from a progression calculated based on observed yearly transitions up to 

year five and then maintaining the last transition probabilities over time. This exercise was 

replicated for all patient subgroups and all three scenarios were almost identical in all 

cases. Figures showing results for the remaining patient subgroups are shown in Appendix 

16. 
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Table 5.9 

Observed proportion of EPOS patients remaining in Poor outcome category  
between years two and five after Primary THR 

 Years 2-3 Years 3-4 Years 4-5 

 n* %** n* %** n* %** 

Males, 45-70 years of age 32 65.6 24 70.8 25 68.0 

Males, 70+ years of age 17 58.8 16 50.0 18 38.9 

Females, 45-70 years of age 54 77.8 53 77.4 49 63.3 

Females, 70+  years of age 77 66.2 76 68.4 72 65.3 

* number of THR patients classified as Good outcomes in year pre transition 
** percentage of n patients who remained as Good outcome in the following year 

 

Figure 5.12 shows that, from the second year onwards after the primary THR, all patient 

subgroups report about three times as many patients in Good outcome compared to Poor, 

and that the proportion of Good(Poor) increases(decreases) slightly for the first few years 

and then plateaus. This is the case even for females over 80 years of age, the majority of 

whom perform poorly after the operation (see Table 5.7), yet transition probabilities 

indicate that about half of those Poor outcomes at year one reach a level of OHS 

associated to a Good outcome by year two after the primary. Both scenarios of 

extrapolation considered essentially maintain proportions at year five through year 10.  

 
Figure 5.12 

Proportion estimates of Good and Poor outcomes from three scenarios 
extrapolating transition probabilities, Females between 70 and 80 years of age 

 

 

Given the equivalence of the two extrapolating scenarios, we chose to use the one 

employing the mean of the three yearly transition probabilities because it is simpler and 

more straight-forward. Table 5.10 shows those mean probabilities and the parameters of 
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the Beta distributions calculated based on average counts. We confirmed that the Beta 

distributions thus parameterised produced means that were not further than 0.006 from 

the observed mean. Uncertainty around the transition leading to remaining in Poor 

outcome for male patients older than 70 years of age produced the widest uncertainty 

given the low number of cases reported. Finally, yearly mortality rates from both model 

states were assumed to be the same all-cause gender and age-specific death rates used 

preoperatively [106]. 

 

5.3.3 Revision THR  

A patient in Good or Poor outcome after a primary THR may need a revision of the 

implanted prosthesis. The Markov model presented here allows for this by introducing 

transitions that allow patients to remain in the same outcome category after the primary 

or to move to the other until they die, together with transitions to a Revision THR from 

either the Good or Poor outcome states after the primary to capture those cases in which 

patients do have their implants revised. In this section we report on the revision rates 

employed in the economic model to account for the transitions to a Revision THR from 

either outcome category during the first year after the primary, or from the outcome states 

from year two onwards.  

 

Table 5.10 
Transition probabilities between outcome categories from second year after a 

primary THR onwards: deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Good outcome to Good outcome      

Males, 45-70 years of age 0.958 Beta 157.3 7.0 

Males, 70+ years of age 0.919 Beta 144.0 12.7 

Females, 45-70 years of age 0.945 Beta 223.7 13.0 

Females, 70+  years of age 0.899 Beta 239.7 27.0 

Poor outcome to Poor outcome      

Males, 45-70 years of age 0.682 Beta 18.3 8.7 

Males, 70+ years of age 0.492 Beta 8.3 8.7 

Females, 45-70 years of age 0.728 Beta 38.0 14.0 

Females, 70+  years of age 0.666 Beta 50.0 25.0 

 

THR revision rates have traditionally been calculated for the entire sample of primaries, or 

in some cases they are stratified by fixation and bearing surfaces, revision reason or even 

by major implant brands, as in the latest annual report of the NJR does [54]. However, 
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revision rates by categories of outcome based on postoperative OHS have only been 

reported to date by Rothwell et al [108] based on a sample of over 15,000 THRs from the 

New Zealand Joint Registry. The authors showed that lower postoperative OHS scores 

were strongly associated with higher revision rates at two years after the primary. Revision 

rates were calculated for the four groups proposed by Kalairajah [61] using 27, 33 and 41 

as cut-off points on postoperative OHS at six months after primary. Table 5.11 

reproduces the number of patients who had their primaries revised within two years, the 

total number of patients by group and the corresponding two-year revision rate, as 

reported by Rothwell et al [108]. 

 

We used the figures in Table 5.11 to produce estimated revision rates for our two 

categories of outcome after THR. Since we are using a postoperative OHS of 38 to 

classify patients into Poor and Good outcome one year after the primary, Kalairajah’s cut-

off points of 34 or 41 could be used to re-categorise the four groups into two. Based on 

the overall proportion of patients classified as Poor and Good outcomes in the HES-

PROMs dataset (45% and 55%, respectively), we chose to consider the three Kalairajah’s 

groups scoring up to 41 as Poor (42%) and those above 41 as Good (58%). Poor outcomes 

(OHS≤41) were hence associated to a two-year revision rate of 2.35% and Good outcomes 

(OHS>41) with 0.48%. The relative risk of revision thus indicates that patients with an 

OHS lower than or equal to 41 six months after their primary operation are 4.93 times 

more likely to have a revision in two years than patients scoring above 41.   

 

Table 5.11 
 Two-year revision rate by Kalairajah OHS classification  

Group (OHS) Patients  Revised Revision rate 

 < 27 944  72 7.6% 

27 – 33 1,452  32 2.2% 

34 - 41 4,170  50 1.2% 

> 41 9,257  44 0.5% 

For the group with OHS < 27, the authors indicated a revision rate of 
7.6% resulting from 72 patients having had a revision out of a total of 
874 THRs, which would instead produce a revision rate of 8.2%. We 
decided to keep the reported revision rate and number of revisions, and 
to adjust the total number of patients accordingly to produce the 
reported revision rate of 7.6% at two years. 

 

In order to produce separate revision rates for Good and Poor outcomes during the first 

year after the primary, we used the figures in Table 5.11 to produce instantaneous revision 
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rates (assuming the rate was constant over the two years) and then probabilities of 

revision at one year for the two outcome categories. The one-year probability of revision 

for the group scoring less than or equal to 41 was 1.18% and that of the patients scoring 

above 41 was 0.24%. The relative risk of revision at one year was therefore 4.96, all based 

on data from the sample of New Zealand THR patients used by Rothwell et al [108]. 

 

As a similar relative risk of revision by Poor to Good outcomes is not available for THR 

patients in the UK, we used this relative risk to produce revision rates stratified by 

outcome categories based on overall revision rates reported by the NJR and the 

proportion of Good and Poor outcomes found in the HES-PROMs dataset. Since NJR 

does not publicly report revision rates by gender or age groups, we produced overall 

revision rates and assumed them to be the same for all patient subgroups. In order to 

obtain the probabilities of revision at one year for each outcome category, proportions of 

patients revised and not revised in each category had to be estimated whilst at the same 

time complying with three simultaneous conditions. These conditions are explained below 

based on the nomenclature shown in Table 5.12, whilst resulting estimates of one-year 

revision rates by outcome category are shown in Table 5.13. As the latter shows, a one-

year revision rate for Poor outcomes of 1.29% and Good outcomes at 0.26% produce the 

same relative risk of revision found by Rothwell et al [108] whilst maintaining the same 

proportion of Poor to Good outcomes found in HES-PROMs and the overall revision rate 

reported by the NJR [54].  

 

As the economic model requires not only revision rates during the first year after primary 

but also during subsequent years once patients have moved into the Poor or Good outcome 

states, we followed the same procedure explained above to produce revision rates by 

outcome category after the first year. For this, we first re-categorised the revisions figures 

reported by Rothwell et al [108] at two years into Good and Poor outcomes using 34 as the 

cut-off point, almost exactly the same as the score of 33 which, according to Arden et al 

[79], maximises sensitivity and specificity at predicting satisfaction two years after surgery 

(see Section 4.3). With this reorganisation of groups, the two-year probabilities of revision 

for Poor (<34) and Good (≥34) outcomes on the New Zealand sample were 4.34% and 

0.70%, respectively, with a relative risk of revision of 6.2. We assumed that this relative 

risk would hold not only for the second year after the primary but for the following years 

as well.  
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Table 5.12 
Producing revision rates by outcome categories in the UK  

based on data from New Zealand 

Group Revised Not  revised Total Revision rate 

Poor outcome a b c j 

Good outcome d e f k 

Total g h i l 

Condition 1: a +b=c=0.4545 and d+e=f=0.5455 as those are the overall 
proportions of Poor and Good outcomes, respectively, found in HES-PROMs. 

Condition 2: where j=a/c and k=d/f, it must hold that j/k=4.96 as that is the 
relative risk of revision of Poor (OHS≤41) compared to Good outcomes 
(OHS>41) derived from findings by Rothwell et al [108]. 

Condition 3: where g=a+d and i=c+f, it must hold that g/i=l=0.0073 as that is 
the one year overall revision rate reported by the NJR[54].  

 

Table 5.13 
Estimated one-year revision rates by outcome category for the UK 

Group Revised Not revised Total patients Revision rate 

Poor outcome 0.59% 44.86% 45.45% 1.30% 

Good outcome 0.14% 54.41% 54.55% 0.26% 

Total 0.73% 99.27% 100% 0.73% 

 

We calculated the arithmetic mean of the seven annual overall revision rates reported by 

the NJR between years two (1.19%) and eight (3.94%) after the primary, obtaining an 

annual average revision rate of 2.59%. Finally, based on the follow-up data collected 

under the EPOS study, we know that the proportion of Good and Poor outcomes varies 

only slightly between the first and the following years, hence we decided to use the same 

breakdown of the outcomes categories as used above for the derivation of revision rates 

during the first year after the primary. Based on the above conditions and solving for the 

equations as described in Table 5.12, estimated revision rates by outcome category for 

year two and onwards after the primary are shown in Table 5.14.  

 

Table 5.14 
Estimated revision rates by outcome category for the UK  

at two or more years after the primary 

Group Revised Not revised Total patients Revision rate 

Poor outcome 2.17% 43.28% 45.45% 4.77% 

Good outcome 0.42% 54.13% 54.55% 0.77% 

Total 2.59% 97.41% 100% 2.59% 
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As Table 5.14 shows, revision rates increase for both outcome group categories and 

especially for the Poor outcomes, as expected. The overall mean revision rate of 2.59% is 

upheld as are the proportions of either outcome category and the relative risk of revision 

between the groups. THR patients in the UK classified as Poor outcomes two or more 

years after their primary are therefore, according to these estimates, expected to get 

revisions at an annual rate of 4.8%, whereas Good outcomes would only require them in 

0.8% of cases every year.  

 

As the data used to derive the revision rates are that of the sample of the New Zealand 

Joint Registry, we used its number of observations reported in Table 5.11 to produce the 

parameters for the Beta distributions of the revision rates reported above. For this, we 

applied the proportions reported in Table 5.13 for the one-year revision rates and Table 

5.14 for the rate afterwards to the 15,823 patients followed-up in the study by Rothwell et 

al [108]. Table 5.15 shows the distribution parameters of each revision rate for the PSA, 

which will be applied to all patient subgroups as the data was not reported by gender and 

age groups. 

 
Table 5.15 

Transition probabilities between outcome categories and Revision THR:  
deterministic and probabilistic parameters 

Transition probability Mean Distribution α β 

Good outcome first year to Revision THR 0.0026 Beta 22.2 8609.3 

Poor outcome first year to Revision THR 0.0130 Beta 93.4 7098.2 

Good outcome year two and onwards to Revision THR 0.0077 Beta 66.5 8565.0 

Poor outcome year two and onwards to Revision THR 0.0477 Beta 343.4 6848.2 

 

5.3.4 Outcomes after Revision THR 

The previous section described the probabilities of patients in Good and Poor outcome 

states undergoing a revision THR. This transition must be combined with the probability 

of Good or Poor outcome during the first year after revision because the model 

consolidated these with Revision THR into two health states: revision THR immediately 

followed by Good outcome during the first year, and revision THR followed by Poor 

outcome. In this section, we describe the probabilities of Good and Poor outcome 

following a revision of the THR. 
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As it was done for primary THRs, we used the HES-PROMs data to derive the 

probabilities of Good and Poor outcomes after a revision THR. Table 5.16 shows the 

number of revisions funded by the NHS between fiscal years 2009-2010 and 2011-2012 

for whom a postoperative OHS was available through the PROMs Initiative. As the table 

shows, most THR revisions were performed on women between the ages of 70 and 80, 

which is consistent with the frequency of primaries reported in Table 5.5 in section 5.3.1. 

 

Table 5.16 
Number of matched HES and PROMs records of revision THR patients  

with non-missing postoperative OHS, by age and gender groups 

 Male Female 

45-60 years old 352 500 

60-70 years old 702 819 

70-80 years old 979 1,093 

80+ years old 331 544 

Total 2,364 2,956 

 

As the study identifying cut-off points for outcome categories used data from primary 

THRs only [79] and it has not been replicated on revision operations, we used the 

threshold identified for the second year (OHS=33) to classify our HES-PROMs patient 

records into Good or Poor outcomes. We chose the lower two-year cut-off point as 

opposed to that for the first year after the operation because patients undergoing a 

revision THR would have had problems with their primary prosthesis and are less likely to 

perform well than the broader spectrum of patients undergoing a THR for the first time. 

This is confirmed by Figure 5.13 which shows that, whilst the mean postoperative OHS 

for primary THR patients in the HES-PROMs dataset varies between 35 and 40, 

following a revision THR these scores drop to values between 31 and 34, around 15% 

lower for all groups.  

 

Based on of the 33 cut-off point, we used the observed proportion of Poor outcomes in 

each patient subgroup as an estimate of the mean probability of Poor outcome after 

Revision THR. These transition probabilities are shown in Table 5.17 together with the 

parameters for the Beta distributions assigned to each and taken from the counts for Good 

and Poor outcomes. Since mortality rates at one year after THR reported by the NJR were 

not specific to primary or revision, rates shown in Appendix 13 were also used as death 

rates after revision THR. 
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Figure 5.13 
Mean OHS after Primary and Revision THR in HES-PROMs,  

by gender and age groups 

 

 

Table 5.17 
Probability of Poor outcome after Revision THR:  

deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Revision THR     

Males, 45-60 years of age 0.455 Beta 160 192 

Males, 60-70 years of age 0.447 Beta 314 388 

Males, 70-80 years of age 0.391 Beta 383 596 

Males, 80+  years of age 0.474 Beta 157 174 

Females, 45-60 years of age 0.510 Beta 255 245 

Females, 60-70 years of age 0.476 Beta 390 429 

Females, 70-80 years of age 0.450 Beta 492 601 

Females, 80+  years of age 0.500 Beta 272 272 

 

5.3.5 Transitions between outcomes categories after Revision THR 

As in the case of primary THRs described in Section 5.3.2, our economic model required 

two sets of transition probabilities as the cohort moves through the Markov model 

following a revision procedure. First, after their first year in Good or Poor outcome 

immediately following the revision, patients who do not die would transit into Good or 

Poor outcome at year two, which are modelled as separate health states; and second, 

patients in either outcome category at year two or onwards may remain in the health state 

they are in or move to the other one at each iteration. In this section, we present these 



 

119 

 

two sets of transition probabilities and their distributions as they populated our economic 

model. 

 

The transition probabilities from outcome categories in the first year to those in the 

second following a primary THR were estimated based on the 1,043 primary THR 

patients followed-up in EPOS. Of all patients in the study, a revision surgery was reported 

only for 25 of them, an insufficient sample size to produce estimates for the transition 

probabilities we required. Given that no other dataset was available with yearly follow-ups 

of revision THR patients, we used the same data from EPOS primary THR records to 

produce estimates for the transition probabilities between outcome categories after a 

revision. Although primaries and revisions are different in terms of the health condition 

of patients that undergo the procedure and in the results obtained (see Figure 5.13), we 

believe that the rates of transition between outcome categories, once the proportions of 

Good and Poor outcomes have been determined, are likely to be very similar. 

 

We used 38 and 33 as OHS cut-off points to classify patients into Good or Poor outcomes 

for the transition probabilities between years one and two, respectively, after a primary 

THR. Since we decided to use 33 as the cut-off point for outcome classification at one 

year after revision THR, as argued in the previous section, we recalculated the 

probabilities estimated for primary THRs using this threshold for outcome classification 

for all years in the case of revision THRs. Table 5.18 shows the estimated probabilities of 

the transition between Good or Poor outcomes during the first year following the revision 

to the same outcome category the second year after the procedure. The probability of 

changing outcome categories is therefore the difference between one and the probabilities 

indicated in the table.  

 

Table 5.18 shows that, as with primaries, it is most likely that patients will find themselves 

during the second year in the same outcome category they were in one year after the 

procedure, and this is especially the case with Good outcomes. Almost all of the latter 

remained as Good outcomes in year two, whereas slightly more than half of the Poor 

outcome also stayed in that category, the rest improving and crossing the threshold to 

become Good outcomes by the second year likely due to long rehabilitation periods. As 

expected, the probabilities of remaining in Good outcome are lower in Table 5.18 than in 

the case of primary THRs because the lower OHS threshold produced a larger group of 

Good outcomes in year one whilst the number of Good outcomes in year two remained the 
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same. In other words, the lower rate is to be expected since the numerator remained fixed 

and the denominator increased. This also explains the increase in the probabilities of 

remaining in Poor outcome. 

 
Table 5.18 

Transition probabilities between outcome categories after Revision THR from first 
to second postoperative years: deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Good outcome year 1 to Good outcome year 2     

Males, 45-70 years of age 0.902 Beta 148 16 

Males, 70+ years of age 0.954 Beta 167 8 

Females, 45-70 years of age 0.913 Beta 219 21 

Females, 70+  years of age 0.878 Beta 259 36 

Poor  outcome year 1 to Poor  outcome year 2     

Males, 45-70 years of age 0.581 Beta 18 13 

Males, 70+ years of age 0.579 Beta 11 8 

Females, 45-70 years of age 0.717 Beta 38 15 

Females, 70+  years of age 0.606 Beta 40 26 

 

Transitions between outcome categories for year two onwards after primary THR were 

based on a threshold of 33. Hence, since we also applied this cut-off point for the case of 

revision THRs, the transition probabilities calculated for primaries were also used for 

revisions. Table 5.19 shows the mean transition probabilities and distribution parameters 

entered in the model for the transition of patients between outcome categories after a 

revision procedure. As indicated in the case of primaries and is also shown here in Table 

5.18 and Table 5.19, the largest uncertainty around the mean value of transitions is found 

in the case of males older than 70 years of age starting in the Poor outcome state. The low 

number of such patients reported by EPOS means that PSA will assign values varying 

widely from the reported mean. Finally, all-cause gender and age-specific mortality rates 

from the ONS [106] were applied to both model states on outcome categories after 

revision. 

 

The ones reported here and those in Section 5.2 complete the set of transition 

probabilities used by the economic model representing current practice. The following 

two sections describe the QALYs and costs, respectively, accrued by patients as they 

transit through each health state in the model. 
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Table 5.19 
Transition probabilities between outcome categories after from second year after a 

revision THR onwards: deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Good outcome to Good outcome      

Males, 45-70 years of age 0.958 Beta 157.3 7.0 

Males, 70+ years of age 0.919 Beta 144.0 12.7 

Females, 45-70 years of age 0.945 Beta 223.7 13.0 

Females, 70+  years of age 0.899 Beta 239.7 27.0 

Poor outcome to Poor outcome      

Males, 45-70 years of age 0.682 Beta 18.3 8.7 

Males, 70+ years of age 0.492 Beta 8.3 8.7 

Females, 45-70 years of age 0.728 Beta 38.0 14.0 

Females, 70+  years of age 0.666 Beta 50.0 25.0 

 

5.4 Quality-adjusted life years 

As the cohort of patients passes through the different health states in the Markov model 

according to the transition probabilities described in the previous two sections, different 

levels of HRQL (measured as QALYs in our model) are assigned to each patient. In this 

section, we describe the mean values and distribution parameters of the QALYs 

associated to each health state, organised by sub-sections of the model: preoperative, at 

and after the primary, and at and after a revision THR. 

 

5.4.1 Preoperative QALYs 

The HES-PROMs data we used to estimate the probabilities of Good and Poor outcome 

after a primary THR was the most appropriate to estimate the HRQL of patients before 

they undergo the operation. Since the PROMs initiative collected a preoperative EQ-5D 

questionnaire, we were able to derive estimated health utilities for each patient subgroup 

by applying the utility weights obtained from the valuations of a sample of the UK’s 

general population using the time trade-off method [62]. 

 

The economic model specified four different health states that patients may find 

themselves in after a consultation with the orthopaedic surgeon and prior to surgery. The 

fact that the model starts with this surgical assessment, which patients are referred to after 

having been evaluated and unsuccessfully treated by other health care professionals (see 

the hip patient care pathway in Figure 4.1 under Section 4.5) means that all patients seen 

by the surgeon are likely in a similar general health state. Furthermore, the mapping 
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exercise reported in Chapter 3 showed that the large overlap between the OHS and EQ-

5D questionnaires means that the former is a significant predictor of the latter; or, in 

other words, that patients with severe and unresolved hip problems will see their 

preference-based health utility largely and similarly affected by their pain and its 

immediate consequences. We therefore used the preoperative EQ-5D questionnaires in 

the HES-PROMs data to populate all preoperative states of the model with a common 

health utility estimate. 

 

Answers to the descriptive EQ-5D questionnaire produce any of 243 health states, which 

after applying the UK tariff of utility weights generate an equally finite number of 

summary scores ranging from -0.594 to one. As Figure 5.14 shows, the distribution of 

preoperative summary scores was far from uniform, with higher frequency of scores 

around zero and 0.7, and various ranges of unobserved values, not unexpected given the 

discrete nature of the EQ-5D index. Distributions by specific patient subgroups were very 

similar to one another. 

 

Natural boundaries of health utilities between minus infinity (or -0.594 in the case of the 

EQ-5D-3L for the UK) and 1 suggest calculating disutilities to invert the range and then 

fit a log normal or gamma distribution to the data. Since mean values of preoperative EQ-

5D summary scores for all patient subgroups were far from zero (between 0.3 and 0.4), all 

with very large sample sizes and hence minimal uncertainty about the true mean value 

being positive, applying the common pragmatic approach of fitting a Beta distribution 

directly to utility estimates [82] seemed acceptable. Fitted Beta distributions based on 

mean values and SDs of the summary EQ-5D scores for each patient subgroup were, 

nonetheless, U-shaped with high probabilities for values close to zero and 1, an inaccurate 

fit to the observed health utility data. The orthodox approach of fitting a Gamma 

distribution to previously calculated disutilities (i.e. what separates someone from perfect 

health) was followed, using the mean and SDs of the latter to produce distribution 

parameters. Disutilities were calculated by a simple transformation of 1 minus estimated 

utility, hence bound between zero and positive infinity allowing the application of a 

Gamma distribution. Table 5.20 shows the mean health disutility estimates associated to 

all preoperative health states and the respective Gamma distribution parameters for PSA. 

Although the Gamma distribution does not exactly match that of the observed data (e.g. it 

is not bimodal) and estimated distributions could theoretically reach values corresponding 

to health utilities lower than -0.594, all distributions in Table 5.20 proved to be unbiased 
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estimators as they generated mean values between 0.04 and 0.06 estimated health utilities 

away from those observed. For the PSA, random disutility values were converted back 

into health utility estimates and then multiplied by 1 to obtain QALYs, because the model 

was designed to run on yearly cycles and patients were expected to maintain their reported 

health utility throughout the year.  

 
Figure 5.14 

Distribution of preoperative EQ-5D summary scores  
from HES-PROMs data, all patient subgroups 

 

 
Table 5.20 

Disutility associated to preoperative states:  
deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

All preoperative  states     

Males, 45-60 years of age 0.615 Gamma 3.82 0.161 

Males, 60-70 years of age 0.592 Gamma 3.68 0.161 

Males, 70-80 years of age 0.597 Gamma 3.74 0.160 

Males, 80+  years of age 0.656 Gamma 4.33 0.151 

Females, 45-60 years of age 0.694 Gamma 4.61 0.151 

Females, 60-70 years of age 0.653 Gamma 4.16 0.157 

Females, 70-80 years of age 0.666 Gamma 4.32 0.154 

Females, 80+  years of age 0.724 Gamma 5.05 0.143 

 

5.4.2 QALYs after primary THR 

Patients undergoing a primary THR accrued health utilities depending on their outcome 

category. First, for health utilities associated to model states including the operation, we 

considered the EQ-5D postoperative summary scores by patient subgroups reported in 
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the HES-PROMs dataset. We produced QALYs from the latter by incorporating the 

progression of scores observed in EPOS because the latter reported a measure at three 

months that helps better understand patients’ rate of improvement during the first year 

after the primary. For the model states representing years two and onwards, we used the 

expected health utility levels obtained from applying OHS progression rates observed in 

EPOS to postoperative scores reported in HES-PROMs. 

 

Regarding the use of health utility estimates collected in EPOS, it is worth noting that the 

study used the SF-36 as a generic measure of health outcome whereas our economic 

model was consistently populated with health utility estimates derived from responses to 

the EQ-5D questionnaire. Although data collected from the SF-36 can produce a single 

preference-based index comparable to the EQ-5D summary score via the SF-6D [109], 

the two indices have been shown to produce diverging  results. Utility estimates generated 

by the EQ-5D and SF-6D have produced different mean values, varying results across 

patient subgroups and severity levels, different ranges and variances including the known 

SF-6D floor effects and EQ-5D ceiling effects in various disease groups, among them 

osteoarthritis patients [110]. The two measures have been shown to produce final health 

utility estimates that are not interchangeable [111]. We therefore used the mapping 

algorithms developed in Chapter 3 to estimate summary EQ-5D scores from the 

responses to the OHS questionnaires available from EPOS to help understand the 

progression by Good and Poor outcome patients in the first year after surgery. We also 

benefited from the mapping of scores to produce utility estimates for each outcome 

category at two years and onwards after the operation. 

 

To assign a health utility to the model states combining the primary THR and either 

outcome category, the main input was the summary scores of postoperative EQ-5D 

collected by the PROMs initiative. Figure 5.15 shows how, after the operation, the 

distribution of EQ-5D scores shifts markedly to the right so that most indices surpass 0.5 

and over one third of patients report perfect health. Basic descriptive statistics for utility 

estimates by patient subgroup and outcome category are shown in Table 5.21. Whilst 

gender and age do not seem to have a significant effect on the variance of health utility 

levels attained by THR patients, outcome category does. Patients labelled as Poor 

outcomes only achieved health utility levels circa 0.5, whereas patient subgroups 

categorised as Good outcomes reached mean values as high as 0.9.  
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Figure 5.15 
Distribution of postoperative EQ-5D summary scores  

from HES-PROMs data, all patients 

 

 

A patient transiting through the health states combining the THR and the first 

postoperative year, however, would not accrue the full yearly cycle at the above utility 

levels. They would have arrived at either of these health states at the much lower levels 

indicated in Table 5.20; and, as reported in Section 5.3.1, we know that improvement, 

measured by the OHS, is not linear over the first year after the procedure. In fact, after 

applying the OLS Continuous mapping approach presented in Chapter 3 (as it was the 

one with the lowest prediction error of the observed EQ-5D mean score) to EPOS 

records reporting non-missing OHS scores before the operation, at three months and one 

year after the procedure, we confirmed not only that most of the health utility 

improvement occurs during the first three months after surgery, but also that this 

progression is quite different between Good and Poor outcomes. As Figure 5.16 shows, the 

mean mapped EQ-5D score of the 310 EPOS patients categorised as Poor outcomes 

almost tripled from the time before surgery (0.215) to three months after (0.599), but then 

halted and actually registered a slight decrease at one year (0.567). For the 738 Good 

outcomes, however, the significant improvement in the first three months after surgery 

(from 0.236 to 0.753) reduced its pace but continued until it reached 0.913 at one year 

after the operation. In other words, according to the data reported by EPOS, Poor 

outcomes reach, at three months, approximately the same level of health utility they will 

report one year after surgery, whilst Good outcomes increase their utility in the first three 

months as much as three quarters (73%) of the total gain they will see in the full first year 

after the operation, improving still some more during the following nine months. 
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Table 5.21 
HES-PROMs data: Postoperative EQ-5D summary scores  

by patient subgroup and outcome category 

 Poor outcome Good outcome 

Patient subgroup Mean SD Mean SD 

Males, 45-60 years of age 0.490 0.282 0.902 0.153 

Males, 60-70 years of age 0.551 0.251 0.903 0.153 

Males, 70-80 years of age 0.586 0.231 0.895 0.148 

Males, 80+  years of age 0.585 0.222 0.873 0.159 

Females, 45-60 years of age 0.505 0.283 0.885 0.170 

Females, 60-70 years of age 0.562 0.250 0.889 0.159 

Females, 70-80 years of age 0.589 0.228 0.881 0.155 

Females, 80+  years of age 0.586 0.238 0.863 0.161 

 

We applied these progression patterns to the data on preoperative and postoperative EQ-

5D summary scores reported in the HES-PROMs dataset, to estimate QALYs associated 

to the first year after primary THR for each patient subgroup by outcome category. We 

did not include a disutility effect from the pain and discomfort produced by the operation 

because, as shown in Figure 5.16, even Poor outcomes improve significantly in the first 12 

weeks after surgery, suggesting it is highly unlikely that such disutility would be of 

significant size to affect final results. Moreover, such effect would have to vary with the 

application of the prediction tool or between Good and Poor outcome patients for it to be 

relevant for this analysis, and we have no reason to believe either to be the case.  

 
Figure 5.16 

Mean EQ-5D summary scores mapped from OHS  
reported by EPOS patients 
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The general pattern of improvement is illustrated in Figure 5.17 for Good and Poor 

outcomes following results from EPOS. Although shown in the figures as improvement, 

the change in the summary EQ-5D score may in some cases be negative, as it was in fact 

for a number of patients in the HES-PROMs. If such drop was substantial and moved the 

patient from a positive to a negative health utility estimate, then the QALYs associated to 

the first year after the operation would have been negative if the area below zero was 

greater than the area in the positive range. A negative health utility during the first year 

was also negative for cases in which the EQ-5D summary score was negative before the 

operation and it remained under zero afterwards, or if it improved, it would still be 

negative in cases for which the change was not sufficient to achieve high enough levels in 

the positive range to compensate for the negative health utility. We considered all such 

cases accurate reflections of the negative health utility experienced by a number of 

patients and reported via the EQ-5D questionnaire under the PROMs initiative.  

 

Figure 5.17 
Components of health utility associated to first year after THR,  

by outcome category 

(A) Poor outcome (B) Good outcome 

  

Where H0 is the preoperative summary EQ-5D score, H3 the score at 3 months, and H12 the score one year 
after the operation. For Poor outcomes, it is assumed that H3 = H12, whereas for Good outcomes, H3 = 
H0+0.73(H12–H0). 

 

After applying the progression patterns described above to HES-PROMs patient records, 

we obtained distributions of QALYs associated to the first year after THR that varied 

noticeably between Good and Poor outcomes. As shown in Figure 5.18, although an 

estimated 0.5 QALY or more for the first year was the norm for both outcome categories, 

accruing less than 0.5 of a QALY or even a negative measure was not uncommon for Poor 

outcome patients, whereas Good outcomes only experienced such low values in 

exceptional cases. We fitted Beta distributions to the respective means and SDs by patient 

subgroups but the resulting functions assigned similar probabilities to a large portion of 

the full range between 0 and 1. Since this is not consistent with the expected variation of 
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the mean value based on the observed EPOS data, we calculated disutilities and estimated 

the parameters for the corresponding Gamma distributions. Table 5.22 shows the 

parameters for the Gamma distributions describing uncertainty around the mean value of 

the QALYs associated to the first year after a Primary THR for both Good and Poor 

outcome patients.  

 
Figure 5.18 

Distribution of estimated QALYs during first year  
after primary THR, by outcome category 

(A) Poor outcomes (B) Good outcomes 

  

 

Table 5.22 
Disutility associated to Primary THR and first postoperative year states:  

deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Primary THR + first year in Poor outcome      

Males, 45-60 years of age 0.540 Gamma 4.20 0.129 

Males, 60-70 years of age 0.485 Gamma 4.29 0.113 

Males, 70-80 years of age 0.450 Gamma 4.37 0.103 

Males, 80+  years of age 0.457 Gamma 4.87 0.094 

Females, 45-60 years of age 0.536 Gamma 4.24 0.126 

Females, 60-70 years of age 0.478 Gamma 4.22 0.113 

Females, 70-80 years of age 0.454 Gamma 4.60 0.099 

Females, 80+  years of age 0.462 Gamma 4.40 0.105 

Primary THR + first year in Good outcome      

Males, 45-60 years of age 0.217 Gamma 2.14 0.101 

Males, 60-70 years of age 0.212 Gamma 2.09 0.101 

Males, 70-80 years of age 0.220 Gamma 2.39 0.092 

Males, 80+  years of age 0.247 Gamma 2.72 0.091 

Females, 45-60 years of age 0.248 Gamma 2.39 0.104 

Females, 60-70 years of age 0.239 Gamma 2.45 0.098 

Females, 70-80 years of age 0.245 Gamma 2.68 0.091 

Females, 80+  years of age 0.270 Gamma 2.98 0.091 
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For the health states representing the second and subsequent years after the primary in 

either outcome category, we also benefited from the follow-up performed under EPOS 

and the representativeness in the HES-PROMs data when estimating the required QALY 

values. If data were available and a model was not necessary, the distribution of EQ-5D 

scores amongst patients in each of the second and subsequent years after surgery for Good 

and Poor outcome patients would produce the ideal parameter values. Since an economic 

model is being used to inform the decision making process, even if the above data were 

available, the structure of the model requires estimating a unique QALY value that applies 

to all years starting with the second after the primary. We estimated these values based on 

the data in EPOS and HES-PROMs by combining the relationships found in the former 

with the representativeness of the latter. 

 

First, we explored the evolution over time of estimated EQ-5D summary scores mapped 

from OHS responses by EPOS patients grouped in outcome categories. Patient 

subgroups were merged as explained in Section 5.3.2. EQ-5D scores were estimated by 

applying the Continuous OLS mapping method described in Chapter 3, and outcome 

category groups were determined by the thresholds described in Section 4.3 (i.e. OHS at 

38 at year one after the primary and at 33 after that). As Figure 5.19 shows, the mapped 

EQ-5D scores of those patients classified as Good outcomes remained very high and 

largely unchanged in years one through five after the primary. This, however, was not the 

case with Poor outcomes. The scores of many Poor outcome patients in the first year after 

the operation improved in such a way that, by year two, about half of them became part 

of the Good outcomes category (see transition probabilities reported in Table 5.8, Section 

5.3.2). This caused the mean scores of Poor outcomes in year two to decrease in 

magnitudes of about 15% for all patient subgroups.  

 

For the deterministic analysis, we needed a mean QALY estimate that represented most 

accurately the HRQL experienced by patients each year starting with the second after 

primary THR.  For Good outcomes, any one between years two and five was equally 

appropriate because annual scores during that period were very similar. Scores from Poor 

outcome patients, as mentioned above, varied slightly. We chose year two as the reference 

year because the HRQL level then was representative of the levels afterwards for both 

Good and Poor outcome patients. Although Poor outcome males and females older than 70 

years of age reported a slight improvement after year two, after that their mapped scores 

decreased again, approaching the level reported at year two. It is likely, moreover, that 
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HRQL would continue to decrease beyond that point after the fifth year given the natural 

progression of the disease, particularly for patients who performed poorly after the 

operation. For the younger patients, instead, their improvement was maintained beyond 

one or two years, however it is not unreasonable to expect their EQ-5D scores to 

eventually drop as well, until they reach and probably go under the values attained two 

years after the operation. Year two seemed therefore an appropriate choice for a reference 

year in terms of HRQL for THR patients after their operation. 

 

Figure 5.19 
Mean mapped EQ-5D summary scores by yearly outcome category,  

reported by EPOS patients 

 

 

In order to obtain a representative measure of the summary EQ-5D score by patient 

subgroup and outcome category two years after the primary, we estimated models to 

predict OHS at year two based on EPOS data, applied the models to HES-PROMs 

records to obtain expected OHS at year two, and then mapped those values onto 

predicted EQ-5D summary scores using the same mapping algorithm employed thus far. 

 

To predict OHS at year two, we estimated OLS models on EPOS data using OHS at year 

two as the outcome variable and OHS at year one as the regressor. Alternative models 

including age, gender, baseline OHS and change in OHS as covariates were also estimated 

but coefficients were not statistically significant or model performance was not improved. 

Figure 5.20 shows, nonetheless, that the slope of the curves connecting total OHS 

between years one and two after the primary varies not only significantly depending on 

outcome category at year one, but also slightly with age and gender. We therefore 
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estimated models for each patient subgroup within each outcome category and Table 5.23 

shows the respective coefficients and performance indicators. Residuals were mostly 

centred away from, yet near, zero; their distributions were not symmetric, but as we were 

mainly concerned with mean values, models seemed appropriate because mean absolute 

errors were very close to zero in all cases, as shown in Table 5.23. Graphs showing the 

distributions of residuals by patient subgroup can be found in Appendix 17.  

 
Figure 5.20 

Mean OHS by outcome category according to scores at one year  
after primary THR, reported by EPOS patients 

 

 

Table 5.23 
Models predicting OHS at two years based on OHS one year after primary THR 

Outcome category / Patient 
subgroup 

n Constant 
OHS at year 2  

Coeff       p-value 
R2 RMSE MAE 

Good outcomes        

Males, 45-70 years of age 141 -3.73 1.05 0.000 0.20 6.47 -5.5e-9 

Males, 70+ years of age 158 19.51 0.55 0.000 0.14 3.93 5.0e-9 

Females, 45-70 years of age 203 5.70 0.86 0.000 0.21 4.79 2.1e-8 

Females, 70+  years of age 250 -1.42 0.99 0.000 0.20 6.03 -9.4e-9 

Poor outcomes        

Males, 45-70 years of age 54 12.83 0.69 0.001 0.18 9.66 -1.6e-8 

Males, 70+ years of age 36 9.79 0.70 0.018 0.15 8.81 2.3e-8 

Females, 45-70 years of age 90 10.74 0.66 0.000 0.26 9.03 -4.6e-8 

Females, 70+  years of age 111 19.08 0.41 0.003 0.08 8.76 3.0e-8 

Outcome variable = OHS two years after primary THR, RMSE = Root mean square error, MAE = Mean absolute error 
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The models described in Table 5.23 were used to predict OHS at year two for all records 

in the HES-PROMs dataset which, together with expected transitions between outcome 

categories from years one to two after the primary, allowed classifying patients as Good or 

Poor outcomes at year two. For the transitions, Good outcomes in the first year with the 

lowest expected OHS at year two were selected to transition into the Poor outcome 

category in year two according to probabilities reported in Table 5.8, Section 5.3.2. 

Likewise, patients with the highest predicted OHS at year two amongst the Poor outcomes 

at year one were labelled as Good outcomes for the second year following the primary. 

Performing these transitions on the HES-PROMs records was necessary in order to 

estimate, as accurately as possible, the expected utility scores of primary THR patients two 

years after primary because these data were not otherwise available.  After performing 

these transitions, the overall split of 65/35 for Good/Poor outcomes in year one became 

79/21 by year two.  

 

Finally, estimated EQ-5D summary scores at year two were multiplied by one to produce 

associated yearly QALYs as the health utility level was assumed to remain constant over 

the cycles. Mean overall EQ-5D summary score decreased slightly for Good outcome 

patients between years one and two after the primary, from 0.89 to 0.85, and even less so 

for Poor outcomes, which decreased from 0.57 to 0.56. The slight drop for Good outcomes 

is consistent with EPOS data, but Poor outcomes’ levels decreasing only slightly is not, as 

compared to the clear drop shown in Figure 5.19. This is likely due to the combination of 

several factors, including: predicting OHS at year two with models that did not fit the data 

perfectly, different mean EQ-5D summary scores by outcome categories between EPOS 

and HES-PROMs, estimating EQ-5D scores by mapping predicted OHS, and applying 

patterns observed in EPOS to a HES-PROMs dataset containing a higher proportion of 

Poor outcomes (35% compared to 24% in EPOS). Nevertheless, both EPOS and HES-

PROMs report a drop in the proportion of Poor outcomes from year one to two (24% to 

15% and 35% to 21%, respectively), and HES-PROMs shows resulting mean EQ-5D 

summary scores that did not change much after transitions, which is a likely scenario in a 

more representative sample.  

 

Selecting one specific year as a reference for the QALYs associated to years two and 

onwards after the primary had the added benefit of allowing the use of SDs to estimate 

parameters for the distributions feeding the PSA. For the probabilistic analysis, we 
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converted utilities into disutilities to estimate Gamma distribution parameters using the 

estimated means and SDs. Parameter values are shown in Table 5.24.  

 

Table 5.24 
Disutility associated to second and subsequent years after Primary THR:  

deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Second and subsequent years after Primary THR in Poor outcome  

Males, 45-60 years of age 0.427 Gamma 10.42 0.041 

Males, 60-70 years of age 0.398 Gamma 10.23 0.039 

Males, 70-80 years of age 0.473 Gamma 15.95 0.030 

Males, 80+  years of age 0.471 Gamma 20.02 0.024 

Females, 45-60 years of age 0.489 Gamma 14.48 0.034 

Females, 60-70 years of age 0.459 Gamma 13.92 0.033 

Females, 70-80 years of age 0.405 Gamma 23.18 0.017 

Females, 80+  years of age 0.414 Gamma 29.39 0.014 

Second and subsequent years after Primary THR Good outcome    

Males, 45-60 years of age 0.134 Gamma 1.97 0.068 

Males, 60-70 years of age 0.128 Gamma 2.19 0.058 

Males, 70-80 years of age 0.139 Gamma 2.12 0.065 

Males, 80+  years of age 0.160 Gamma 2.47 0.065 

Females, 45-60 years of age 0.139 Gamma 1.75 0.080 

Females, 60-70 years of age 0.135 Gamma 1.81 0.074 

Females, 70-80 years of age 0.185 Gamma 2.97 0.062 

Females, 80+  years of age 0.215 Gamma 4.13 0.052 

 

Given the number of transformations performed on the data, it would have been ideal to 

incorporate specific parameter uncertainty associated to the mapping exercise. However, 

this has not been sufficiently studied and no established methodology is available [112]. 

Siani et al have explored applications using analytic and non-parametric bootstrap 

procedures to incorporate uncertainty originating from the mapping transformations onto 

resulting confidence intervals of cost-effective and cost-utility analyses [113, 114]. These 

methods, however, require wider understanding and further validation before wider 

application can be warranted. The distributions characterised by the parameters in Table 

5.24 offer, nonetheless, an important range of variation for health utility estimates 

associated to the second and following years after Primary THR. 
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5.4.3 QALYs after revision THR 

The structure of the economic model after a primary THR is exactly the same as after a 

revision procedure; therefore, health utility estimates were obtained following an 

analogous procedure as that followed in the previous section.  

 

For both health states including the revision procedure, QALYs were estimated based on 

pre- and postoperative EQ-5D summary scores from patients undergoing a revision THR 

in HES-PROMs combined with the estimated EQ-5D progression by EPOS primary 

THR patients (reported in the previous section). We used the progression of scores after a 

primary procedure because no data set was available containing follow-up HRQL 

measures for revision THR patients before and one year after the operation, as well as at a 

third point in-between. Table 5.25 shows the means and standard deviations of the EQ-

5D summary scores of revision THR patients extracted from the HES-PROMs data set. 

As with primaries, values do not vary much with age or gender but they show significant 

differences by outcome category.  

 
Table 5.25 

HES-PROMs data: Pre- and postoperative health utility estimates  
by patient subgroup and outcome category 

  Postoperative 

 Preoperative Poor outcome Good outcome 

Patient subgroup Mean SD Mean SD Mean SD 

Males, 45-60 years of age 0.338 0.353 0.367 0.284 0.811 0.194 

Males, 60-70 years of age 0.355 0.349 0.395 0.290 0.840 0.169 

Males, 70-80 years of age 0.406 0.329 0.459 0.276 0.824 0.173 

Males, 80+  years of age 0.358 0.319 0.496 0.241 0.790 0.193 

Females, 45-60 years of age 0.341 0.347 0.404 0.309 0.798 0.197 

Females, 60-70 years of age 0.365 0.343 0.431 0.286 0.819 0.191 

Females, 70-80 years of age 0.364 0.329 0.479 0.266 0.804 0.188 

Females, 80+  years of age 0.312 0.331 0.490 0.246 0.789 0.185 

 

In order to estimate the QALYs associated to this first year after the revision THR, we 

connected the start and end points reported in Table 5.25 using the differential 

progression by outcome category found for primary patients (and illustrated in Figure 5.17 

in the previous section). Poor outcome patients, therefore, were assumed to reach their 

postoperative health utility level, as reported by HES-PROMs, by the third month after 

the operation, whereas Good outcomes would attain 73% of their gain by then, and the 
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rest linearly during the last nine months. We estimated QALYs based on this progression, 

converted them into disutilities and produced the mean values and Gamma distribution 

parameters shown in Table 5.26.  

 
Table 5.26 

Disutility associated to Revision THR and first postoperative year states:  
deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Revision THR + first year in Poor outcome      

Males, 45-60 years of age 0.655 Gamma 6.24 0.105 

Males, 60-70 years of age 0.627 Gamma 5.35 0.117 

Males, 70-80 years of age 0.565 Gamma 4.90 0.115 

Males, 80+  years of age 0.535 Gamma 5.81 0.092 

Females, 45-60 years of age 0.616 Gamma 4.65 0.133 

Females, 60-70 years of age 0.592 Gamma 5.06 0.117 

Females, 70-80 years of age 0.549 Gamma 4.97 0.110 

Females, 80+  years of age 0.543 Gamma 5.75 0.094 

Revision THR + first year in Good outcome      

Males, 45-60 years of age 0.280 Gamma 2.41 0.116 

Males, 60-70 years of age 0.259 Gamma 2.54 0.102 

Males, 70-80 years of age 0.262 Gamma 2.50 0.105 

Males, 80+  years of age 0.297 Gamma 2.77 0.107 

Females, 45-60 years of age 0.294 Gamma 2.51 0.117 

Females, 60-70 years of age 0.272 Gamma 2.22 0.122 

Females, 70-80 years of age 0.288 Gamma 2.68 0.108 

Females, 80+  years of age 0.313 Gamma 3.01 0.104 

 

Once again, we did not consider a utility decrement as a result of the surgery when 

calculating the above QALY estimates. It is possible that, being a revision procedure, 

patients suffer greater pain and discomfort after the surgery and that a linear progression 

may therefore not be an accurate representation of patients’ HRQL improvement. Poor 

outcomes see only a slight increase in their EQ-5D summary scores before and after the 

operation and this may suggest an immediate drop after the intervention and a subsequent 

improvement only to levels similar to those they had before. Nevertheless, not 

introducing this hypothetical decrement is supported by the fact that this drop may also 

be experienced by Good outcomes, that patients stay in this health state during only one 

cycle, and that the possible effects of this unknown decrement are unlikely to alter the 

overall results of this lifetime model. 
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The lack of follow-up data on sufficient revision THR patients meant that, for the model 

states representing the second and subsequent years after their revision operation, we used 

the patterns of progression observed in patients who underwent a primary. Using 

postoperative OHS scores reported by HES-PROMs patients who had a revision THR, 

we estimated OHS scores at year two based on the models described in Table 5.23 of the 

previous section. Values at two years after the revision were assumed to be representative 

of all subsequent years for each outcome category. EQ-5D scores were estimated using 

the same mapping algorithm employed in the previous section, and lowest scoring Good 

outcomes as well as highest scoring Poor outcomes transitioned into the other outcome 

category according to probabilities indicated in Table 5.17 under Section 5.3.4. Estimated 

EQ-5D summary scores, assumed to remain constant over the year, were converted into 

disutilities, and their mean values and Gamma distribution parameters estimated. These 

values are shown in Table 5.27. 

 
Table 5.27 

Disutility associated to second and subsequent years after Revision THR:  
deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Second and subsequent years after Revision THR in Poor outcome  

Males, 45-60 years of age 0.531 Gamma 23.38 0.023 

Males, 60-70 years of age 0.517 Gamma 23.20 0.022 

Males, 70-80 years of age 0.541 Gamma 15.96 0.034 

Males, 80+  years of age 0.529 Gamma 19.80 0.027 

Females, 45-60 years of age 0.551 Gamma 20.05 0.027 

Females, 60-70 years of age 0.529 Gamma 19.53 0.027 

Females, 70-80 years of age 0.462 Gamma 45.08 0.010 

Females, 80+  years of age 0.454 Gamma 49.52 0.009 

Second and subsequent years after Revision THR Good outcome    

Males, 45-60 years of age 0.217 Gamma 3.17 0.069 

Males, 60-70 years of age 0.209 Gamma 3.17 0.066 

Males, 70-80 years of age 0.190 Gamma 2.40 0.079 

Males, 80+  years of age 0.214 Gamma 3.16 0.068 

Females, 45-60 years of age 0.209 Gamma 2.49 0.084 

Females, 60-70 years of age 0.196 Gamma 2.50 0.079 

Females, 70-80 years of age 0.238 Gamma 4.06 0.059 

Females, 80+  years of age 0.255 Gamma 5.33 0.048 

 

As with primaries, Poor outcomes after revision THR became less common, dropping 

from 46% one year after surgery to an estimated 33% at year two. Despite the 
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transformations performed based on evidence from primary procedures, this may well be 

an accurate reflection of the improvement experienced by patients who take longer a time 

to recover from the more complex revision surgery. Summary EQ-5D scores for Good 

outcomes dropped from 0.81 to an estimated 0.79, in line with evidence from EPOS 

primary THR patients shown in Figure 5.19. Poor outcomes show an increase from 0.44 to 

0.49, contrary to the drop reported by primary EPOS patients, but likely a direct result of 

fitting a prediction model for OHS at year two based on primary THR patients in EPOS 

with higher scores than those reported by revision THR patients in HES-PROMs. 

Appendix 18 reports the mean QALY value associated to each model state. PSA helped 

incorporate uncertainty in these estimated values into final model results. 

 

5.5 Direct costs 

The model was populated with data on the costs associated to each health state by 

combining measures of resource use with their respective costs. Resource use was 

obtained primarily from the CPRD. As the analysis was performed from the perspective 

of the NHS, data on prices are those reported in the most recent Department of Health’s 

publication of reference costs [115] for in-patient events, the Personal Social Services 

Research Unit’s (PSSRU) unit costs of health and social care [116] for primary care, and 

the British National Formulary (BNF) [117] for drug prices. NHS reference costs 

correspond to the period 2011-2012 [118]; PSSRU’s unit costs are based on the period 

2010-2011; and the online version of the BNF was last updated in November 2011. All 

unit costs are therefore the most recently available and all in 2011 pounds sterling.  

 
The CPRD is a very large database containing primary care data on approximately 4.8 

million patients from about 600 GP practices in the UK. It is considered representative of 

the general population and holds data collected since the late 1980’s until present time. 

GP practices provide the CPRD with anonymized data such as consultations, 

prescriptions, test results, referrals, measurements of height and weight, and smoking 

habits [119]. Extracts from this database have been used as the main source of input to 

estimate primary care costs for many economic evaluations. However, publications rarely 

explain in detail how consultations, for instance, can be attributed to the medical 

condition being assessed. Lafuma and Berdeaux [120, 121], for example, looked at 

glaucoma treatment in the old GPRD in two separate studies selecting patients and 

consultations based on GP visits with simultaneous glaucoma-related referral, diagnosis or 

prescription. The authors might have underestimated resource use if patients visited the 

GP for a glaucoma-related problem without the GP necessarily recording a diagnosis, 
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making a referral or prescribing a test or drug. Moore et al [122] also used the GPRD to 

estimate not only costs but also transition probabilities associated to herpes zoster and 

post-herpetic neuralgia. For resource utilisation, many authors seem to only consider 

related GP consultations and referrals, and although they assume that GPs perform the 

diagnosis and treatment, they do not specify whether they assume all GP consultations to 

be associated to the condition, or the criteria to discern this otherwise. Violato et al [123] 

used a different approach by estimating resource use and costs associated to coeliac 

disease from the GPRD through the comparison of cases and controls. They looked at all 

consultations and prescriptions recorded for both cases and controls, calculated mean 

values for each, and subtracted them to produce an estimate of resource use attributable 

to coeliac disease. The authors reported the difference of the means as well as a 

confidence interval for it, although no details were provided as to how this confidence 

interval was calculated without a patient-level analysis.  

 

Although faced with a similar situation as that of Violato et al [123] in that we also looked 

at the comparison between cases and controls to estimate the level of resource use 

attributable to a specific condition, we followed a different approach guided by our 

interest in producing a measure of uncertainty based on observed data. We calculated the 

mean quantity of each resource used by sets of controls and subtracted this from the level 

reported by corresponding cases. We interpreted this difference as the amount of 

resources used by each hip pain patient in excess of what their controls, on average, 

demanded from the health care system. The overall mean of these differences was then an 

estimate of the resource use attributable to the hip problem. Although not a common 

approach likely because the weight of each control in the overall mean estimate varies 

with the number of controls for each case, critically it allowed obtaining an estimate of 

variability from the observed resource use attributable to hip pain, which the method by 

Violatto et al [123] did not provide. Appendix 19 further discusses the difference between 

both methods based on comparative results on preoperative consultation data. 

 

The extract of the CPRD data set employed for our analysis identified controls by 

matching gender, GP practice and age (+/- 5 years) to each case. The specific criteria for 

cases and controls varied depending on the model stage and are reported in the 

corresponding section. Matched cases and set of controls were therefore largely 

equivalent, thus eliminating the need to adjust for confounding factors based on 

demographic or socio-economic differences. Clinical factors, however, were expected to 
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vary between cases and controls. We relied on the large number of observations to 

balance out the differences in comorbidities, so that the effect of controls with more 

comorbidities and hence greater resource use than cases would be offset by the effect of 

those with fewer comorbidities and therefore less use of resources. When subtracting the 

mean resource use of controls from the values reported for their respective cases, 

individual sets might be biased by the differences in comorbidities but the overall mean of 

the difference could therefore be considered an unbiased estimator of mean resource use 

attributable to the hip problem. 

 

There are many benefits of large observational datasets such as the CPRD. The collection 

of data is generally non-intrusive, it takes place continuously thus providing time-series 

capabilities, and it is subject to important quality checks. Coverage tends to be high, with 

considerable potential for linkage and, crucially in our case, both cases and controls can be 

selected post hoc [124]. However, administrative databases also have their limitations, 

such as missing data and the fact that data have already been collected. For our analysis, 

the most relevant limitation is that the CPRD lacks outcomes data, which is a necessary 

element to be able to estimate resource use by THR patients postoperatively according to 

their outcome category. To overcome this obstacle, we estimated a model predicting 

outcome category based on resource use. The model was estimated on the first wave of 

data from the COASt cohort study and applied to CPRD records in order to estimate 

their outcome category.  

 

This section is divided, as the previous one, into three. First, we present our findings of 

resource use and costs associated to all preoperative health states in Section 5.5.1. Under 

Section 5.5.2 we describe in detail the model predicting outcome category based on 

resource use and show results of costs associated to health states following a primary 

THR. Finally, resource use and costs associated to the health care of patients after a 

revision procedure are reported in Section 5.5.3.  

 

5.5.1 Preoperative costs 

For the costs associated to all health states previous to a THR, we used a CPRD extract 

consisting of the records of all patients with medical diagnosis code for hip arthroplasty 

performed before 31 December 2006 who were 45 years of age or older at the time of the 

operation. For each case, the data set included up to five controls without any clinical or 

referral record for hip arthroplasty, OA or arthritis, ever, and matched to a case by GP 
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practice, gender and age. The extract was of high quality data as the cohort was limited to 

patients deemed acceptable based on a standard set of conditions about registration 

details established by the CPRD. 

 

Records about both consultations and prescriptions were considered. As the CPRD stores 

a consultation as an event performed by a specific GP practice staff, we included only 

events performed by health care professionals such as GPs, nurses, physiotherapists or 

alternative practitioners who would be directly involved in providing care to patients. A 

complete list of the health care professionals undertaking events included in the analysis, 

as well as those whose events were excluded, is shown in Appendix 20. But not all events 

by the above health care professionals were of interest. The data sent by GP practices to 

the CPRD include events such as “results recording”, “administration”, and “mail” to or 

from the patient, for example, which were not relevant for our analysis. “Surgery 

consultations”, “follow-up visits”, or even “phone calls” and “night visits” captured, on 

the other hand, the use of resources we were interested in. Appendix 21 shows the type of 

events included in the analysis and groups them into “Day visits”, “Night visits” and 

“Telephone calls”; excluded events are also listed.  

 

To capture the use of medication, we searched the CPRD extract for all prescriptions 

given to patients for drugs related to their hip pain. The list of medication was based on 

the responses of the first 314 patients in the COASt cohort of THR patients whose one-

year follow-up forms had been returned and analysed by the end of 2012. These patients 

were asked to list the medication they were taking at that moment and the reason for 

taking them. Based on their answers and after verification by an experienced GP, a final 

list of 25 different drugs were identified and grouped into six categories: antidepressants, 

NSAIDs, opioid analgesics, non-opioid analgesics, laxatives, and ulcer prevention 

medication. Amitriptyline was the only drug in the antidepressants group and was 

included because it was reported to be used by many patients for pain relief. Paracetamol 

was the only medication in the non-opioid analgesics category and one of the most 

commonly reported drugs taken by COASt patients. Laxatives and ulcer prevention drugs 

were included because they prevent or alleviate side effects directly associated with opioid 

analgesics and NSAIDs, respectively. The list of specific drugs included in the analysis is 

shown in Appendix 22. When searching for these drugs in the CPRD extract, we included 

all available presentations. 
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Consultations and prescriptions were considered for patients as long as these were linked 

to the CPRD for more than six months. Patients enter the database when their GP 

practice joins the CPRD or when the patient registers with a GP practice that participates 

in the scheme. They leave the database when they change to a GP practice that is not part 

of the scheme or when they die. As a consequence, we had data on consultations and 

prescriptions for periods ranging from as short as a few days to up to 15 years before the 

THR, although rarely for this long. We added the number of consultations and 

prescriptions by patient in each year as long as both the case and at least one control were 

in the database for six months or more during that year. Patients who had more than one 

primary THR were also excluded because health care resources could have been used for 

either of the operated hips and there was no way to make the distinction as laterality is not 

recorded in the CPRD.  

 

The mean number of consultations for each set of controls was calculated and subtracted 

from the number reported for their respective case. This was done for each health care 

professional and type of event, and for each year. The difference was assumed to be an 

estimate of the number of consultations the case had with the specific health care 

professional due to his or her hip problem. This assumption was based on the fact that 

controls were matched to cases by GP practice, gender and age and therefore they were 

expected to have similar socio-economic status, general health and comorbidities. We 

therefore observed the THR-related and non-THR-related costs of caring for THR 

patients (cases), and subtracted from that the non-THR-related costs of caring for 

comparable patients (controls), thus obtaining an estimate of only THR-related costs. 

Figure 5.21 shows the distribution of the number of day visits to GPs attributable to the 

hip pain by the 21,572 cases included in the data set during the year prior to their 

operation. 

 

THR patients used, on average, an estimated 1.8 extra GP day visits during the year 

immediately prior to their operation compared to similar patients who did not have their 

hip replaced, suffer from OA or even hip pain. As Figure 5.21 shows, however, for many 

of these patients the number of extra visits to their GP was much higher, whilst for others 

it was considerably lower. This was a natural and expected result. Our assumption that 

comorbidities would balance between the two groups (cases and controls) refers to the 

aggregate level, given the matching process and the large number of observations. For 

individual sets of matched patients, however, no such balance was expected, as is 
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confirmed by our results. The difference between cases and controls was not only the fact 

that the former had OA and the latter did not; other conditions must have been present in 

different rates between the two groups. Figure 5.21 reflects this by showing that some 

future THR patients saw their GP as many as 20 more times than their controls, in 

average, the year before the operation, likely because they had other comorbidities 

requiring additional day visits. The same happened with controls who reported seeing 

their GP many more times than their respective case, presumably about other conditions, 

thus generating negative additional GP visits by THR patients the year before the 

operation. 

Figure 5.21 
Estimated GP day visits due to hip pain by THR patients during the year prior  

to surgery, patients older than 45 years in the CPRD  

 

 

A perfect balance of comorbidities in both cases and controls would be represented by a 

perfectly symmetric distribution. The distribution of additional GP day visits presented in 

Figure 5.21 is nearly but not perfectly symmetric, confirmed by a measure of skewness of 

1.16. A more symmetric distribution would have been generated if we had not reduced 

the records of the controls for each case to one mean value, but we considered producing 

a single average control for each case more important than the likely minor effects of 

slightly less balanced comorbidities.  

 

This analysis was performed for all health care staff and events, and for the 15 years for 

which we had records of cases and controls. To estimate costs associated to hip pain, we 

multiplied the estimated number of day visits, night visits and telephone calls made by 

each health professional and attributable to the condition by its mean unit cost as 

reported in the PPSRU [116]. Appendix 23 shows the costs associated to each type of 

event per health care staff. 
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The use of medication associated to hip pain was estimated in the same manner as 

consultations. The mean number of drug units (tablets, capsules, oral solutions) 

prescribed to controls was subtracted from the value reported for the respective case. The 

data on prescriptions found in the CPRD required deeper cleaning as the key piece of 

data for each record was the number of units prescribed, and this information was 

sometimes unreasonably high or simply missing.  Of a total of 1,034,319 prescription 

records for all patients and years, only 14 had missing quantity and daily dose which were 

therefore dropped. Almost 9% of the remaining records had missing daily dose, which 

was important to determine whether the number of units prescribed would fall under a 

clinically plausible range. We assigned the mode daily dose indicated for patients who 

were prescribed the same number of units or the same drug presentation to those missing 

the daily dose. If neither of these were available, the BNF’s recommended daily dose was 

applied [117]. Around 0.1% of records had daily dose but were missing the quantity 

prescribed, and for those few we also assigned the mode number of units reported for 

patients who were prescribed the same drug at the same dose, or the same presentation 

otherwise. Once all prescription records had an associated quantity and daily dose, we 

identified 1,541 (0.15%) records associated to a prescription time longer than six months 

or to more than one litre of oral solution. Those records were dropped.  

 

Mean prescriptions units were subsequently calculated for each set of controls and this 

value subtracted from that of the case to obtain an estimate of the number of 

prescriptions associated to hip pain. For most drugs, the resulting difference was zero for 

the majority of patients in all preoperative years. This was largely due to the fact that, in 

the aggregate of all years, 54% of the cases with any record of consultation had no 

counterpart record in the prescriptions database for the 25 drugs we searched the CPRD 

for. For example, 42% of cases reported no prescriptions for tablets of paracetamol 

during the year prior to their operation, and neither did their controls. The majority of 

those cases did not have any prescriptions for other presentations of paracetamol or any 

the other drugs included in the analysis. All non-zero differences represented therefore 

the use of medication attributable to the hip pain, and in the case of paracetamol tablets 

during the year prior to surgery, our 21,572 cases were prescribed a mean of 119 units 

more than their controls. This distribution was also nearly but not perfectly symmetric 

with a measure of skewness of 1.5. As in the case of consultations, there were patients in 

the THR waiting list who were prescribed many more tablets than the mean of 119, and 

there were also many controls that, on average, were prescribed more tablets than the 
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patients awaiting the operation. This reflects the wide variation of comorbidities amongst 

patients included in the sample, which also validates the mean number of prescriptions in 

this sample as an unbiased estimator of the mean use of this particular resource because 

of the hip pain experienced by patients who had a THR in the following year. 

 

To estimate medication costs, the number of units attributable to hip pain was estimated 

as described above for the 272 different CPRD codes associated to the 25 included drugs, 

and then multiplied by their unit cost as reported in the BNF [117]. Appendix 24 shows 

the unit cost for all drugs by CPRD code. Consultation and medication costs were then 

added together and thus the progression of estimated total costs attributable to hip pain 

used by patients during the 15 years prior to their THR could be produced, which is 

shown in Figure 5.22. The growing estimated costs confirmed the increasing burden 

generated by unresolved hip pain and problems experienced by patients who are referred 

for a THR, who markedly demand many more health care resources during the year 

immediately prior to their operation. It is also notable that the relative weight of 

prescription as a portion of total costs increase much more rapidly than that of 

consultations as patients approach a THR, going from 20% to 27% to 36% at eight, five 

and one year before surgery, respectively. This indicates that patients are not able to 

successfully manage their pain through more consultations with health care professionals 

and have to recourse to more medication until their hip is replaced. 

 

Figure 5.22 
Mean cost of consultations and prescriptions due to hip problem, 

by year before THR 
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Although the economic model has two distinct branches for patients who are not referred 

directly for surgery, one leading to Risk-factor management and the other to Long-term medical 

management, we used the estimates for the year immediately prior to a THR to populate all 

preoperative states. Estimates for this year were chosen to represent the costs of patients 

directed towards Risk-factor management because the majority of them would ultimately be 

referred for surgery (see transition probabilities in Section 5.2.8) and all additional 

consultations and prescriptions provided in preparation for the operation would apply. 

The states associated to Long-term medical management, however, host patients in the model 

who are more likely not to be referred for a surgical intervention. All extra consultations 

and drugs associated to an imminent operation would not apply, yet patients would 

generally continue to experience pain and difficulties for which they will demand 

additional consultations with GPs, nurses, physiotherapists or other health care 

professionals, and even more medication to manage their pain. In the absence of data to 

reflect such resource use increase, we also applied the estimates for the year immediately 

prior to a THR to patients in the Long-term medical management branch under the 

assumption that those estimates are an approximation to the primary care cost of hip pain 

patients who are not referred for a THR over the years. 

 

During the year prior to the operation, costs associated to primary care consultations are 

categorically dominated by visits to the GP, whereas the greatest portion of prescriptions 

costs go to cover NSAIDs and paracetamol. Tables 5.28 and 5.29, respectively, illustrate 

this for the subgroup of females aged between 70 and 80, with relative weights by 

component being essentially the same for all patient subgroups. Appendix 25 reports on 

the mean number of day visits, night visits and phone calls by each health care staff found 

to be attributable to hip pain, shown by patient subgroup. The mean and standard 

deviations of the costs associated to these consultations events summarised by health care 

staff and for each patient subgroup are presented in Appendix 26. The cost attributable to 

hip pain and associated to each individual drug included in the analysis is reported in 

Appendix 27, also by patient subgroup.  

 

Deterministic analysis was hence based on the above mean values for costs attributable to 

hip problems. For PSA, distributions reflecting the uncertainty around costs are generally 

of the Gamma or Log Normal type given that costs are commonly presented as right-

skewed non-negative distributions [82].  In our case, however, we have identified not plain 

costs but the difference in resource use between two groups to ascertain the costs 
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attributable to hip pain. The resulting distribution is highly normal, as expected given that 

it is a difference. Figure 5.23 shows the distribution of total costs attributable to hip pain 

for females between the ages of 70 and 80 as this was the largest patient subgroup in the 

preoperative CPRD sample (24% of cases), and the normal distribution produced based 

on the observed mean and SD. Normal distributions were hence used to model the 

uncertainty around preoperative costs as they were the best fit for the data used to 

estimate the costs specifically associated to hip problems with an important degree of 

variation reflecting the wide spectrum of comorbidities of typically elderly patients. 

Moreover, CEACs ultimately reflect the variation in ICERs given uncertainty in all 

parameters, and whose reliability is directly linked to the selection of distributions 

accurately describing the uncertainty around individual parameters, which in the case of 

preoperative costs, is undoubtedly a normal distribution.  

 

Table 5.28 
Components of the mean cost of consultations due to hip problem  

during the year immediately prior to THR, Females 70-80 years of age 

Staff role Mean SD % of total 

GPs £58.20 £173.36 96% 

Health visitor £0.37 £17.86 1% 

Physiotherapist £1.04 £22.17 2% 

Practice nurse £0.62 £47.02 1% 

Others £0.30  0% 

TOTAL £60.54  100% 

 

Table 5.29 
Components of the mean cost of prescriptions due to hip problem  

during the year immediately prior to THR, Females 70-80 years of age 

Medication category Mean % of total 

NSAIDs £14.72  40% 

Non-opioid (Paracetamol) £14.71  40% 

Opioid £9.01  24% 

Anti-depressants £0.00  0% 

Laxatives £-0.47  -1% 

Ulcer prevention £-1.14  -3% 

TOTAL £36.84  100% 

 

Table 5.30 shows the mean and SD of the primary care costs assigned to all preoperative 

states of the model. For those states involving an assessment by the surgeon, £105 was 

added as this was the average unit cost reported in the National Schedule of Reference 
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Costs for year 2011-2012 for an outpatient orthopaedics consultation at NHS Trusts and 

Foundation Trusts [118]. 

 
Figure 5.23 

Total cost attributable to hip problem for female patients aged 70 to 80 
 during the year immediately prior to THR and normal density curve 

 

 

Table 5.30 
Primary care costs associated to all preoperative states:  

deterministic and probabilistic parameters 

State / Patient subgroup Mean SD Distribution 

Surgical assessment *,    

Risk-factor modification,    

Reassessment after Risk-factor modification *,    

Long-term medical management, and    

Reassessment after Long-term medical management *    

Males, 45-60 years of age £98.0 £200.35 Normal 

Males, 60-70 years of age £98.2 £209.08 Normal 

Males, 70-80 years of age £87.6 £219.69 Normal 

Males, 80+  years of age £101.1 £222.5 Normal 

Females, 45-60 years of age £121.7 £216.32 Normal 

Females, 60-70 years of age £118.9 £237.33 Normal 

Females, 70-80 years of age £97.4 £240.31 Normal 

Females, 80+  years of age £92.0 £257.74 Normal 

* The cost of the consultation with the orthopaedic surgeon must be added (£105) to obtain total cost for the state. 
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5.5.2 Primary and postoperative costs, and a model mapping resource use to 
surgery outcome category 

If and when patients had one of their hips replaced, a new set of costs applied in the 

model. A cost was associated to the surgery itself, and then there were postoperative 

primary care costs that, we argue, vary depending on surgery outcome. In this section, we 

estimate the costs for the model health states encompassing primary THR followed by a 

first year either in the Good or Poor outcome category, as well as the primary care costs 

associated to Good or Poor outcomes in the second and subsequent years with the 

unrevised prosthesis. For the health states including the operation we applied NHS 

reference costs corresponding to the HRG groups associated to each patient subgroup 

regardless of outcome category. For postoperative primary care costs, we used CPRD 

records and reference unit costs as described in the previous section reported by patients 

after they had a THR. However, since the CPRD does not collect data on outcomes, we 

developed a model to predict surgery outcome category from the use of health care 

resources recorded during the first year after the operation based on data collected from 

the COASt cohort. Using this model, we differentiated patients in the CPRD extract by 

outcome category which allowed us to provide estimates of primary care costs for Good 

and Poor outcome categories separately. 

 

Although we held HES data for all THRs performed in the NHS between 2009 and 2012, 

this could not be used to estimate the cost of surgery by patient subgroup because 

reference costs are obtained from Healthcare Resource Groups (HRGs) whereas HES 

only reports OPCS codes. Instead of calculating a national average cost for all THR 

patients weighted by the activity numbers reported by the NHS in any particular year for 

those HRGs apparently associated to a hip replacement, we calculated mean values based 

on actual HRG assignment and separately for each patient subgroup as defined here. This 

method was chosen because it considered HRGs actually applied and therefore the 

corresponding amounts effectively paid by the NHS for THRs, and it also respected the 

differences amongst costs by patient subgroups according to age and gender. In order to 

do this, we obtained the table of relative frequencies of HRGs assigned by the Payment 

by Results (PbR) system in the NHS to each THR reported in HES and eligible for 

PROMs for fiscal year 2011-2012 [125]. Based on these frequencies and the NHS 

reference costs by HRGs for the same year [126], we calculated the mean cost for a 

primary THR by patient subgroup (shown in Table 5.31). Appendix 28 reports the 

national average unit cost for all relevant HRG groups for the year 2011-2012 paid to 
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NHS Trusts and Foundation Trusts, and Appendix 29 shows the relative frequency 

breakdown of HRGs by patient subgroup for HES records in the same fiscal year. 

 

Table 5.31 
Cost of a primary THR to the NHS by patient subgroup 

Patient subgroup n Mean SD 

Males, 45-60 years of age 4,696 £6,069 £249.4 

Males, 60-70 years of age 7,632 £6,102 £233.5 

Males, 70-80 years of age 7,948 £6,186 £182.0 

Males, 80+  years of age 2,578 £6,352 £143.0 

Females, 45-60 years of age 5,121 £6,063 £262.4 

Females, 60-70 years of age 10,164 £6,083 £208.6 

Females, 70-80 years of age 12,838 £6,139 £111.7 

Females, 80+  years of age 6,043 £6,307 £104.9 

 

As Table 5.31 shows, the mean cost of a primary THR to the NHS varies between about 

£6,000 for those patients aged 45 to 60 years, to around £6,300 for those over 85. We 

found only a slight variation between genders. For all patient subgroups, the most 

common HRG assigned to the operation was code HB12C corresponding to “Major hip 

procedures for non-trauma Category 1 without complications”, which was reported in 

75% to 90% of cases within patient subgroups. As a result, the standard deviation for 

surgery costs within subgroups was very small (between 2% and 4% of the mean value), 

hence we did not model the uncertainty around this parameter value and simply added the 

reported mean to the first year of postoperative primary care costs to produce the 

aggregate cost associated to model states combining primary THR and the first 12 months 

after surgery.  

 

To estimate postoperative primary health care costs, we followed the same process 

described in the previous section. We used the same high-quality CPRD extract with 

records of all patients who had a hip arthroplasty before the end of 2006 as well as up to 

five controls for each who did not have OA or an arthroplasty, but this time we looked at 

the resource use after the operation. Following the same data cleaning criteria applied to 

preoperative data, we obtained resource use measures for consultations with the health 

care professionals listed in Appendix 20 for all relevant events (as reported in Appendix 

21), as well as medication use for the 272 presentations of the 25 drugs listed in Appendix 

22. We calculated mean values for each set of controls and subtracted this from the values 

reported by the respective case to produce an estimate of the resource use due to the hip 
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problem reported by THR patients. We then applied reference unit costs for consultations 

and drugs and obtained the mean total and component costs attributable to the hip 

problem shown in Figure 5.24. 

 

Figure 5.24 
Mean cost of consultations and prescriptions due to hip problem, 

CPRD primary THR patients by year after surgery 

 

 

As Figure 5.24 shows, there is a peak of costs at £60 on average during the year 

immediately following surgery due to an expected high level of follow-up visits with the 

GP. This drops to slightly above £30 on average by the second year. The medication 

component appears relatively stable during the 10 years following surgery whilst 

consultations, primarily with the GP, drive the variation in total costs over time. It is 

worth noting that the average primary care costs reported during the 15 years following 

surgery are lower than the £100 calculated for the first year before surgery and, with the 

exception of year 14, even lower than the £60 estimated for the second year before the 

operation. 

 

These cost estimates, however, pool together the use of health care resources by many 

patients who had a good or excellent outcome and likely did not make many visits to their 

GPs or take much medication for their hip pain, with the records of those patients who 

were not satisfied with the results of their surgery, still experienced pain and limitations, 

and therefore used health care resources a great deal more. Unfortunately, the CPRD does 
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not record outcome measures, hence patients could not be classified into Good or Poor 

outcomes as we did with patients who completed the postoperative OHS questionnaire as 

part of the HES-PROMs initiative. To produce separate estimates by outcome category, 

we developed a model to predict surgery outcome based on healthcare resource use 

during the first year after the primary. The model was estimated on observed data 

collected from the 314 patients in the COASt cohort who completed the OHS one year 

after the operation and from whom resource use, including the list of medication used in 

the cost analysis, was also collected. 

 

As Table 5.32 shows, Poor outcome patients in the COASt cohort, who are unsurprisingly 

less satisfied with the outcome of the operation than Good outcome patients, indeed 

visited their GP, nurse and physiotherapist more than the latter group, and they also took 

more pain medication. Regarding visits to GPs specifically, Figure 5.25 shows that many 

Poor outcome patients did not visit their GP at all during the 12 months following surgery 

because of their hip, but this was more markedly the case within the group of patients 

scoring above 38 in their postoperative OHS. Whilst 40% of Poor outcome patients in the 

COASt cohort did not go to see their GP for problems related to their hip, for Good 

outcomes this proportion was 80%. Also, a few Poor outcome patients saw their GP 10 or 

more times because of their hip during the year following surgery, whereas within the 

Good outcomes no patient visited their GP that many times for problems related to their 

operated hip. 

 

The relationship between use of resources and surgery outcome is very clear. Patients who 

still experience pain, limitations and difficulties performing ordinary activities after their 

THR would naturally visit their GP and possibly other health care professionals, and they 

would also take more pain medications than patients who have hardly or no pain at all and 

who regain most or all of their mobility. Dissatisfaction would also be expected to 

increase the number of visits to the GP. As Table 5.32 shows, whilst almost all Good 

outcome patients in the COASt cohort were satisfied, only half of Poor outcome patients 

were. A model predicting outcome category based on resource use was hence feasible.  

 

We estimated a logit model to predict Poor outcome as defined in this study, i.e. scoring 

less than 38 in the OHS at one year after the primary. All resource use variables in the 

one-year postoperative follow-up form used in the COASt cohort were originally included 

in the model, together with age and gender. The latter two as well as nurse and 
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physiotherapy visits, and drugs other than opioids and paracetamol were not statistically 

significant predictors of Poor outcome. As Table 5.33 shows, a model explaining 24% of 

the variance of outcome category was estimated from a three-level categorical variable 

counting GP visits (zero being the base case), whether patients were taking paracetamol or 

not, and the number of opioid drugs taken. As we lacked an external dataset for 

validation, we fitted the model to the same estimation dataset obtaining the ROC curve 

shown in Figure 5.26 which reported an area under the curve of 0.80. At certain cut-off 

points, the model was able to predict between 70% and 80% of both Good and Poor 

outcomes correctly. 

 
Table 5.32 

Use of resources by outcome category, COASt cohort patients 

 
All  

patients 
Good 

outcome 
Poor  

outcome 
Missing  

OHS 

Patients 329 (100%) 276 (84%) 38 (12%) 15 (5%) 

Female 198 (60%) 166 (60%) 22 (58%) 10 (71%) 

Age: mean (SD) 68 (10.4) 68 (10.3) 71 (8.0) 67 (15.8) 

BMI: mean (SD) 28 (4.9) 28 (4.9) 30 (4.7) 27 (4.7) 

OHS: mean (SD) 42 (8.0) 44 (4.1) 24 (6.1) - 

EQ-5D: mean (SD) 0.82 (0.253) 0.88 (0.185) 0.40 (0.288) 0.75 (0.238) 

Satisfied with outcome 298 (92%) 266 (96%) 19 (50%) 13 (87%) 

Do not smoke 307 (94%) 258 (93%) 35 (92%) 14 (93%) 

Visits to GP ≥ 2 46 (14%) 28 (10%) 16 (42%) 2 (13%) 

Visits to NHS physiotherapist ≥ 1 89 (27%) 66 (24%) 17 (45%) 6 (40%) 

Visits to NHS nurse ≥ 1 32 (10%) 24 (9%) 6 (16%) 2 (13%) 

Taking any non-opioid drugs 50 (15%) 28 (10%) 17 (45%) 5 (33%) 

Taking any NSAIDs 39 (12%) 28 (10%) 8 (21%) 3 (20%) 

Taking any opioid drugs 59 (18%) 39 (14%) 15 (39%) 5 (33%) 

 

Since the predictors of Poor surgery outcome were measures of resource use also available 

in the CPRD, we fitted the above model to CPRD’s postoperative data to predict the 

outcome category that patients have most likely have been classified into based on their 

patterns of resource use. We fitted the model to data from the first postoperative year 

after the primary because this, combined with the cost of surgery previously reported, 

produced overall costs associated to each model state covering primary THR and the first 

year in either outcome category.  
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Figure 5.25 
Number of visits to GPs by outcome category, 

all COASt patients 

 

 

Table 5.33 
Surgery outcome predictive model at one year: Logit regression  

for Poor outcome, estimated on COASt cohort data 

Predictor Coefficient p-value  
95% confidence 

interval 

Number GP visits = 1 to 4 2.120 0.000 1.446 2.794 

Number GP visits = 5 or more 2.468 0.003 0.851 4.085 

Paracetamol 1.062 0.010 0.256 1.868 

Number of opioid drugs 1.113 0.002 0.421 1.804 

Constant -2.569 0.000 -3.066 -2.071 

n = 314     

Pseudo R2 = 0.241     

 

Predictors in the CPRD were equivalent to those used to estimate the model in COASt. 

The model was estimated based on the number of visits to the GP specifically because of 

problems with the hip and, even though the CPRD collects the number of GP visits 

regardless of reason, we used the reported number of visits after subtracting the mean of 

controls as an approximation for visits due to hip problems. When fitting the model, we 

used the combined number of consultations, whether at surgery or night visits. Any 

presentation of paracetamol was regarded as valid for the binary predictor, and the 

number of opioid drugs was a straight forward count, also regardless of presentation, 
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from any of the drugs included in the analysis and classified as opioid (shown in Appendix 

22).  

 
Figure 5.26 

ROC curve for the model predicting surgery outcome category 

 

 

Those patients for whom the model estimated a probability greater than 0.4 of being 

classified as Poor outcome were considered likely Poor outcomes, the rest were labelled as 

likely Good outcomes. Appendix 30 expands on the rationale for using 0.4 as the 

probability cut-off point. As a result, we were able to obtain estimates for primary care 

costs during the first year after a primary THR separately for each outcome category. 

Whilst Figure 5.24 showed a mean cost of £60 for postoperative primary care of all THR 

patients during the first year after the operation, the classification of the same patients by 

outcome group using the model led to an estimated mean of £280 for likely Poor outcome 

patients and £34 cheaper than controls for likely Good outcomes, as shown in Figure 5.27.  

 

The distributions of costs for both groups were not strictly symmetric yet they were close 

to normal with a significant overlap, as shown in Figure 5.28. This overlap, concentrated 

between negative £200 and positive £500, is important because it confirmed that of all 

patients with total primary care costs in that range, some were labelled as likely Good 

outcomes and some others as likely Poor outcomes. In other words, the classification 

performed by the model was not equivalent to applying a threshold to costs; it used 

statistically significant resource use predictors of surgery outcome and assigned 

probabilities of being Poor outcome to patients that, although in most cases reported high 

costs, in some cases had low costs or even lower than their controls. Appendices 31 

through 36 show the number of consultations by staff as well as consultation and 
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prescription costs by patient subgroup separately for likely Poor and Good outcomes as 

predicted by the model. 

 
Figure 5.27 

Mean cost of consultations and prescriptions due to hip problem 
during first year after THR by outcome category, CPRD all patients 

 

 

Figure 5.28 
Distribution of total primary care costs due to hip problem 

during first year after THR by outcome category, CPRD all patients 
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The mean values and distribution of costs for the first year after the operation added to 

the mean costs of surgery presented in Table 5.31 produced the total costs associated to 

the model states combining the primary THR and the first postoperative year in Good or 

Poor outcome. These are shown in Table 5.34 with parameter distributions set to normal, 

as with preoperative costs, and SD reflecting only uncertainty around primary care costs 

because costs of surgery hardly varied at all. Since THR costs were estimated regardless of 

surgery outcome, the higher overall mean costs of Poor outcomes are explained by their 

higher primary care costs. 

 
Table 5.34 

Costs associated to Primary THR followed by first year in either outcome  
category states: deterministic and probabilistic parameters 

State / Patient subgroup Mean SD Distribution 

Primary THR + first year in Good outcome    

Males, 45-60 years of age £6,070 £123.5 Normal 

Males, 60-70 years of age £6,082 £120.4 Normal 

Males, 70-80 years of age £6,143 £134.9 Normal 

Males, 80+  years of age £6,320 £149.3 Normal 

Females, 45-60 years of age £6,049 £125.6 Normal 

Females, 60-70 years of age £6,054 £140.1 Normal 

Females, 70-80 years of age £6,096 £139.6 Normal 

Females, 80+  years of age £6,250 £153.3 Normal 

Primary THR + first year in Poor outcome    

Males, 45-60 years of age £6,352 £215.2 Normal 

Males, 60-70 years of age £6,379 £227.3 Normal 

Males, 70-80 years of age £6,469 £255.5 Normal 

Males, 80+  years of age £6,637 £222.6 Normal 

Females, 45-60 years of age £6,376 £242.5 Normal 

Females, 60-70 years of age £6,362 £223.0 Normal 

Females, 70-80 years of age £6,421 £228.8 Normal 

Females, 80+  years of age £6,570 £284.8 Normal 

 

Costs for the second and subsequent years in either outcome category were estimated 

based on CPRD records of resource use, as above, but with the application of an adjusted 

surgery outcome prediction model. First, the model was re-estimated using 33 as the OHS 

threshold to distinguish between Good and Poor outcome patients (notwithstanding 

COASt resource use data was about the first postoperative year, because no dataset was 

available with similar information for the second and subsequent years after the primary). 

Coefficients from this predictive model are shown in Appendix 37. The adjusted model 
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was then applied to all CPRD records of resource use from cases minus the mean of their 

respective controls for years two through 10 as after that the number of cases per year 

dropped rapidly from above 1,000 to under 750. A probability cut-off point of 0.3 was 

applied considering that at 0.4 (as used for the first year data) the proportion of likely Poor 

outcomes would drop under 10%. This is an unreasonably low percentage even after 

considering the evidence from EPOS reported in Section 5.3.2 and Appendix 14, 

indicating that Poor outcomes decreased from 27% in the first year to 18% in the year 

after that. Once CPRD records were labelled as likely Poor and likely Good outcomes, 

records for years two through 10 were pooled together and mean values and distributions 

estimated to represent the yearly cost of primary care for patients two years and onwards 

after a THR. These values are reported in Table 5.35 by patient subgroup.  

 

Once again, whilst Figure 5.24 showed, regardless of surgery outcome,  an overall mean 

cost of postoperative primary care that increased slowly from around £30 at year two to 

approximately £50 at year 10, Table 5.35 summarises a very different scenario for likely 

Poor and likely Good outcome patients. The mean cost of Poor outcomes is now estimated 

to be between £250 and £300 a year, whilst for Good outcomes it stays under £40. 

Variability, however, is quite significant, as confirmed by the high SDs, which allow PSA 

to reflect the uncertainty associated to these mean values. As with primary care costs for 

the first year after the primary, the pooled number of consultations by staff and costs for 

these as well as for prescriptions are reported in Appendices 38 through 43 by outcome 

group. 

 

It is important to note that the model used here to assign outcome categories to patients 

for whom PROMs were not collected needs further validation, which was not done as 

part of this study because no other dataset was available where both OHS and resource 

use were systematically collected. Furthermore, using the pattern of resource use observed 

in COASt to map surgery outcome in the CPRD in order to disaggregate cost parameters 

by outcome group is potentially a circular process that begins with a cost component (i.e. 

resource use) and also finishes with a measure of cost. As such, there is a risk that all 

patients with the highest resource use will be predicted to be poor outcomes, and vice-

versa. Nevertheless, the fact that only resource use variables were included in the model 

to predict surgery outcome in the CPRD was justified by the evidence showing that none 

of the available demographic variables (gender or age) were statistically significant 

predictors of THR outcome. The clear causal relationship between (poor) outcome and 
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(higher) costs produces a strong correlation that was used here in the opposite direction 

to identify surgery outcome based on resource use, the variable component of cost. 

Lastly, the fact that the CPRD reports the use of many more resources than those 

included in the model also means that some cases mapped as being likely Good outcomes, 

for example, may well report costs as high as other likely Poor outcomes because of their 

higher use of any of the many resources not included in the model, as shown in Figure 

5.28. 

 
Table 5.35 

Costs associated to second and subsequent years after THR in either outcome  
category states: deterministic and probabilistic parameters 

State / Patient subgroup Mean SD Distribution 

Second and subsequent year in Good outcome    

Males, 45-60 years of age £21 £183.3 Normal 

Males, 60-70 years of age £19 £191.5 Normal 

Males, 70-80 years of age £5 £213.8 Normal 

Males, 80+  years of age £34 £250.6 Normal 

Females, 45-60 years of age £33 £206.6 Normal 

Females, 60-70 years of age £17 £224.8 Normal 

Females, 70-80 years of age £9 £225.7 Normal 

Females, 80+  years of age -£1 £239.1 Normal 

Second and subsequent year in Poor outcome    

Males, 45-60 years of age £316 £304.5 Normal 

Males, 60-70 years of age £237 £264.3 Normal 

Males, 70-80 years of age £241 £245.0 Normal 

Males, 80+  years of age £298 £363.2 Normal 

Females, 45-60 years of age £314 £295.7 Normal 

Females, 60-70 years of age £285 £285.6 Normal 

Females, 70-80 years of age £255 £296.8 Normal 

Females, 80+  years of age £253 £355.9 Normal 

 

5.5.3 Revision THR and postoperative costs 

Parameters for the four revision and post-revision model states were estimated following 

the same protocol described in the previous section and with data from the same sources. 

First, the costs of revision operations were obtained from relative frequencies of HRGs as 

reported by the NHS’s PbR system on PROMs-eligible revision records for the year 2011-

2012 [125]. Table 5.36 reports the mean and SD’s of the costs associated to the revision 

THR operation by patient subgroup produced from the above frequencies and NHS 

reference costs by HRGs for the same year [126]. Relative HRG frequencies by patient 
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subgroup are reported in Appendix 44 and national average unit cost for all relevant HRG 

groups for the year 2011-2012 paid to NHS Trusts and Foundation Trusts are shown in 

Appendix 28. 

 

Table 5.36 reports higher mean costs for revisions than primaries because the former are 

generally more complex than the latter. Revision costs are also more dispersed, as 

confirmed by the higher SDs because, as opposed to primaries, revisions are not assigned 

primarily to one HRG but instead (in around 65% to 75% of cases) to two: HR04C 

“Reconstruction procedures category 3 without complications” and HR05Z 

“Reconstruction procedures category 2”, each costing the NHS £8,492 and £7,340, 

respectively [126]. Although these two HRGs are quite common for revision procedures, 

a number of operations were assigned other cost groups costing as much as £12,000 or as 

little as under £1,000. This explains the high SDs which account for as much as 6% to 

11% of the mean value, yet since no ‘well-behaved’ distribution could be accurately fitted 

to this cost distribution, we only used the mean value reported in Table 5.36 and added 

the cost of a first year of primary care to compute the costs associated to the two model 

states combining the revision procedure and the following 12 months. As with primaries, 

the costs associated to the operation are presented regardless of surgical outcome. 

 
Table 5.36 

Cost of a revision THR to the NHS by patient subgroup 

Patient subgroup n Mean SD 

Males, 45-60 years of age 499 £7,899 £885.3 

Males, 60-70 years of age 835 £8,096 £697.5 

Males, 70-80 years of age 1,247 £8,145 £479.6 

Males, 80+  years of age 488 £8,191 £941.6 

Females, 45-60 years of age 636 £7,733 £777.5 

Females, 60-70 years of age 1,080 £7,910 £664.6 

Females, 70-80 years of age 1,537 £7,996 £458.9 

Females, 80+  years of age 885 £8,001 £574.7 

 

For the costs of primary care provided to revision THR patients, we used CPRD data on 

patients with a medical diagnosis code for revision hip arthroplasty in their clinical or 

referral record on or before 31 December 2006, who were at least 18 years of age at index 

diagnosis. Controls (without record of a THR or even OA) were included and the data on 

consultations as well as prescriptions processed as described in previous sections. The 

mean number of consultations and prescriptions by controls were calculated and 
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subtracted from the figures reported for the respective cases producing, again, a measure 

of the use of resources attributable to the hip condition and intervention.  

 

Figure 5.29 shows the mean cost of consultations and prescriptions for all patients 

following a revision THR and up to eight years after the operation. Because revision 

arthroplasties are rare, the numbers of yearly observations were much lower than those of 

primaries. In fact, the 497 case records analysed for the first year after the revision quickly 

dropped to 363 by year two, 130 by year five, and 44 by the eighth year. We considered 

data only up to year eight because after that the number of cases dropped below 30 and 

the resulting total yearly costs swung unreasonably from negative to positive values, 

suggesting that the data might likely be from a biased small group of patients. Total cost 

of £72 for the first year after revision is slightly higher than costs for the analogous period 

after the primary, as expected given that revisions are usually more elaborate procedures 

performed on patients who have had problems with their original replacement. Costs after 

that do not seem to drop as quickly for revisions as they do for primaries, again a likely 

consequence of the higher complexity of the intervention.  

 
Figure 5.29 

Mean cost of consultations and prescriptions due to hip problem, 
CPRD revision THR patients by year after surgery 

 

 

In order to distinguish between primary care costs provided to Good and Poor outcome 

patients after a revision THR, we employed the same model introduced in the previous 

section. Since no threshold had been determined for outcome categories after a revision 

THR, we used, as argued in Section 5.3.4, a cut-off point of 33. And we used this 
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threshold not only for the first but for all subsequent years after the procedure because we 

had no evidence suggesting a drop in the level of OHS associated to satisfaction from the 

first to the second year after a revision, as it has been found for primaries [79]. Also, the 

model applied to revisions was based on resource use data from primary THR patients 

because COASt had collected data about resource use and OHS only from a handful of 

revision patients. Those numbers were not sufficient to estimate a model predicting 

revision surgery outcome based on the use of healthcare resources, nonetheless the 

association between outcome and resource use implicit in the model based on primary 

THR data suggests that its application on revision patients is acceptable at the least. 

 

The predictive model using 33 as a threshold for outcome categories and resource use 

data from primary THR patients was the same employed as that employed in the previous 

section for the second and subsequent years after the primary, and it is described in 

Appendix 37. The threshold of 0.3 employed for that analysis was also used in this case. 

Figure 5.30 shows how, after fitting the predictive model and distinguishing between 

outcome categories, the £72 spent on average on all revision THR patients during the first 

year immediately following their surgery hides an important gap between an estimated 

£364 invested on the primary care of likely Poor outcome patients, compared to only £38 

on patients predicted to be likely Good outcomes. The higher relative weight of 

prescriptions as part of total costs for likely Poor outcome revision compared to primary 

THR patients is also noteworthy. Whilst prescriptions accounted for 16% of Poor 

outcomes’ primary care costs during the first year immediately following a primary, this 

figure was higher at 37% for Poor outcome revision patients.  

 
Figure 5.30 

Mean cost of consultations and prescriptions due to hip problem 
during first year after revision THR by outcome category, CPRD all patients 
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Given the low number of revision cases further divided after fitting the predictive model 

to the data, results could not be presented by patient subgroups and were instead 

produced in aggregate form for all patients. Table 5.37 shows the mean cost associated to 

the model states combining revision THR and the first postoperative year where the 

differences by outcome categories are explained entirely by primary care costs associated 

to each group. Variation by patient subgroups is therefore that coming from surgery costs, 

which were estimated by gender and age groups and regardless of surgery outcome. 

Uncertainty around costs represented by the common SD within each outcome category 

is that obtained from the primary care costs analysis. Appendices 45 through 47 report the 

detailed number of consultations by staff as well as cost estimates for consultations and 

prescriptions for all patient subgroups.  

 
Table 5.37 

Costs associated to Revision THR followed by first year in either outcome  
category states: deterministic and probabilistic parameters 

State / Patient subgroup Mean SD Distribution 

Primary THR + first year in Good outcome    

Males, 45-60 years of age £7,937 £38.0 Normal 

Males, 60-70 years of age £8,134 £38.0 Normal 

Males, 70-80 years of age £8,183 £38.0 Normal 

Males, 80+  years of age £8,229 £38.0 Normal 

Females, 45-60 years of age £7,771 £38.0 Normal 

Females, 60-70 years of age £7,948 £38.0 Normal 

Females, 70-80 years of age £8,034 £38.0 Normal 

Females, 80+  years of age £8,039 £38.0 Normal 

Primary THR + first year in Poor outcome    

Males, 45-60 years of age £8,264 £337.9 Normal 

Males, 60-70 years of age £8,460 £337.9 Normal 

Males, 70-80 years of age £8,510 £337.9 Normal 

Males, 80+  years of age £8,555 £337.9 Normal 

Females, 45-60 years of age £8,098 £337.9 Normal 

Females, 60-70 years of age £8,275 £337.9 Normal 

Females, 70-80 years of age £8,361 £337.9 Normal 

Females, 80+  years of age £8,365 £337.9 Normal 

 

For the model states representing each outcome category after a revision THR, Table 5.38 

indicates the mean and SD of primary care costs that, given the low number of CPRD 

observations, was applied to all patient subgroups. These were estimated by pooling 

together all CPRD records for the years two through eight, as explained above. Large SDs 
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with respect to mean values indicate the wide variability in costs associated to each group, 

explained by the varying levels of comorbidities amongst patients. Distributions were not 

as normal as with data from patients following a primary because of the lower number of 

observations. They were still largely symmetric, however, hence the application of the 

normal distribution for the PSA. Appendices 48 through 50 show the details of 

consultations and prescriptions resource use and costs. 

 

Table 5.38 
Costs associated to second and subsequent years after THR in either outcome  

category states: deterministic and probabilistic parameters 

State / Patient subgroup Mean SD Distribution 

Second and subsequent year in Good outcome    

All patient subgroups £43 £229.6 Normal 

Second and subsequent year in Poor outcome    

All patient subgroups £261 £242.2 Normal 

 

5.6 Parameter values when using the prediction tool 

The parameter values reported throughout this chapter correspond to current practice and 

evidence about the transitions, costs and HRQL of patients referred to an orthopaedic 

surgeon for a THR in the UK. As explained in the introductory section, the cost-

effectiveness of applying the outcome prediction tool was estimated by comparing 

expected lifetime costs and QALYs based on current practice with the costs and QALYs 

expected to be produced by implementing the tool. This section explains how the 

outcome prediction tool developed under COASt would affect key model parameters and 

it presents estimates for the values that those parameters took. 

 

Five transition probabilities and the QALYs associated to several preoperative model 

states, as indicated at the beginning of this chapter, would take different values if the 

prediction tool were in use compared to current practice. The prediction tool produces an 

expected OHS at one year after the primary, if a THR were to take place. We assume that 

this information can be useful to help surgeons more efficiently direct patients to a THR 

or to long-term medical management of their problems, such that, if they are expected to 

perform poorly after the operation, patients would be better off by not going through the 

procedure. This means that the probability of being referred for a THR would be directly 

affected by the implementation of the tool, as would the probability of being referred to 

risk-factor modification because patients referred to that path are in principle considered 
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suitable for a THR. The probability of a patient going into long-term medical 

management will necessarily be adjusted to compensate for the changes made to referrals 

for the previous two surgical pathways. The probabilities of Good and Poor outcome are 

the main reason why the tool is considered in the first place, hence they will also be 

affected by its implementation, by definition leading to a smaller proportion of Poor 

outcomes. And finally, given that those patients having the operation are expected to 

perform well, and that there exists an association between outcome and preoperative 

OHS as well as between OHS and EQ-5D, the QALYs associated to all preoperative 

states but the surgical assessment would also be affected by the shuffling of patients at 

this stage. 

 

As described under Section 4.2 about the details of the outcome prediction tool, data 

from 2,092 patients were used to estimate the linear model predicting OHS at one year. 

We used the estimating dataset to explore the effects of using the prediction tool as the 

definitive guide to refer patients to a THR (including risk-factor modification), or to the 

long-term medical management state.  We assumed, therefore, that the results of the 

prediction tool compared to a set threshold would be strictly followed. Although the tool 

could not replace the knowledge and complex criteria that surgeons rely upon to direct 

potential THR patients to treatment, this analysis reported on the changes in health 

benefits expected to be obtained, and its corresponding effect on healthcare direct costs, 

from applying the tool strictly. Because the tool would guide decisions based on a 

comparison of predicted OHS against a set threshold, we used 38 as a natural cut-off 

point since that was the level used to distinguish Poor from Good outcomes throughout the 

economic model. Given its key importance, we conducted a sensitivity analysis on the 

value of the cut-off point and estimated results based on other higher and lower 

thresholds to guide patients into THR or medical management. The model, nonetheless, 

was in all cases populated by parameter values based on a definition of Poor outcomes as 

those scoring under 38 in their OHS at one year after a primary THR. 

 

The first immediate effect of applying the prediction tool was hence on the probability of 

referring patients to a THR or to risk-factor modification. We fitted the prediction model 

to the same estimating dataset and Table 5.39 shows how the proportion of patients 

referred for surgery would decrease as the threshold used for patient referral increases. 

Whilst not applying the tool in fact led to all patients in the dataset being referred for 

surgery, fitting the model to those same patients indicated that, if the threshold had been 
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38, for example, only 60% of patients currently receiving a THR would have been 

referred for the operation (or risk-factor modification) but the remaining 40% would have 

been sent for long-term medical management, instead.  

 

The application of the outcome prediction tool may guide a patient to a THR because 

predicted OHS is above the threshold, yet the patient may have a condition that needs to 

be dealt with before surgery so he or she would be sent for risk-factor modification first. 

We therefore decreased the transition probabilities leading directly to THR and to risk-

factor modification, as if they were one unit but considering their relative weights, to 

reflect the percentage reduction of patients referred for a THR implicit in Table 5.39. The 

transition probability to long-term medical management was adjusted upwards 

accordingly.  

 
Table 5.39 

Expected immediate effects of implementing the outcome prediction tool 

Threshold  
OHS point 

% referred 
for THR 

% Poor outcomes 
after THR 

Mean OHS 
gain forgone 

32 95.7 28.3 16.6 

34 90.1 25.6 18.6 

36 78.0 21.4 22.2 

38 60.6 16.6 23.9 

40 38.8 9.3 24.2 

42 20.8 5.8 24.1 

 

As a result, whilst Table 5.4 in Section 5.2.8 reported that, under current practice, 17% of 

patients are referred for long-term medical management and 83% are considered suitable 

for a THR, these figures would change considerably if the outcome prediction tool were 

to be applied. As only predicted Good outcome patients would be considered for a THR, 

applying the tool at a threshold of 38 would reduce the proportion of suitable THR 

candidates to 60% of the current 83% THR referral rate, hence 50% of patients seen at a 

surgical assessment would be referred directly for a THR or to risk-factor management, 

and the other half for long-term medical management. This is shown in Table 5.40, where 

the original SD obtained from the expert elicitation exercise was kept and the 

corresponding Beta parameters calculated. The effects over THR and risk-factor 

modification were apportioned respecting their original relative weights, which produced 

the values shown in Table 5.40. The distribution of risk-factor modification parameter 

values for PSA was obtained empirically, i.e. by applying the corresponding reduction to 

the original distribution of experts’ opinions, because a Beta distribution did not fit 
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properly. Since these transition probabilities were applied after removing deaths according 

to mortality rates, the values assigned to the direct transition to THR were calculated by 

subtracting those reported in the table from 1. Appendix 51 shows the corresponding 

values for the application of the tool at alternative threshold points. 

 

Table 5.40 
Preoperative probabilities with the tool: deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to risk factor modification 0.082 0.093 Empirical   

Surgical assessment to long-term medical management 0.495 0.208 Beta 2.365 2.413 

 

Since the outcome prediction tool produces an expected OHS whose main predictor is its 

own baseline measure, and we also established that OHS is correlated with HRQL with 

the work presented in Chapter 3, a change in patient referral patterns based on the tool 

would change the utilities associated to preoperative states. This would necessarily be true 

in the estimating dataset, because these data were used to generate the coefficients for the 

model in which baseline OHS had the greatest impact. This is shown in Table 5.41, which 

indicates how patients with a predicted OHS lower than 38 had also lower baseline OHS 

than those whose predicted score was greater than 38.  

 
Table 5.41 

Preoperative OHS within estimating dataset of outcome prediction tool 

Patient group Observations Mean 95 % confidence interval 

All patients 2,092 16.03 15.68 16.39 

Predicted OHS < 38 824 9.94 9.59 10.29 

Predicted OHS ≥ 38 1,268 19.99 19.58 20.40 

 

Data from HES-PROMs further confirms that the EQ-5D summary scores of patients 

not reaching an OHS of 38 at one year after the primary were statistically significantly 

lower than the scores of those who did attain this threshold. Figure 5.31 shows how, for 

all patient subgroups, Good outcomes had higher health utilities before surgery than Poor 

outcomes did. Although the tool is not perfectly sensitive or specific, on average it would 

therefore be expected to increase the HRQL of patients added to the waiting list for a 

THR or sent for risk-factor modification, and to lower that of patients referred for long-

term medical management with respect to the model where the tool is not used.  
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Figure 5.31 
Pre and postoperative EQ-5D scores of Good and Poor outcome  

patients by gender, HES-PROMs data 

  

 

Since the HES-PROMs dataset did not contain all the variables used as predictors for the 

tool, we estimated a simplified version on the original EPOS-EUROHIP dataset using 

only preoperative OHS (since age and gender proved not statistically significant) to 

distinguish patients according to their predicted OHS. Appendix 52 reports on the 

resulting coefficients of the simplified model. With this approximation of a predicted 

OHS at one year, we obtained values of health utility estimates from HES-PROMs for the 

groups that would have been referred for THR or risk-factor modification, or long-term 

medical management if the outcome prediction tool were in use. Table 5.42 shows the 

resulting mean disutilities and distribution parameters separately for the two preoperative 

branches of the economic model. Appendix 18 included QALY values for all health states 

and Appendix 53 shows disutilities at the alternative threshold points. 

 

Finally, as the tool would identify potential Poor outcome patients before they have the 

operation and refer them to a non-surgical treatment, a smaller proportion of Poor 

outcomes would also be expected from those who ultimately have their hip replaced. As 

Table 5.39 showed, this was indeed the case. Since all patients in the dataset effectively 

had surgery, we know that 31% of them scored less than 38 one year after their operation. 

Keeping this criterion to classify patients as Poor outcomes, if the tool had been applied 

this proportion would have been lower, reaching 17% if the referral threshold had been 

38, or only 6% if 52 had been chosen. Table 5.43 shows the probability of Poor outcome if 

the tool had been in place using a threshold of 38 to refer patients. Although the 

aggregate proportion of Poor outcomes in this dataset (31%) was slightly lower than that 

reported in HES-PROMs (35%) and used when the tool is not implemented, most of the 

drop is due to the selective referral of patients made by the prediction tool, as indicated by 

the values reported in Table 5.43. For sensitivity analysis purposes, the corresponding 
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values for the alternative thresholds applied by the prediction tool are shown in Appendix 

54. 

 
Table 5.42 

Disutility associated to preoperative states with the tool:  
deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Risk-factor modification, and     

Reassessment after risk-factor modification     

Males, 45-60 years of age 0.497 Gamma 3.89 0.128 

Males, 60-70 years of age 0.484 Gamma 3.76 0.129 

Males, 70-80 years of age 0.490 Gamma 3.81 0.128 

Males, 80+  years of age 0.518 Gamma 4.01 0.129 

Females, 45-60 years of age 0.536 Gamma 3.84 0.139 

Females, 60-70 years of age 0.511 Gamma 3.76 0.136 

Females, 70-80 years of age 0.522 Gamma 3.87 0.135 

Females, 80+  years of age 0.539 Gamma 4.07 0.132 

Long-term medical management, and     

Reassessment after long-term medical management     

Males, 45-60 years of age 0.954 Gamma 19.55 0.049 

Males, 60-70 years of age 0.942 Gamma 20.99 0.045 

Males, 70-80 years of age 0.933 Gamma 18.17 0.051 

Males, 80+  years of age 0.948 Gamma 21.10 0.045 

Females, 45-60 years of age 0.951 Gamma 19.39 0.049 

Females, 60-70 years of age 0.946 Gamma 20.60 0.046 

Females, 70-80 years of age 0.943 Gamma 18.44 0.051 

Females, 80+  years of age 0.957 Gamma 19.51 0.049 

 

Table 5.43 
Probability of Poor outcome after Primary THR with the tool:  

deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.168 Beta 22 109 

Males, 60-70 years of age 0.165 Beta 38 192 

Males, 70-80 years of age 0.133 Beta 23 150 

Males, 80+  years of age 0.237 Beta 9 29 

Females, 45-60 years of age 0.167 Beta 19 95 

Females, 60-70 years of age 0.141 Beta 32 195 

Females, 70-80 years of age 0.178 Beta 43 199 

Females, 80+  years of age 0.234 Beta 15 49 
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5.7 Assumptions 

During the process of identifying parameter values to populate the economic model, a 

number of assumptions were made, whether because of the simplification forced by the 

fact that we were modelling a complex reality or because of limitations in the data 

available. In this section we discuss the assumptions made on the various probabilities, 

costs and health utility estimates, their possible implications and general feasibility. 

 

Although preoperative transition probabilities may vary between patient subgroups, the 

values extracted from the expert elicitation exercise were assumed to apply to all patients 

regardless of age or gender. The method of data collection posed an important limitation 

in this case. It would have been highly impractical to ask the same questions to all experts 

about each specific patient subgroup, and they may have not been able to provide 

different values for each group. Dividing the limited number of experts, to ask different 

surgeons about different subgroups, was not feasible either. A common estimate for the 

mean preoperative transition probabilities, therefore, may not capture the possible 

heterogeneity amongst groups. By including surgeons who specialise on a variety of 

patients, however, the uncertainty represented in their answers was transferred to the 

pooled probability distributions, incorporating this heterogeneity into the analysis, 

ultimately reflected in PSA results. 

 

Transitions between Good and Poor outcomes after year two post operation were estimated 

based on follow up questionnaires only up to year five. Results from EPOS records point 

to diminishing improvements over the first five years and the extrapolation of estimated 

probabilities took the levels of each outcome category to a plateau. It is possible, however, 

that over time and especially after 10 years of a primary THR many of those Good 

outcomes worsen and the proportion of Poor outcomes increases. We do not have data to 

support this, yet it seems clinically plausible. We account for this with the distributions 

assigned to transition probabilities linked to the number of patients involved in EPOS 

from whom probabilities were estimated and which added some of this uncertainty into 

the results through PSA. 

  

As patients transit in the model from either outcome category after a primary THR to a 

revision THR and then to an outcome category immediately after this, we are assuming 

that surgery outcome after the primary has no bearing on surgery outcome after revision. 

It may be possible that this is not the case but we have no data available to confirm either 
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hypothesis. However, our assumption is clinically plausible inasmuch as this assumption 

implies that patients requiring a revision would be in a similar situation concerning their 

prosthesis regardless of their state of origin when they transitioned into the Revision THR 

state. Such similarity would make them equally likely to perform well or poorly after the 

revision. Additionally, although Good and Poor outcome patients after the primary would 

not generate similar levels of HRQL or costs to the aggregate analysis, PSA did allow for 

variability such that these Good and Poor outcome patients after the primary would not be 

so different in these regards either. 

 

An important assumption was made when we used the cut-off point derived for primary 

THRs to categorise outcomes after revisions. This was done because no similar cut-off 

point has been calculated for revision THR patients. The resulting probabilities of Good 

and Poor outcomes are, nonetheless, acceptable since they imply a slightly higher 

likelihood of performing poorly after a revision, which was consistently reported by 

surgeons in the various rounds of consultations. Transition probabilities between 

outcome categories were also assumed to be equivalent after primaries and after revisions 

when those calculated for the former were applied to the latter. This was done because 

there are no datasets available with long-term follow-up of revision THR patients. 

However, we considered it is very likely that these transition probabilities are indeed 

similar because they describe patients’ response after one year following major surgery, 

which primaries and revisions both are. Assigning a distribution to these probabilities also 

reflects results accounting for the uncertainty around their true value. 

 

Finally, we applied all-cause mortality rates from the general population to patients with 

OA or other conditions possibly leading to a THR assuming that such musculoskeletal 

problems do not affect their chance of dying. Also, mortality rates applied to the first year 

after surgery, whether primary or revision, were those reported by the NJR which only 

describe the risk of death without attempting to identify whether surgery itself had any 

effect [54]. We therefore assumed that those values were a true reflection of death rates of 

patients undergoing a THR regardless of the reason, which is what the model required. 

We further assumed that outcome at one year after surgery, again whether primary or 

revision, did not have any bearing on mortality rates during that period. 

 

In regard to HRQL values, it is important to note that both pre and postoperative 

measures used for the economic model were taken at roughly the same time with respect 
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to the operation, but not necessarily at the same point in the progression of the disease. A 

recent study looking at the HES-PROMs data from 2009-10, a subset of which we used to 

inform HRQL parameters for our model, found that non-white and more deprived 

patients tend to have joint replacement operations at a point when their OHS are lower 

than their white and less deprived counterparts, suggesting they had reached a more 

advanced stage of the disease [127]. We did not explore these inequalities here, but as the 

outcome prediction tool uses preoperative OHS as the main predictor variable, it is likely 

that the tool already takes account of such different disease stages regardless of the 

patients’ race or deprivation level.  

 

Regarding the use of the outcome prediction tool, inequalities in access to health services 

in general, to appropriate referrals and to surgery itself may also have an impact on the 

tool’s effects. These inequalities have already been identified in England based on gender, 

age, deprivation, and ethnicity [128], but their possible effects on the application of the 

outcome prediction tool are outside the scope of this research. 

 

When estimating QALYs for the model’s health states, we assumed that the pattern of 

progression by outcome category during the first year after the operation in EPOS is 

generalizable to the wider population. We also assumed that the connection between 

OHS in the first and second years is representative of the changes all or most patients 

would experience. Although this might not necessarily be strictly the case, these 

assumptions are highly plausible as EPOS is a multicentre study whose main limitation is 

that the prosthesis employed in the THR was of the Exeter brand. The most frequently 

used stem in cemented THRs in England and Wales with more than 60% of the 

interventions performed in 2011 is in fact the Exeter V40, the second most common 

accounting for less than 20% of arthroplasties [54], hence data from THRs performed 

exclusively on Exeter prostheses is likely to be generalizable. Also, although assumptions 

were made about the patterns of quality of life progression, these were applied to the 

HES-PROMs dataset, a highly representative source where data was ultimately extracted 

from. 

 

The health states of Good and Poor outcome after primary or after revision are the states 

where most patients would remain for long periods of time, until death in many cases. We 

did not consider a utility decrement when assigning health utility estimates to these states, 

which resulted in patients dying whilst still at high HRQL levels, especially in the case of 
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Good outcomes. This is a potentially unfitting assumption, but it also becomes irrelevant in 

this analysis because results from the model employing the outcome prediction tool are 

compared to current practice, and if a decrement were to be applied on the grounds of 

ageing, it would affect Good and Poor outcomes equally and for both comparators, hence 

such effects would essentially cancel each other out. Therefore, final utility estimates from 

each separate model should not be considered an accurate estimation of health utilities 

obtained with or without the intervention, they should only be analysed with respect to 

one another. 

 

Because of the lack of datasets with follow-up information on revision THR patients, we 

assumed that the progression of health utility estimated from primary THR patients in 

EPOS was also applicable to revision THR patients. Although primary and revision 

patients may evolve differently during the first few months after their operation, applying 

these patterns to observed pre and postoperative scores reported by the highly 

representative HES-PROMs meant that the estimation of the parameters would still be 

highly accurate. The reason for this is that the progression patterns applied only described 

how patients move from their preoperative to their postoperative scores and not the 

scores themselves. Health utility estimates for the model states describing the second and 

subsequent years after revision THR were also affected by our assumption that the 

connection between OHS at years one and two after primary is the same as that after a 

revision operation. Again, in the absence of data describing how revision patients evolve 

from years one to two after a revision, the best approximation available was what has 

been observed in primary patients, which is what we used to populate the model. 

 

When estimating parameter distributions to characterise uncertainty around health utility 

estimates, we assumed the time-trade-off weights reported in the literature for the EQ-5D 

[62] without considering any uncertainty around such valuation. Although these values are 

commonly used when performing economic evaluations, it is important to acknowledge 

that other valuation methods exist which could ultimately produce different health utility 

estimates. 

 

Regarding assumptions about cost parameters, the costs for the Risk-factor modification state 

considered only reported primary care consultations and prescriptions by patients before 

their THR. It did not include the cost of the risk-factor modification programme itself 

because these vary according to the type of problem needing to be addressed (e.g. weight 
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reduction, blood pressure) and to date we have no reliable data on the use of these 

programmes by THR patients before the operation. Moreover, the inclusion in the model 

of separate states for risk-factor modification and long-term medical management was 

primarily justified by the intention to include a non-surgical treatment alternative as well 

as the reality of delayed primaries due to risk-factor management. We did not expect costs 

of the risk-factor modification programmes to have any significant effect on overall 

results. 

 

Surgery costs, on the other hand, were explicitly included because they are the most 

resource intensive state of the economic model and, furthermore, they were assumed to 

be the same regardless of outcome category one year after the operation. We had no 

reason to believe that there would be an association between the HRG assigned to the 

operation, whether primary or revision, and surgical outcome a year later.  

 

Costs of complications were not explicitly included but in many cases they were already 

part of the cost estimations. Perioperative complications were considered in HRG 

reference costs and primary care resource use due to complications was also part of the 

CPRD data used to produce cost estimates. However, surgical complications such as deep 

vein thrombosis (DVT), pulmonary embolism (PE), fracture, and the more recently 

explored associations between THR and myocardial infarction [129] or stroke [130] were 

excluded from the analysis. As this economic evaluation assesses the implementation of 

an outcome prediction tool after THR, the effect of costs associated to complications 

would be relevant only inasmuch as the tool changes the proportion of patients going into 

surgery and these complications appear in statistically different rates between the outcome 

categories considered. Since we lack data on the differential incidence of complications 

between Good and Poor outcome patients as defined here, and the rate of complications 

such as DVT and PE reported in other economic evaluations of THR is as low as 1% 

[47], these were not incorporated into the analysis. 

 

In using preliminary results from the COASt cohort for sections of the cost estimation 

exercise, we assumed that the cohort is representative of clinical practice and more 

generally of patients in the UK. More specifically, we assumed that the list of medications 

used after a THR as well as the pattern of resource use and its relationship with surgery 

outcome observed in COASt is similar to the overall pattern and connection in the 

country as a whole. 
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We assumed that estimating the surgery outcome predictive model at an OHS threshold 

of 33 on resource use data collected in COASt for the first year after a primary was a valid 

approximation of the coefficients and statistical significance that would have been 

obtained had the model been estimated from resource use collected during the second 

year. This was a necessary assumption, given the lack of data on resource use collected 

during the second postoperative year from THR patients with available OHS. It is also a 

feasible assumption considering that, if resource use is associated to the level of pain and 

limitations as measured by the OHS, then the timing of the measure should be irrelevant 

and the resulting coefficients would represent the number of consultations and 

prescriptions associated to the groups scoring above or below the new threshold. 

 

Regarding the application of the outcome prediction tool, we indicated that it would have 

the effect of lowering the probabilities of being referred for a THR, whether directly or 

through risk-factor modification, and that the transition probability to long-term medical 

management would increase because patients not referred for a THR would be treated 

non-surgically. We assumed that the tool would not have any direct effect over the referral 

pattern of patients originally sent for long-term medical management because those 

patients had by definition not been considered for the operation either because their 

problem would not be solved by the THR, they were unfit for surgery, or they did not 

want to have it. None of these situations would feasibly be affected by the output of the 

outcome prediction tool. 

 

Finally, we assumed that there was no correlation between model parameters within each 

model considering current practice or the application of the outcome prediction tool. The 

distinction is made because the difference between the two models is, in fact, that they are 

populated by a different set of certain probabilities and HRQL measures that are 

associated to whether the tool is used or not. Any correlation amongst parameters beyond 

the changing patterns due to implementing the prediction tool was not considered in the 

economic model. 

 

5.8 Contributions 

Section 5.2 of this chapter on the expert elicitation exercise was a direct result of the work 

by Rafael Pinedo (RP). An important contribution was received from Dr Laura Bojke and 

Marta Soares as they provided RP with a set of slides that had been previously designed 

and used to support the elicitation interview in a similar exercise at the University of York 
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and which RP adapted for this elicitation on THR preoperative transition probabilities. 

The input from all surgeons interviewed was of course greatly useful and appreciated. The 

decision to elicit experts’ opinions directly in an interview, the design of the questions, 

format of the interview, recording of responses and analysis of results were all performed 

directly by RP. 

 

To estimate all remaining parameters, a great deal of data from HES-PROMs was used. 

RP was responsible for completing and submitting the applications to the NHS 

Information Centre, obtaining approval, and ultimately uploading, accessing, cleaning, 

merging, linking and analysing the HES and PROMs data. 

 

The CPRD extract was another of the main datasets used to estimate parameters, 

principally costs. For this, RP produced the set of criteria for the data to be extracted and 

Joe Maskell (JM), at the University of Southampton’s School of Medicine at the time, 

accessed the dataset and produced large SAS files containing individual records. These 

files were then accessed, cleaned, merged, linked and analysed by RP to produce final 

parameter value estimations. As well as data from the CPRD, estimation of cost 

parameters was possible thanks to preliminary and unpublished data from the COASt 

cohort. The COASt and Biobank teams at the University of Oxford facilitated access to 

the follow-up forms of THR patients who had completed and returned them so that RP 

could enter the data, clean it and analyse it before estimating the model predicting surgery 

outcome based on resource use. Whilst organising and grouping the medication taken by 

THR patients, dsicussions with GP Dr Simon Frasier from the University of 

Southampton’s School of Medicine Primary Care Department were particularly useful. 

 

All other work presented in this chapter for the estimation of parameter values populating 

the economic model was performed entirely by RP. 
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6 Cost-effectiveness analysis of the THR outcome prediction tool 

In Chapter 5 we estimated all the necessary parameter input values to populate the 

Markov model detailed in Chapter 4. In section 6.1 of this chapter we describe how the 

model was structured mathematically before presenting final results. Deterministic results 

are presented in section 6.2 for each subgroup entering the model. These are followed in 

section 6.3 by results from the sensitivity analyses on key model parameters, and crucially, 

on the cut-off point used with the outcome prediction tool to determine which patients 

should be referred for surgery. This section includes the graphical representation of 

probabilistic results in the cost-effectiveness plane as well as cost-effectiveness accetability 

curves (CEACs), also for each patient subgroup. The chapter closes with an indication of 

contributions received for the production of these results, discussed extensively in the 

final Chapter 7. 

 

6.1 Mathematical structure of the model 

The cohort Markov model was set up in Microsoft Excel with transition probabilities 

determining the distribution of the cohort amongst the various health states after each 

cycle. The model was run for each patient group, i.e. we produced results for females and 

males entering the model at 45, 60, 70 or 80 years of age. As it was a lifetime model, we 

recorded results for the number of yearly cycles necessary for all patients in the cohort to 

move into the absorbing state of death.  

 

A two-tier system of dynamic probabilities was put into place. First, as the age of the 

patients entering the model was predefined, the cycle number was used to identify their 

age as they moved through the model and hence the appropriate all-cause age-related 

mortality was applied. All other transition probabilities were therefore adjusted at every 

cycle to reflect the lower proportion of patients still alive and moving into health states 

different from death.  Second, because we obtained parameter values for four age groups 

(45-60, 60-70, 70-80, more than 80), as patients in each cohort reached the starting point 

of the next age-group, the corresponding set of probabilities was applied. As a result, 

patients entering the model at age 45, for example, would experience not only larger 

mortality rates and lower transition probabilities to other health states as they became 

older, but they also would transition amongst states at different relative probabilities when 

they entered the model as compared to when those still alive reach 60, 70, and finally 80 

years of age.  
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In the particular case of mortality immediately following THR, for both primary and 

revision procedures, we observed that the probabilities estimated based on the most 

recent NJR report [54] and presented in Appendix 13 became, at a certain age, lower than 

the all-cause mortality rate reported by the ONS [106]. For females, this happened at age 

63, whilst for males all-cause mortality rates became greater than the estimated mortality 

after THR at 56. We used the higher of the two as the mortality rate following primary or 

revision THR.  

 

Health utility and cost estimates associated to each health state in the model were also 

updated as patients reached the following age bracket. Costs associated to model health 

states were the only ones considered since it was understood that implementation of the 

outcome prediction tool would not imply any relevant cost per patient borne by the health 

care system. As total undiscounted costs and health utility estimates were calculated for 

each yearly cycle, an annual discount rate of 3.5% was applied according to standard 

methods for technology appraisal [57] to both costs and health utilities to produce total 

present values and an estimate of the deterministic ICER for each patient subgroup.  

 

For the probabilistic analysis, we followed the standard method of independent uniform 

draws from each parameter distribution for 1,000 repetitions. Specifically for the first set 

of transitions from the starting point of surgical assessment, after applying the 

corresponding all-cause mortality rate and counting THR followed by either outcome 

category as one transition, there were three possible destinations for patients: risk-factor 

modification, long-term medical management and THR. The standard approach would 

have been to apply a Dirichlet or a series of Beta distributions to this set of probabilities, 

which would have required a common parameter that was not available with our data. As 

reported in Section 5.2.8, no distribution could be adequately fitted to some of the 

surgeons’ pooled judgements about pre-operative transition probabilities and we resorted 

to obtaining random draws from the observed empirical distribution. We therefore 

generated independent draws for the three probabilities above, whether from a fitted or 

empirical distribution, and subsequently adjusted their values maintaining their relative 

weights so that their sum was equal to 1 minus the corresponding death rate. For all other 

probabilities, alternative transitions were or could be grouped into pairs, hence only one 

random draw was necessary as the remaining probability would be the difference between 

the former and 1.  
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6.2 Cost-effectiveness results 

Expected costs and QALYs over the lifetime of the cohorts entering the model were 

calculated for current practice and the hypothetical scenario of implementing the outcome 

prediction tool with predicted OHS of 38 as the threshold to direct patients to THR 

(above 38) or to long-term medical management (below 38). Results for each patient 

subgroup, including the corresponding incremental costs and QALYs (prediction tool 

minus current practice) and the respective ICERs are shown in Table 6.1.  

 
Table 6.1 

Deterministic cost-effectiveness results, by patient subgroup 

Subgroup 
(gender, 

starting age) 

Current practice Prediction tool Incremental 
 

Costs QALY Costs QALY Costs QALY ICER 

Females, 45 11,562 14.52 10,437 10.87 -  1,125 - 3.66 308 

Females, 60 9,282 11.08 7,853 7.97 -  1,429 - 3.11 460 

Females, 70 7,891 7.93 6,199 5.56 -  1,692 - 2.37 714 

Females, 80 6,520 4.75 4,676 3.26 -  1,844 - 1.49 1,240 

Males, 45 10,086 14.61 9,055 10.70 -  1,031 - 3.92 263 

Males, 60 8,196 10.81 6,890 7.64 -  1,306 - 3.17 412 

Males, 70 7,062 7.64 5,495 5.30 -  1,568 - 2.34 669 

Males, 80 5,954 4.48 4,367 3.07 -  1,586 - 1.40 1,130 

 

As Table 6.1 shows, implementation of the outcome prediction tool is associated with 

lower costs as well as lower QALY gain than current practice for all patient subgroups. 

Whilst current lifetime costs for the average patient assessed for a surgical intervention 

vary between £6,000 and £11,500 above that which patients without a hip condition cost, 

and this for a gain of 4.5 to 14.5 QALYs with values mainly depending on age, 

implementing the outcome prediction tool would reduce such costs by £1,000 to £1,500 

but also reduce QALY gain by as much as four years in full health, or its equivalent.  

 

As a result, ICERs were estimated to be around £250 to £300 per QALY forgone for 

men or women assessed at 45 years of age, up to £1,100 to £1,200 per QALY lost for 80-

year-old men or women considered for a THR. If these results had originated from the 

NE quadrant of the cost-effectiveness plane, then such ICERs would have suggested 

implementing the outcome prediction tool as a highly cost-effective intervention costing 

significantly less than £30,000 per QALY gained. However, as the prediction tool would 

reduce costs at the expense of QALYs gained, thus placing the cost-effectiveness ratio in 
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the SW quadrant, only ICERs above £30,000 per QALY forgone might be considered 

cost-effective under the assumption that the health care system would be willing to reduce 

costs at the expense of length and quality of life at the same rate that it is willing to adopt 

technologies which increase QALYs at a positive cost. Hence, the above deterministic 

results suggest that the outcome prediction tool would only be cost-effective if the health 

care system were willing to exchange reduction in costs for reduction in length and quality 

of life at a rate lower than the reported ICERs. 

 

Figure 6.1 illustrates how, for typical assessments falling in the NE quadrant, cost-

effectiveness is associated with ICERs lower than the threshold, whereas when results are 

in the SW quadrant this is the other way around. Saving costs at the expense of QALYs 

may be considered by many as unethical. Nevertheless, if the resources saved can be 

reallocated to technologies capable of producing more QALYs than those displaced at a 

cost per QALY lower than the threshold, then adoption of both interventions would lead 

to a net health benefit for society. This may justify extending the cost-effectiveness 

threshold applied in the NE to the SW quadrant as well. We show this in Figure 6.1 where 

point “h” in the SW quadrant could be deemed potentially cost-effective because it would 

save £60,000 whilst reducing one QALY, as long as those resources are reinvested in a 

cost-effective technology in the NE quadrant such as point “d”, which with half of the 

money saved would produce two QALYs. Adopting both technologies associated with 

points “h” and “d” in Figure 6.1 would jointly save £30,000 and produce one additional 

QALY, a result that if provided by a single technology would have been considered 

dominant. Although it is not an objective of this thesis to explore in detail any 

disinvestment models, this analysis helps to clarify how unusual results in the SW 

quadrants, such as the ones obtained in our assessment, can be considered potentially 

cost-effective, among other conditions, if their ICER is higher than the cost-effectiveness 

threshold. 

 

Another helpful way to analyse results where incremental costs and QALYs are both 

negative is the net benefit approach. We calculated the net monetary benefit (NMB) of 

each intervention by combining both the expected cost and QALY outputs of each 

alternative into one unique measure in monetary terms. To do this, QALYs were 

converted into the same unit as costs by multiplying them by a set willingness-to-pay ratio 

and subtracting costs from the result. The intervention producing the highest NMB could 

then be considered the more cost-effective alternative. As Table 6.2 shows, at a 
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willingness to pay threshold of £500 per QALY, using the outcome prediction tool 

produces a higher NMB than current practice for both men and women entering the 

model at 70 or 80 years of age. At this threshold level, the result would be a net monetary 

loss for those and all other subgroups, meaning that costs would exceed the value 

assigned to the QALYs gained. The higher NMB for patients above 70 years of age under 

the scenario of using the tool is consistent with ICERs reported in Table 6.1, which are 

above the willingness to pay threshold of £500 per QALY for these patient subgroups. At 

a threshold of £1,000 per QALY, only the patient subgroups surgically assessed at 80 

years of age would get a higher NMB with the prediction tool than under current practice, 

again in line with ICERs reported above considering that results are in the SW quadrant. 

As the willingness to pay threshold increases, approaching the current acceptable range of 

£20,000 to £30,000 per QALY, current practice produces much higher (and positive) 

NMB for all patient subgroups.  

 

Figure 6.1 
Cost-effective regions in the NE and SW quadrants of the CE plane 

 

 

Both Tables 6.1 and 6.2 show how results differ only slightly by gender and that the 

majority of variation is driven by the age at which patients are assessed for a surgical 
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intervention. Figure 6.2 illustrates this, with incremental results for all patient subgroups 

found in the SW quadrant of the cost-effectiveness plane and results moving towards 

greater cost reduction and lower QALY loss as age increases. It is noticeable how results 

by gender also diverge as patients’ age entering the model increases, particularly in terms 

of cost reduction. 

 
Table 6.2 

Net monetary benefit (£) by patient subgroup  
at selected levels of willingness to pay 

 £500/QALY £1,000/QALY £10,000/QALY £20,000/QALY 

 Current Tool Current Tool Current Tool Current Tool 

Females, 45 - 4,301 - 5,003 2,960 430 133,664 98,235 278,890 206,908 

Females, 60 - 3,743 - 3,867 1,796 119 101,496 71,862 212,273 151,577 

Females, 70 - 3,927 - 3,419 37 - 640 71,394 49,390 150,679 104,979 

Females, 80 - 4,144 - 3,044 - 1,768 - 1,412 41,001 27,970 88,522 60,616 

Males, 45 - 2,778 - 3,705 4,529 1,644 136,057 97,937 282,199 204,928 

Males, 60 - 2,792 - 3,072 2,612 746 99,884 69,463 207,965 145,815 

Males, 70 - 3,241 - 2,845 580 - 196 69,362 47,494 145,787 100,484 

Males, 80 - 3,716 - 2,831 - 1,478 - 1,295 38,807 26,354 83,568 57,076 

 

Figure 6.2 
Incremental cost-effectiveness results by patient subgroups 

 

 

Results in Table 6.2, indicating that the introduction of the outcome prediction tool would 

reduce costs but also produce less QALYs than current practice of THR referral, are 

mainly driven by the tool’s diverting patients from THR to long-term medical 

management in order to minimise Poor outcomes after surgery. This is confirmed by 
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Figure 6.3 (A) which shows how, for women of 70 years of age (Females 70-80 being the 

subgroup with most THRs in the UK) under current practice, the proportion of patients 

in the non-surgical alternative starts under 20% and decreases progressively, with a high 

proportion of Good outcomes after primary THR exceeding 50% early in the simulation 

and Poor outcomes topping around 18% during the first few cycles of the model. If the 

outcome prediction tool were implemented, the model indicates that we should in fact 

expect Poor outcomes to stay under 10%, but by doing so many potential Good outcomes 

would be sacrificed. This health state would hold less than 40% of the cohort at any time, 

with roughly as many patients in it throughout all cycles as in long-term medical 

management, as shown in Figure 6.3 (B).  

 

Figure 6.3 
Relative survival in key model states, Females 70 years of age 

(A) Current practice 

 

(B) Outcome prediction tool 
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The different distribution of patients produced by the outcome prediction tool combined 

with the high QALY values associated to Good outcome (around 0.7) and low values 

whilst patients are in long-term medical management (roughly 0.05, derived from the 

disutilities reported in Table 5.42) explain the lower expected QALYs produced if the tool 

were applied as compared to current practice. This is also the case with costs. Although 

the annual primary care cost of a Good outcome after primary THR is no more than £34, 

being on long-term medical management costs the NHS only an estimated £90 to £120 a 

year. Keeping many patients from receiving a THR might hence increase slightly overall 

primary care costs, but it would also save or delay expenses of £6,000 to £6,600 on the 

primary THR, and therefore in some cases also a revision procedure costing £7,700 to 

£8,500. These sizeable savings explain why introducing the outcome prediction tool 

would be cost-saving with respect to current practice. 

 

The reduction of QALY difference between the two alternatives as age increases, which 

was shown in Figure 6.2, can hence be understood based on the reduced survival of older 

patients, which also reduced the number of years adding less QALYs via the long-term 

medical management state compared to Good outcome after THR. In the case of the 

growing difference in costs, the outcome prediction tool would produce greater savings 

with older patients because a much smaller proportion of the total cohort would 

ultimately be referred for surgery compared with current practice and the slightly higher 

costs of being held at the long-term medical management state would not amount to any 

relevant magnitude in the opposite direction.   

 

6.3 Sensitivity analysis 

The results presented above indicate that implementing the outcome prediction tool 

would be cost-saving but it would also produce less QALY gain than current practice, on 

average. These results were the product of bringing together average probabilities linking 

14 health states as well as average costs and QALYs for each in a mathematical 

simulation. Although most of the data analysed came from very large and representative 

patient-level datasets such as HES, PROMs, NJR and the CPRD, thus providing a high 

level of confidence around parameter value estimates, it is nonetheless important to 

explore the effect that uncertainty in key parameters may have on final results. We 

therefore conducted one-way sensitivity analyses on the discount rate and on the health 

utility estimate applied to long-term medical management, as this is the parameter value 

for which there was no highly representative data and therefore the one subject to the 
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largest uncertainty. We also performed a sensitivity analysis on the cut-off point assumed 

by the outcome prediction tool to direct patients to THR or to long-term medical 

management as the non-surgical alternative. The above analyses were performed only on 

females entering the model at 70 years of age to illustrate effects, because of the eight 

subgroups considered this is the largest one receiving THRs in the UK. Finally, we 

performed a fully probabilistic sensitivity analysis to reflect the uncertainty in all parameter 

values in decision uncertainty via CEACs.  

 
As discussed in the previous section, the average health utility estimate for long-term 

medical management when the prediction tool is assumed to be in place played an 

important part in the tool producing less QALYs than current practice. Although its low 

value (around 0.05) was justified by the tool’s discriminatory raison d’etre based primarily 

on preoperative OHS, as explained in Chapter 5, we performed sensitivity analysis on the 

QALY estimate associated to this state in order to ascertain whether it affected results in 

any significant manner. As Table 6.3 shows, varying the mean value of health utility 

assigned to this health state in five equal steps from the low 0.05 to the same value applied 

to the simulation for current practice (0.334) increases the QALY gain when using the 

tool but not enough to reach the levels attained by current practice, ceteris paribus. The 

difference in QALY gain is driven by the higher proportion of Good outcomes in current 

practice and which, if the prediction tool were implemented, would have been kept from 

surgery in long-term medical management because of the tool’s imperfect specificity. 

 

As is customary in economic evaluations and suggested in NICE’s Guide to the methods 

of technology appraisal [57], we performed sensitivity analysis by dropping the discount 

rate for both costs and benefits from 3.5% to 1.5%. The results obtained when applying 

this lower rate did not affect results in any significant way. Both incremental costs and 

QALYs were again in the negative range, with costs savings slightly larger (£1,712 instead 

of £1,692) and QALYs lost increasing marginally, from 2.37 to 2.78. In neither of the 

above two cases would the expected effects of changing original mean values be enough 

to change the decision of not adopting the tool, unless the health service were willing to 

forgo QALYs for savings at a rate of only £1,600 to £1,700 saved per QALY lost.  

 

Arguably the largest uncertainty of all parameters is that associated to the application of 

the outcome prediction tool itself, as all results modelled here are, although based on the 

patient-level data used to estimate the statistical tool, hypothetical. We therefore 

conducted a sensitivity analysis on the cut-off point at which the outcome prediction tool 
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would be used to direct patients into surgery, or not, to explore potential effects on final 

results. By changing this cut-off point, five probabilities and a number of health utility 

estimates would all change: the probabilities of being referred for a THR, for risk-factor 

modification, for long-term medical management, the probabilities of Good and Poor 

outcome, and the QALY estimate for all preoperative states with the exception of surgical 

assessment. Since the base case analysis used 38 as the reference cut-off point for the 

prediction tool, we adjusted the above model input parameters accordingly for scenarios 

where the tool would direct patients based on cut-off points of 32, 34, 36, 40 or 42. Table 

6.4 shows the resulting total costs and QALYs of each alternative as well as the 

corresponding incremental differences and ICERs. 

 

Table 6.3 
Sensitivity analysis on health utility estimate for long term medical management,  

females 70 years of age 

Mean health utility 
estimate 

Current practice Prediction tool Incremental 

Costs QALY Costs QALY Costs QALY 

0.057  
(base case) 

7,891 7.93 6,199 5.56 - 1,692 - 2.37 

0.112 7,891 7.93 6,199 5.73 - 1,692 - 2.20 

0.167 7,891 7.93 6,199 5.91 - 1,692 - 2.02 

0.223 7,891 7.93 6,199 6.08 - 1,692 - 1.85 

0.278 7,891 7.93 6,199 6.26 - 1,692 - 1.67 

0.334  
(current practice) 

7,891 7.93 6,199 6.43 - 1,692 - 1.50 

 

Table 6.4 
Sensitivity analysis on the cut-off point applied by the outcome prediction tool,  

females 70 years of age 

 Current practice Prediction tool Incremental 
 

Cut-off point Costs QALY Costs QALY Costs QALY ICER 

32 7,891 7.93 7,630 7.02 -261 -0.91 288.72 

34 7,891 7.93 7,394 6.67 -497 -1.26 394.74 

36 7,891 7.93 6,896 6.18 -995 -1.75 569.83 

38 
(base case) 

7,891 7.93 6,199 5.56 -1,692 -2.37 714.19 

40 7,891 7.93 5,337 4.95 -2,554 -2.97 858.80 

42 7,891 7.93 4,648 4.58 -3,243 -3.35 967.34 

 

As expected, with changes to the parameters of the simulation under application of the 

prediction tool, total costs and QALYs for current practice considering the cohort of 70-
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year-old women did not change, but those for the tool did. As the tool becomes more 

lenient and directs patients with predicted postoperative OHS under 38 for a THR, 

savings with respect to current practice are reduced because more patients ultimately have 

their hips replaced. Application of the tool thus calibrated would also mean that the 

QALYs generated would approach those attained by current practice because more 

potential Good outcomes wrongly held back before in long-term medical management 

would now be put forward for a THR, hence attaining the higher QALYs that the 

operation achieves on most patients. The opposite effect was obtained when parameters 

were adjusted to a prediction tool that applied cut-off points higher than 38 to decide 

which patients should receive a THR or not: more money would be saved but more 

QALYs would be forgone.  

 

Figure 6.4 visibly illustrates this. As the cut-off point applied by the outcome prediction 

tool increases, the percentage of patients referred for THR decreases and so does the 

proportion of Poor outcomes, which is the main purpose of the tool. However, as most 

patients kept from receiving the potential benefits of surgery would have benefited from 

the THR, the average OHS gain due to surgery but forgone because those patients were 

kept back in long-term medical management, increases. A prediction tool operating with a 

cut-off point below 32 would not serve any purpose because at 32 it would be expected to 

produce only slightly above 30% of Poor outcomes, which some patient subgroups already 

report under current practice, as reported in Chapter 5. In summary, the more stringent 

the prediction tool, the deeper into the SW quadrant of the cost-effectiveness plane it 

would move with respect to current practice. It must be stressed that this sensitivity 

analysis did not affect the costs or postoperative health utilities for Good and Poor 

outcomes throughout the model. These were calculated assuming the 38 and 33 OHS cut-

off points described in the corresponding section hence implying that if the tool used a 

different threshold to direct patients, transitions to either outcome category would change 

but the costs and utilities patients accrue whilst in those states would not.  

 

Finally, in order to reflect the uncertainty of all model input parameters not only 

individually but also simultaneously as uncertainty around the decision to adopt the 

prediction tool, we conducted a full probabilistic sensitivity analysis by allowing all 

parameter values to change stochastically and independently based on their respective 

distribution (as identified in Chapter 5). Figure 6.5 shows the results of running 1,000 

Monte Carlo simulations and placing the corresponding incremental costs and QALYs on 
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the cost-effectiveness plane for women and men entering the model at 70 years of age. As 

the Figure shows, the great majority of the simulations placed incremental cost-

effectiveness results on the SW quadrant. More specifically, in 87% of cases for women 

and 88% of cases for men 70 years of age, implementing the tool was expected to cost 

less but also produce less QALYs than current practice. The mean incremental costs and 

QALYs of all simulations and respective ICERs are presented in Table 6.5, showing, as 

expected, nearly the exact same results as the deterministic analysis reported in Table 6.1.  

 

Figure 6.4 
Effects of applying the prediction tool at selected cut-off points 

 

 

The pattern of high concentration of probabilistic results in the SW quadrant observed in 

Figure 6.5 for 70-year-old women and men changed only slightly with age, with the 

younger cohorts reporting the lowest percentage of simulations in the SW quadrant (78% 

for both men and women) and the oldest ones performing essentially the same as the 70 

year olds. Equivalent plots for all remaining patient subgroups are shown in Appendix 55. 

 

Running the series of Monte Carlo simulations produced a CEAC, which is shown in 

Figure 6.6 only for women entering the model at 70 years of age (as Figure 6.2 confirmed, 

there is no significant difference in results by gender). The curves representing the 

probability that either current practice or the tool would be deemed cost-effective at the 

various thresholds represented in the x-axis crossed at a point between £700 and £800 per 

QALY. This is consistent with the above-reported ICERs of £714 (deterministic) or £695 

(mean probabilistic). As shown in the previous section, NMB was higher for the 

prediction tool (thus making it cost-effective) only when the ICER was higher than the 



 

189 

 

willingness to pay thresholds; once the threshold exceeded the ICER, current practice 

became the cost-effective intervention. This is shown in Figure 6.6 by the decreasing 

probability of the outcome prediction tool being cost-effective as the threshold increases, 

with this probability falling under that for current practice at a point exactly or near the 

ICER for women entering the model at 70 years of age. 

 

Figure 6.5 
Results of Monte Carlo simulations on the cost-effectiveness plane 

(A) Females, 70 years of age 

 

(B) Males, 70 years of age 

 

 
It is important to stress, however, that the range of willingness to pay thresholds within 

which implementing the outcome prediction tool would be cost-effective refers actually to 

scenarios of cost reduction and less QALYs generated with respect to current practice. 

This is effectively the range of willingness to pay thresholds at which both alternatives 
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produce net monetary losses, with the outcome prediction tool generating lower net losses 

than current practice. It is, ultimately, a range of ‘willingness to save’ resources at the 

expense of QALYs forgone. CEACs reported in Appendix 56 show this for all patient 

subgroups, for which we found no significant differences between genders and a slight 

trend depending on age. The range of willingness to pay thresholds at which the outcome 

prediction tool remains cost-effective increases as the age of patients gets higher. Figure 

6.7 shows this for female patient subgroups. In other words, if the willingness to save 

resources at the expense of QALYs forgone progressively drops from £30,000 per 

QALY, for example, implementing the outcome prediction tool would become cost-

effective for older patients first, and then gradually for younger cohorts. 

 
Table 6.5 

Mean probabilistic cost-effectiveness results 

Subgroup 
(gender, 

starting age) 

 Incremental 
 

 Costs QALY ICER 

Females, 45  -  1,236  - 3.91      316  

Females, 60  -  1,533  - 3.29      465  

Females, 70  -  1,720  - 2.47      695  

Females, 80  -  1,990  - 1.54   1,295  

Males, 45  -  1,055  - 3.98      265  

Males, 60  -  1,403  - 3.33      420  

Males, 70  -  1,581  - 2.34      674  

Males, 80  -  1,755  - 1.47   1,195  

 

Figure 6.6 
Cost-effectiveness acceptability curve, Females 70 years of age 
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Finally, the probabilistic sensitivity analysis allowed for the calculation of the expected 

value of perfect information (EVPI), a measure of the loss in monetary units of making a 

decision under uncertainty [82]. Using the NMB approach, we calculated the mean net 

benefit of maintaining current practice and not implementing the prediction tool, which 

was the best decision based on the above results, and subtracted that value from the mean 

NMB of the best alternative, regardless of which it was, for all 1,000 Monte Carlo 

simulations for females entering the model at 70 years of age. We obtained an EVPI of 

£1,856, which is to be interpreted as the monetary equivalent of the loss per patient due 

to the uncertainty surrounding decision making. Combining this value with the expected 

lifetime of the technology being assessed and the number of patients who can benefit 

from it, an expected population EVPI could be calculated against which potential research 

funding could be compared in order to determine whether research aiming to address the 

uncertainties affecting the model would be a worthwhile investment. 

 

Figure 6.7 
Probability of cost-effectiveness of the outcome prediction tool 

 

 

The sensitivity analyses reported in this chapter addressed only the uncertainty around 

parameter values, which was considered to be the most relevant for this assessment. 

Other sources of uncertainty such as methodological or structural were not addressed, but 

further research could explore whether those other sources of uncertainty could 

potentially be driving results as obtained with the model and parameter values presented 

here. 
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6.4 Contributions 

This chapter was entirely developed by Rafael Pinedo. 
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7 General discussion and the road ahead 

Based on the results presented in Chapter 6 as well as on the analyses described in the 

previous chapters, we discuss next some of the main considerations that we hope will 

contribute to a better understanding of the economics of THRs in the UK and the 

potential use of an outcome prediction tool to minimise less than satisfactory outcomes 

after such a successful operation. We begin by discussing the results from the economic 

evaluation of the outcome prediction tool for THRs and continue with a reflection on the 

findings identified during the estimation of model parameter values. We continue with a 

general discussion about data sources and then explore some of the implications of our 

model, linking resource use with surgery outcomes. Finally, we consider the potential 

meaning of our work in light of prediction tools in general as well as their economic 

evaluations, before closing the chapter with the strengths and limitations of our work and 

possible lines of future research not detailed in the previous sections of the chapter. 

 

7.1 On the cost-effectiveness of the outcome prediction tool for THR 

7.1.1  First known assessment 

This assessment is the first recorded economic evaluation of an outcome prediction tool 

for THR that we know of. The literature review reported in Chapter 2 found economic 

evaluations of THRs exploring prophylactic interventions, blood donation, transfusions, 

an important number of studies comparing THR against other surgical and non-surgical 

interventions, as well as assessments of cost-effectiveness of different prostheses. 

Evaluations of THR against other surgical methods are the most common amongst the 

recent assessments, which is consistent with the belief that THRs are unarguably a highly 

effective and cost-effective intervention. As shown in the literature review, however, little 

or no attention has been paid to those patients who do not perform well after surgery, 

those who still feel pain and experience difficulty moving about and carrying out regular 

activities, and who are therefore understandably dissatisfied. This is the first known 

assessment exploring the expected costs and benefits, in terms of HRQL, of a tool aimed 

at reducing the number of such outcomes after THR not only in the UK but the world 

over. 

 

This economic model joins only two previous ones which explicitly recognise that THR 

patients are not all similar after the operation and that, as a result, the model structure 

should acknowledge this with separate model states for the different surgery outcome 
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groups. As reported in Chapter 4, Chang and colleagues had used ACR functional 

classification to split outcomes into successful (Class I) or fair (Class 2), the remaining 

possible transitions being revision within a year and death [19]. This was in 1996, and the 

following year Saleh and colleagues built three categories into their model based on the 

HHS: good to excellent, fair, or poor [43]. Although eight years later Kalairajah and 

colleagues compared the HHS to the OHS and proposed a classification with four 

categories for the latter [61], no economic evaluation with separate health states reflecting 

these categories has been published to date. The present assessment provides substantial 

grounds to support the separation of outcome categories after THR based on significantly 

different PROMs and primary care costs for the two outcome categories we used in our 

model.  

 

We found that, based on data from over 68,000 patients with records collected via the 

PROMs initiative, those scoring above 38 in their OHS one year after surgery were 

associated to a mean EQ-5D summary score of 0.86 to 0.90 depending on the patient 

subgroup also a year after the operation, whilst for those patients scoring under 38 the 

mean value was 0.49 to 0.59. This wide difference was also found when estimating 

primary care costs after surgery based on data from over 13,000 THR patients as 

compared to many more controls in the CPRD datasets. By applying a model estimating 

outcome category based on resource use, we identified mean primary care costs during 

the first year after surgery for those we termed Good outcomes that were lower than 

similar expenses by controls, whereas patients estimated to be Poor outcomes were 

associated with average costs ranging from £263 to £312 over that spent by the NHS on 

their respective controls. Data from large and representative datasets confirm that not all 

THR patients are the same and therefore they must not be pooled into a single model 

state when performing economic evaluations of THR for which this distinction is 

relevant. 

 

As reported above and detailed throughout Chapter 5, the economic evaluation presented 

here used estimations for health utility and cost obtained from large patient-level data sets 

as parameters values for model states representing outcome categories. This had never 

been done before, as Chang and colleagues elicited utility values and did not include 

primary care costs after surgery hence assuming equal costs between their successful and fair 

categories [19], whilst Saleh and colleagues did not use health utilities but only 

probabilities and costs to produce their results, the latter varying by outcome categories 
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only by assuming that one of them would experience complications but the others would 

not [43]. Data sets such as HES-PROMs and the combination of CPRD with the COASt 

cohort allowed us to produce, for the first time, specific and accurate patient-level 

estimations of costs and health utilities of outcome categories after THR. The benefits of 

the model structure and data analyses applied for this economic evaluation can 

furthermore be used for similar assessments of TKRs, for example, for which PROMs are 

also routinely collected from NHS patients.  

 

7.1.2  No grounds for rationing 

The outcome prediction tool for THR developed under COASt would, as intended, 

reduce the number and proportion of unsatisfactory and Poor outcomes after the 

operation, saving NHS resources in the process. However, the tool would do so at the 

cost of keeping a number of patients from surgery who would have otherwise improved 

significantly in their OHS and HRQL, meaning that the tool would also produce less 

QALYs than current practice. The highest savings per QALY forgone were reported 

from the oldest patient subgroups (men and women 80 and above) with a reported ICER 

around £1,200 per QALY, a likely uninteresting alternative for a health care system 

normally willing to adopt interventions that would generate and not lose QALYs at a cost 

not exceeding £30,000 per QALY.  

 

The tool described in Chapter 4 would not be a cost-effective alternative for the NHS in 

the UK. The net benefit analysis performed indicates that the application of the tool is 

consistently associated to lower net benefits when these are positive for both 

interventions, and it would only be preferred to current practice when both accept net 

benefit losses. This is mostly due to the QALYs potentially added by the THR but 

forgone by patients kept from surgery if the tool were implemented. Keeping patients 

from surgery, therefore, appears unlikely to be cost-effective for any tool applied to such a 

highly successful operation, unless the tool is extremely sensitive and specific, to a level 

that the one assessed here appears not to reach. 

 

In this context, it seems highly unlikely that simple preoperative OHS could direct 

patients more efficiently than current practice, or even compared to the prediction tool 

assessed here. Nonetheless, documents such as the 2010/11 South West London 

Effective Commissioning Initiative [131] suggest that a primary THR should be provided 

to patients as long as they have  a preoperative OHS lower than 26, or if other criteria 
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involving pain and functional limitation are met. Justification for this specific threshold is 

not provided, other than a reference about patients with preoperative OHS below 20 

achieving the greatest benefit from THR [60], which does not appear clearly stated in the 

publication nor does it address cost-effectiveness considerations behind the definition of a 

cut-off point to consider THR. The same criterion was applied by the former Cheshire 

and Merseyside PCT [132], whilst Derby City and Derbyshire specified a cut-off of 30 or 

above to fund a primary THR [133], again with no indication of evidence to justify the 

specific OHS threshold and furthermore pointing in the opposite direction compared to 

the South West London document, i.e. that THRs should be performed on patients who 

are not at their worst in pain and mobility. The outcome prediction tool assessed in this 

evaluation considered not only preoperative OHS but also age, BMI, and a number of 

environmental and surgical variables to predict OHS at one year after surgery. This 

prediction model is more comprehensive and appropriate than using merely preoperative 

OHS to guide the decision about performing a THR or not, and it did not prove cost-

effective. Using only preoperative OHS would most likely be associated to even higher 

net benefit losses than those found for the outcome prediction tool, which suggests that 

the rationing policy based on OHS should be stopped.  

 

7.1.3  Synergy 

We produced cost-effectiveness results for the use of an outcome prediction tool serving 

as a strict decision maker when it comes to referring patients for a THR or not. This is 

not necessarily the limit of the tool’s cost-effectiveness because instead of stringently 

deciding whether patients should be referred for a THR or not, the prediction tool could 

potentially complement the surgeon’s assessment and proposed course of action. In fact, 

a multi-criteria process is a more likely scenario since it is not reasonable to imagine any 

statistical tool as a substitute for the complex evaluation that orthopaedic surgeons 

conduct. The significant improvement experienced by THR patients is a testament to the 

marvels of the procedure, the expertise of surgeons, and their ability to identify patients 

who would benefit a great deal. The prediction tool, instead, was specifically designed to 

predict outcome by looking at the evidence from thousands of patients. The proper 

combination of the two could produce a joint THR surgical assessment capable of 

producing even more net benefits than current practice.  

 
This research, as many previous ones, found solid ground to continue supporting THRs 

widely. It remains a fact, however, that many patients are unsatisfied and experiencing 
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pain and limitations after surgery, in some cases even worse than they had before the 

operation. Not all such cases are amenable to being prevented given the natural 

complexities of the operation and the human body, but the number and proportion of 

those worse outcomes could be reduced. Efforts to develop a more sensitive and specific 

tool must therefore continue. The outcome prediction tool developed under COASt 

moved us a great deal closer to understanding and being able to identify when a patient is 

most likely to perform poorly after a THR. It is possible that a modified assessment by 

surgeons which considers results from the outcome prediction tool would achieve not 

only the desired reduction of poor outcomes but also a higher net benefit than current 

practice.  

 

7.1.4  New tool or new definition of outcome categories? 

Figure 6.4 in the previous chapter summarised the main reason why implementing the 

tool is expected to produce less QALYs than current practice, showing the high and 

increasing levels of improvement in OHS forgone as the outcome prediction tool’s cut-

off point rises. The prediction tool simply isn’t sensitive and specific enough; or in other 

words, a THR is just a remarkably effective intervention producing notable increases in 

the disease-specific outcome measure as well as in a generic HRQL one, even for patients 

labelled as Poor outcomes based on a combination of satisfaction and OHS.  

 

One way forward is to work on improving the statistical tool. Other potential predictors 

of outcome such as the volume of operations performed in the hospital or the experience 

of the particular surgeon performing the operation, have previously been found to be 

associated with outcome not only for hip procedures [60, 134] but also for arthroplasties 

of the knee[135], and could be included. More complete data not requiring as much 

imputation of missing values could also be employed in the estimating sample to produce 

a more accurate tool. 

 

Improving the predictive power of the tool seems necessary for it to achieve better QALY 

results by keeping from surgery only the small proportion of patients who would not 

improve, or would do so only slightly, whilst sending all others achieving significant 

QALY gains through to surgery. The sensitivity analysis conducted around the OHS cut-

off point at which the tool would direct patients to THR or to long-term medical 

management showed that regardless of the cut-off, the prediction tool, as developed, 

would not be able to achieve better QALY results than current practice (see Table 6.4 in 
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Chapter 6). It is, therefore, not a matter of calibrating the current prediction tool. A 

second approach to improve performance of the tool could involve the adjustment of all 

model input parameters associated to what we termed Good and Poor outcomes based on 

OHS threshold of 38 to reflect the various thresholds identified by Arden and colleagues 

[79] for specific patient subgroups based on gender, age, baseline OHS, BMI and 

expectations. 

 

Given the significant effectiveness and cost-effectiveness of THRs as they are performed 

in the UK, we believe that a new description of the outcome group intended to be 

prevented is the optimal way forward. We furthermore believe that this outcome group 

should be limited to those patients who do not improve in their OHS or EQ-5D, or who 

do so only very slightly. Using the postoperative OHS threshold of 38 to distinguish 

between two outcome categories and employing an outcome prediction tool to prevent 

patients from falling into the lower scoring group is a waste of potential significant 

improvements in HRQL. The basis for this OHS threshold was that it was found to be 

the level that best distinguishes between satisfied and unsatisfied THR patients. 

Satisfaction does not, however, seem to be a valid proxy for HRQL gain. Figure 5.31 in 

Chapter 5 showing the notable improvement in EQ-5D summary score of those labelled 

as Poor, and hence likely unsatisfied outcomes, confirms this. A new definition of the 

outcome category, grouping patients who do not or only hardly improve after the 

operation, needs to be established and if a prediction tool capable of accurately identifying 

them can be developed, then we may have found a way to make THRs in the UK even 

more cost-effective than they already are.  

 

7.2 On findings based on parameter inputs 

One of the important strengths of this economic evaluation is that the Markov model 

employed for the assessment was populated, with the exception of preoperative 

probabilities, with parameter inputs estimated from large patient-level datasets. The 

analyses performed on those data sets and the values obtained are informative in their 

own right.  

 

7.2.1  Demonstrating improvement 

We have referenced numerous publications indicating that THRs are highly effective and 

cost-effective interventions [8, 14, 16-18]. Since the early 1990’s researchers have been 

pointing at this surgical procedure as one producing great benefits at relatively low costs. 
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But it has not been until now, with the PROMs initiative in place for several years, that we 

can confidently explore the improvements brought about by this intervention, based on a 

very large sample progressively approaching the entire population of THRs in the UK. 

 

Based on the PROMs data that we analysed for this assessment, mean OHS improved 19 

to 21 points in the period covering 6 months to one year between pre and postoperative 

measures for all patient subgroups. The lowest mean preoperative score was reported by 

women 80 years of age or older, who went from 16 before the operation to 36 after their 

hip had been replaced. The highest starting point was that of men aged between 60 and 70 

years, and they went from 20 to 40. In both cases the change was 20 points in the OHS 

scale, hence the increase for the older women subgroup amounted to 62% of its 

maximum potential for improvement, whilst for the men in their 60’s it was 72%. These 

were in fact the boundaries of the range of percentage of possible improvement reported 

for all patient subgroups, hence an impressive progress. 

 

But one of the greatest benefits for economic evaluations is that PROMs also collects 

EQ-5D data, which reflects the improvement experienced by THR patients in their 

HRQL. The changes between pre and postoperative measures of the EQ-5D summary 

score ranged from 0.39 (men aged 45 to 60) to 0.44 (women 45 to 60 and 80 or older), 

and changes were between 61% and 68% of what was possible, on average, because a 

large group reported scores of perfect health. This is certainly a remarkable improvement 

in health utility and achieved in a very short period of time. Coupled with an intervention 

that is generally very safe, with very low mortality often similar to the age-related all-cause 

mortality rates, and followed by a rapid rehabilitation, THRs would have to be extremely 

expensive not to be cost-effective. Better yet, these significant improvements are not 

exclusive to the entire sample in average terms, and naturally to the Good outcomes, but it 

is also the case for those patients we have labelled as Poor outcomes. 

 

7.2.2  The sooner, the better 

The model presented here incorporated a long-term medical management arm that 

essentially worked as a surgery delay mechanism, which in a certain proportion of patients 

meant that they would not get a THR before they died. This was particularly important 

because if the outcome prediction tool were to be implemented, it would identify patients 

likely to perform poorly and those patients would be kept from surgery precisely by 

placing them in this medical management state. The PROMs data analysed in Chapter 5 
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and described in the previous paragraphs showed, however, that waiting until the disease 

affects patients more severely would reduce their improvement. 

 

Figure 5.31 in Section 5.6 illustrated how for both Good and Poor outcomes the mean EQ-

5D summary score increased after surgery, and it also showed that Poor outcomes started 

at a lower EQ-5D score than Good outcomes (0.18 vs 0.35 for the lowest scoring patient 

subgroups) and achieved a smaller improvement (0.25 vs 0.44). Assuming that the disease 

progresses with time and therefore that the longer patients remain without a replacement 

the lower their OHS and EQ-5D scores would be, a delay mechanism such as the one 

implicitly put into place by the outcome prediction tool would reduce the ability of 

patients to improve. Field and colleagues [60] have already suggested that delaying surgery 

could make it more difficult for patients to achieve the best possible improvement. At 

least one economic evaluation comparing THR against watchful waiting was structured 

assuming the exact opposite, i.e. that patients were to remain in watchful waiting until 

their quality of life dropped to very low levels [46]. Based on the above evidence, it would 

be important to perform similar assessments using as comparator a watchful waiting 

alternative where patients in need for a THR do not wait so long, perhaps until their pain, 

mobility and quality of life begins to decrease in a sustained manner but not beyond that 

point.  

 

These findings must be handled with care since they may be viewed as an indication for 

THR for all OA patients early in their disease stage when it is also a fact that an important 

number of patients do perform poorly after surgery.  The complex prediction tool 

assessed in this study included a measure of disease progression by incorporating 

preoperative OHS as one of the predictors, and yet it lacked the necessary accuracy to 

identify Poor outcomes with sufficient sensitivity and specificity to make it a cost-effective 

intervention. Having a THR when patients are not at their worst may increase the average 

improvement obtained, but that does not guarantee that Poor outcomes will be reduced. 

 

The improvement reported above and shared, albeit in different magnitudes, by the 

outcome category groups we have called Good and Poor outcomes, suggest that the term 

Poor lacks accuracy. A more appropriate label for these groups would be Better and Worse 

outcomes. 
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7.2.3  Differentiated rates of revision 

We indicated in Section 7.1.1 that our findings in this study support distinguishing 

between outcome categories when performing economic evaluations for which the clearly 

different outcome groups are relevant. This is supported even further by the revision rates 

reported by Rothwell and colleagues [108] for the four different outcome groups 

suggested by Kalairajah and colleagues [61] where patients with a postoperative score 

lower than 27 reported a two-year revision rate of 7.6%, compared to 0.5% for those 

patients who scored above 41. Although equivalent revision rates have not been 

calculated for the UK, it is sensible to expect a similar pattern whereby worse outcomes 

have their replacements revised at a significantly higher rate than better outcomes. Given 

the high cost of revision surgeries, this is yet another good reason to continue working on 

the development of an outcome prediction tool because by accurately preventing worse 

outcomes after a primary, it would not only be preventing the higher primary costs during 

the lifetime of the primary prosthesis, but it would also be preventing the much higher 

costs of a revision THR.  

 

7.3 Not only good data, but the right data 

Reflecting upon the assessment performed, and particularly about the data that was 

analysed, we found a number of key data issues that would help future research in the area 

answer questions much more precisely. This research undoubtedly benefited from 

privileged data. We had access to records on tens of thousands of patients that are 

representative of the UK population such as those from the CPRD, data very recently 

collected as is the case of the HES-PROMs, and a short but comprehensive follow up of 

patients of the COASt cohort. Nonetheless, we were able to identify important data gaps 

as well as room for improvement in the collection of these data sets that would improve 

the quality of further research in the field.  

 

7.3.1  Data not being collected 

Notwithstanding the valuable insights obtained from the expert elicitation exercise, the 

justification to resort to expert opinion was the lack of data about what happens to 

patients before they receive an arthroplasty. We found an abundant literature on joint 

replacements, both primary and revision procedures, their effects, limitations and costs. 

However, there is little if anything published about the actual care pathway of patients as 

their joint pain evolves, about their options, their choices, their opportunity costs. We 
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were able to learn via the expert elicitation exercise that over the last few years there has 

been much improvement in the referral of potential THR patients to an orthopaedic 

surgeon, as most referred patients are thought to be accurately diagnosed as candidates 

for a THR. But we also noticed, based on the variability of experts’ responses, that these 

improvements are far from uniform across regions and even amongst hospitals of the 

same region. It is possible that the significant success of THR interventions might have 

drawn most of the attention to the procedure and its nearly miraculous effects, but in 

order to take the most advantage from such a successful operation the care pathway of 

patients before they reach the operation theatre must not be ignored.  

 

7.3.2  No THR, no follow-up 

A closer follow-up of patients with growing joint pain and reduced mobility but who did 

not have a THR is needed. This will help tackle the problem of the lack of counterfactual 

when assessing THRs against not performing any other intervention. As the cost-

effectiveness of hip replacement has been repeatedly proven to be worth the investment, 

assessing the cost-effectiveness of arthroplasty has involved comparing the costs and 

effects of having the joint replaced against often unreasonable assumptions about what is 

expected to happen to patients if they do not get a replacement. The most recent 

publication reporting a cost-effectiveness analysis of THR against no surgery 

automatically assumed the hypothetical latter group to have health utility levels maintained 

over time and equal to the preoperative level of those who did have the operation 

performed, whilst costs were simply assumed to be zero [136]. As our research shows, 

primary care costs of patients both before and after a THR are non-zero and certainly not 

insignificant, especially for those with worse outcomes. Health utility levels, nonetheless, 

were also assumed to remain the same and at the preoperative level for our model because 

of a lack of follow-up of those patients. 

 

As there are patients who never get a replacement, and the use of the prediction tool 

might increase that number, it would be important to move away from assumptions and 

populate cost-effectiveness models with actual data on the costs and QALYs associated to 

patients who were treated without the surgical intervention. This will require 

incorporating those patients who do not get joint replacements into studies where they are 

followed-up over time, their use of health care resources recorded and estimates of their 

HRQL collected. 
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7.3.3  A large prosthesis market 

Over 100 different brands of acetabular cups and more than 140 brands of femoral 

components were used in the UK during 2011 [54]. These components of a THR can 

furthermore be fixed with cement, without cement, or with a combination thereof 

(hybrid), with an additional classification by head size (varying between 22 and 60 mm) 

and bearing surface (with different combinations of metal, ceramic and polyethylene). As 

a result, to speak of a THR in general terms as we have done for this assessment means 

that we did not make any distinction between the significant number of combinations of 

components and types of THR, all of which are associated to different prosthesis survival 

rates [54]. We intended to incorporate specific revision rates by fixation type which are 

reported to the NJR, but regrettably our request for the data was denied.  

 

Nevertheless, having access to these data is essential not only to refine economic 

evaluations such as this one, but also to explore the effects that they may have on 

outcome after surgery. In their 8th annual report, the NJR reported that 935 different 

combinations of acetabular cups and femoral components had been used in the seven-

year period during which the Registry had been collecting data. Of those, at least 20 had 

been used on 2,500 patients or more, reporting five-year revision rates as far apart as 

0.58% (CI 0.42%-0.79%) for the Exeter V40 with Elite Plus Ogee (13,000 patients) 

compared to 3.6% (CI 2.72%-4.76%) for the SL-Plus Cementless Stem with Exceed 

(3,500 patients) [83]. Figures for the following year were not reported in the 9th annual 

report. As the NICE technology appraisal issued in 2000 allows the use of prostheses for 

primary THR that have at least three years of evidence indicating they can last for 10 years 

or more, research on comparative performance of prosthesis brands is of paramount 

importance. The above evidence on differential survival of the prostheses and the 

significant difference in  prosthesis costs [53] support further research specific by 

prosthesis type, something Pennington and colleagues have recently started to address 

with a cost-effectiveness analysis of THR by fixation type in 2012 [15]. 

 

We understand that requesting brand details would have made our application a sensitive 

one given the particular interests of patients, surgeons, manufacturers, the NJR and the 

NHS in general. However, if the Registry is to contribute to the production of research 

that can potentially inform and shape policy for joint replacements in the UK, it should 

allow (subject to all corresponding quality checks) access to data such as fixation type and 

even prosthesis brand that they collect from hospitals, so that research can move forward. 
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In their 9th annual report, the NJR indicated the details of a series of research requests 

using data from the Registry among which there is one approved for the comparative 

cost-effectiveness of the most commonly used THR brands and types. 

 

7.3.4  Health-related quality of life 

We have also found room for improvement in the estimation of health utilities for hip 

patients. The commonly used EQ-5D measure has been criticised for its ceiling effects 

(low sensitivity at values close to one) [137, 138] as well as for having response levels too 

broad to make it sensitive to small changes in health [138, 139]. These problems largely 

affect the responses provided by hip patients and their subsequent health utility estimate 

as many patients may be experiencing small, but clear, changes in their HRQL that are not 

recorded when only three possible levels of severity are provided. Likewise, a significant 

proportion of postoperative patients report an EQ-5D summary index of one (perfect 

health) likely because their experience in pain or mobility limitations, even if not perfect, 

are closer to “no problem” than to the next response level, “some problems”. In fact, a 

number of the EQ-5D forms completed by patients in the COASt cohort study in 

Oxford could not be used because patients were unable to choose a single response in 

one or more dimensions. Some patients marked two different levels, probably indicating 

that their health state would be best described by an intermediate level between the two 

selected, whilst others did not mark any of the options and instead handwrote their own 

response, for example, “minor problems”, because none of the options available was 

close enough to it.  

 

These occasional missing data as well as a the low sensitivity of the EQ-5D measure in 

some cases could potentially be minimised when the new five-level EQ-5D questionnaire 

and valuation weights are introduced [140]. The new measure will offer respondents five 

different levels of severity to describe their health in the usual five dimensions. Although 

the new EQ-5D-5L utility weights have not been presented yet and further research is still 

needed to explore its higher sensitivity and diminished ceiling effects, it appears to be a 

promising development for the estimation of health utility in general, and for THR 

patients in particular.  

 

7.3.5  Missing data on HES-PROMs 

Through the HES-PROMs we had access to invaluable patient-level HRQL data for a 

number of patients, unusually large compared to what most economic evaluations are able 
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to use. In fact, given this important number of observations, we decided to base our 

analysis on complete cases, leaving aside a non-negligible number of records with missing 

data. We are therefore confident about overall mean values estimated based on such a 

large sample being unbiased, but we also believe that the majority of missing values are 

likely not missing at random. Although missing values were a small proportion of the total 

number of observations, given that our analysis made a distinction between better and 

worse outcomes and that values were estimated for eight different patient subgroups, it 

would be important to explore the effects on results of addressing missing values by 

multiple imputation, for example.  

 

The largest number of observations discarded because of missing data was that relating to 

a missing value on the link variable between the HES and PROMs separate data sets. This 

involved over 43,000 PROMs records. Since the missing variable is not one completed by 

the patient, it is more likely that it is not missing for a particular patient subgroup or 

outcome category and possibly affecting a particular hospital, region or range of dates. 

Nonetheless, all efforts directed at reducing the number of missing data will improve the 

quality of analyses performed with it. The PROMs initiative is in its initial stages and it 

would benefit greatly by exploring ways to better identify the sort of patients that are not 

returning forms, possible reasons for it, and especially the data linkage process so that 

once collected data can be cleaned, processed, and made available for analysis.  

 

7.3.6  Long-term follow-up 

Finally, as joint replacements are interventions that impact patients for a long time and 

revision surgeries have been found to be important drivers of cost-effectiveness [45], 

access to long term follow up data on THR patients is essential. The Swedish Hip 

Arthroplasty Register has been following up patients since the late 1970’s and they have 

also been collecting HRQL data since 2002 [141]. This is a good example for the UK to 

follow, where the main commitment must be maintaining the collection of data over time; 

not only regarding the failure of prosthesis but also patient-reported outcomes, prosthesis 

types and brands, details about the hospital where the procedure was performed as well as 

the surgeons involved, and crucially socio-demographic information about the patients. 

 

Important additions to the information collected would be all likely determinants of 

outcome such as stage of disease progression, diagnoses, coexistent conditions, and 

previous treatment received. In terms of health care use, it would be important to achieve 
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high degrees of effective linkage between the clinical follow-up and hospital as well as 

primary care records before and after the operation. In the case of the UK, this would 

mean building and maintaining links between an extended version of the PROMs 

initiative with the records being collected by the NJR, the NHS hospital episode records, 

the NHS outpatient data, and the new CPRD. Given that between 20% to 25% of THRs 

are performed privately, of which about half are privately funded [83], links from the NJR 

data to the corresponding records in the private sector will contribute to building a most 

complete database of relevant information about joint replacements in the country. 

 

Efforts made by the UK in the direction of improving the data collected to evaluate 

THRs and joint replacements in general are noteworthy. The establishment of the NJR in 

2002 was a major first step, followed by including hip and knee replacements as two of 

the four interventions for which PROMs are systematically collected as a measure of 

treatment outcome and quality of care in the NHS. Although the national initiative only 

involves one preoperative and one postoperative measure six months after surgery, the 

NJR has begun a project extending the follow up period for hip and knee replacement 

patients by sending PROM forms to 35,000 patients in England at one, three and five 

years after surgery [142]. These initiatives, combined with the measures described above, 

will make an important contribution to building a solid body of data which, available to 

researchers, will help shape policy on THR and joint replacement surgery for the benefit 

of patients and the efficiency of the health care system. 

 

7.4 On the connection between resource use and outcome 

The CPRD was an extraordinary source of resource use data, with records on patients and 

controls stretching for more than 10 years before and after the operation, and with 

monumental details on consultations and medication prescription. However, we needed 

estimates of resource use by outcome category and the lack of outcome measures in the 

CPRD posed a major challenge for the research. One of the main contributions of this 

work has been the development of a model linking resource use to THR outcome. This 

was done by quantifying resource use by participants in the COASt cohort who had 

completed a one-year follow-up form, estimating a logistic model of surgery outcome 

based on patient’s resource use, and fitting that association to the much larger and 

representative CPRD. The link between resource use and surgery outcome is strong and 

clear: if patients are still feeling pain, having difficulties performing their regular activities, 

are not well in general as a result of the operation, they will seek out their GP and other 
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health care professionals at the primary care level and will likely be prescribed medication 

to alleviate their condition. The demand for health care resource reveals the outcome of 

surgery and we have no reason to believe that when such demands are legitimate, they will 

not lead to the provision of services that are subsequently reported in the GP practice 

records we analysed. 

 

By developing this model, we were effectively able to analyse and estimate the resources 

used not only by all patients receiving a THR, but also by those patients likely to have had 

a better outcome and those likely to have had a worse outcome, all based on a data set 

lacking data on traditional outcome measures. There is room for improvement of this 

model as more patients in the COASt cohort complete their follow-up and as this follow-

up goes beyond one year, because the trend of resource use over more than 12 months 

may prove a better predictor of outcome category than only that of the first year. More 

importantly, if the general state of the hip patient after surgery can be estimated based on 

their resource use, then it is likely that the progression of the disease can also be mapped 

out by looking at the use of resource over time even before the patient requires surgery. 

Therefore, by expanding this model, resource use could potentially contribute to 

monitoring patients’ disease progression and making more informed decisions along the 

care pathway. 

 
 

7.5 On prediction tools and their economic evaluations 

Economic evaluations of health care interventions answer a question of cost-

effectiveness. When results by subgroups are explored then specific allocative efficiency 

within the same intervention is also analysed. When results by subgroups are presented to 

the decision maker with significant differences in results by subgroups, it is often the case 

that the intervention would be recommended and funded for those patient subgroups 

reporting a favourable ICER, leaving others with weaker evidence or results surpassing 

the accepted threshold outside the recommendation for funded treatment. The case of 

treatment for Alzheimer in the UK is an example of an intervention funded for some 

subgroups and not others at first (NICE’s Technology Appraisals 19 and 111), later 

revised to modify the inclusion criteria [143]. Although the decision of implementation 

can be selective, there will be a number of patients within those subgroups for which the 

treatment is recommended for whom the treatment would not be cost-effective. Likewise, 

for many patients in the groups not reaching the cost-effectiveness threshold the 

intervention would have produced results at a cost that would have made it cost-effective 



 

208 

 

if considered individually. This is due to the heterogeneity necessarily found within patient 

subgroups for which cost-effectiveness analyses are performed because we are not able to 

conduct these assessments at patient-level. Outcome prediction tools, however, may bring 

economic evaluations to a level considerably close to the individual. The cost-

effectiveness analysis of implementing a prediction tool can, in theory, produce results 

that allow identifying the very specific groups for whom the intervention would be cost-

effective based on the predictors of outcome included in the model. Though not strictly 

individualised care, outcome prediction tools can be an important step in the direction of 

attaining the maximum possible health outcome by identifying more precisely the patients 

for whom the intervention would produce the greatest benefit by unit of cost.  

 

Because outcome prediction tools such as the one assessed here are based on patients’ 

relevant baseline characteristics, it seems likely that patient-level simulations instead of 

cohort models would be a more appropriate approach to assess their cost-effectiveness. 

Employing a patient-level simulation is likely to provide more accurate results for 

individual patients about the cost-effectiveness of implementing the prediction tool, 

which would help define the subgroups for which implementation would provide the 

greatest net benefits. The usual difficulty performing patient-level simulation is access to 

appropriate and sufficient patient-level data, but as discussed above this is becoming less 

of a problem for joint replacements in the UK.  

 

Whether through patient-level or cohort models, the economic evaluation of a prediction 

tool would also benefit greatly from an alternative approach to establishing the optimal 

cut-off point of the tool. In this study the definition of outcome categories was based on 

the cut-off point that maximised sensitivity and specificity as well as the area under the 

ROC curve of OHS predicting satisfaction [79]. But the cut-off point needs not be 

defined in this way.  Lakin and colleagues [144] explored the concept of selecting cut-off 

points for diagnostic tests from the area of the ROC plane that would make the test cost-

effective instead of the usual criteria of maximising sensitivity and specificity. By doing 

this, the calibration of the outcome prediction tool, which produces a similar ROC curve 

when the outcome variable is binary, can be done considering cost-effectiveness at the 

earlier and, we would argue, more appropriate stage of finding the tool’s cut-off point. As 

opposed to conducting an economic evaluation after the cut-off point has been 

established, possibly leading to a suboptimal result, selecting the cut-off point whilst 

considering sensitivity, specificity and cost-effectiveness simultaneously could allow for 
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the identification of a trade-off in sensitivity against specificity falling within the range of 

cost-effectiveness which otherwise would not be known but which would be cost-

effective. With the tool assessed here, results made it clear that the ROC curve does not 

cross the cost-effectiveness area; however, for a modified prediction tool, it may.  

 

7.6 Strengths and limitations 

The main strengths and limitations of this work have been reported in each chapter. In 

general, this research benefited from a full review of the published literature on the 

economic evaluations of THRs and from the best available sources of data to populate a 

cost-effectiveness model. First, the only source of data not based on patient-level records 

was an expert elicitation exercise reported in a fully comprehensive manner in Chapter 5. 

When expert opinion has been used in similar previous assessments, the details about how 

the elicitation was conducted were not reported [19, 43]. For our economic evaluation, 

every step of the process of collecting and synthesising experts’ judgement was copiously 

described. 

 

Apart from the expert judgements, all other sources of data consisted of patient-level data 

sets with the most appropriate, representative and up-to-date information on the 

probabilities, health utility and resource use associated to THRs in the UK, both before 

and after the operation. HES-PROMs, CPRD, EPOS and the COASt cohort provide the 

best data on hip arthroplasty in the UK, and the only model parameter estimated based on 

data from elsewhere was revision rates by outcome category, which were published on 

data from New Zealand but ultimately adjusted to match the UK’s overall revision rate 

and relative sizes of the outcome groups. 

 

Finally, the level of detail provided by the above data sources allowed estimating model 

parameter values for patient subgroups by age and gender. This made it possible not only 

to present results separately by these subgroups, but critically it also allowed adjusting all 

parameter values in the model so that not only death rates but almost all other parameters 

changed in the simulation as patients became older. If results are only as good as the data 

feeding the model, then those produced by this research are results in which we can have 

great confidence.  

 

But no research is exempt from shortcomings. First of all, the intervention that was 

assessed with our economic evaluation has not been implemented yet. Although the final 
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work package of the COASt research programme involves a validation of the prediction 

tool on the cohort of patients recruited from Oxford and Southampton hospitals, our 

study was performed assuming that the results of the tool would be those of its internal 

validation. Although an internal validation would generally be associated with better 

results than external ones, the prediction tool was estimated after merging large datasets 

and performing a substantial imputation of values that were missing or simply not 

collected. As a result, a proper validation of the tool is fundamental to obtaining more 

robust results around the expected cost-effectiveness of its implementation. 

 

As reported in the section detailing the assumptions made by the model’s structure and 

parameterisation, there are a number of limitations that, although clinically feasible, 

constrain results. Although the expert elicitation was conducted with a sound 

methodology and the frequency of convergent results speak of understanding of the 

process by and agreement amongst surgeons, a validation of those values at a national 

level would improve the model’s robustness. Revision rates by outcome groups were 

adjusted from those reported on patients from New Zealand whilst equivalent values can 

now be produced for the UK thanks to the PROMs initiative. The lack of long-term 

follow up of patients who do not receive a THR and even of those who do have their 

hips replaced for both primary and revision operations forced us to make a number of 

assumptions that, if replaced by evidence, would improve reliability of results. Further 

research can focus on these limitations. 

 

7.7 A final research recommendation 

Some of the former PCTs in England were using BMI thresholds for THR referrals, up 

until PCTs ceased to exist with the introduction of the new structure of the health care 

system in England in April of 2013 [145]. BMI thresholds of 25 [87, 88], 30 [88] and 35 

kg/m2 [89, 90] were defined as a basis to encourage weight reduction before referral for 

THR. It is not clear whether the newly formed clinical commissioning groups will 

continue applying these criteria to ration THRs but, as with OHS thresholds, they lack 

appropriate economic evaluations. We originally intended to include BMI as one of the 

defining criteria for the patient subgroups in our analysis, but were not able to do so 

because height and weight were available in only about 40% of CPRD records. BMI was 

also unavailable in the HES-PROMs dataset, a limitation that disappears if records are 

linked to the NJR as they do collect height and weight measures from hospitals 

performing THRs. Although our economic evaluation focused on the application of an 
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outcome prediction tool and did not include BMI groups in the analysis, it did show that 

current practice of THRs in the UK is remarkably cost-effective and therefore suggests 

that any rationing such as the one possibly still in place based on BMI must be carefully 

reviewed as it may be denying a significant improvement in health to patients and an 

opportunity to invest health care resources in a very cost-effective manner. 

 

7.8 Contributions 

This chapter was entirely developed by Rafael Pinedo. 
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Appendix 1 – Publications not meeting eligibility criteria  

 
Authors Year Title Reason for ineligibility 

Daellenbach, et al 1990 
Economic appraisal of new technology in the absence of 
survival data--the case of total hip replacement. 

An appraisal without any empirical 
data 

Birkmeyer, et al 1993 
The cost-effectiveness of preoperative autologous blood 
donation for total hip and knee replacement. 

Assessment of blood donation 

Healy, et al 1994 
Preoperative autologous blood donation in total-hip 
arthroplasty: A cost- effectiveness analysis 

Assessment of blood donation 

O'Brien, et al 1994 
Cost-effectiveness of enoxaparin versus warfarin 
prophylaxis against deep-vein thrombosis after total hip 
replacement. 

Assessment of deep vein 
thrombosis (DVT) prophylaxis  

Menzin, et al 1995 
Cost-effectiveness of enoxaparin vs low-dose warfarin in 
the prevention of deep-vein thrombosis after total hip 
replacement surgery. 

Assessment of DVT prophylaxis  

Gillespie, et al 1995 
Evaluation of new technologies for total hip replacement. 
Economic modelling and clinical trials 

Not a full evaluation: present value 

Sarasin, et al 1996 
Antithrombotic strategy after total hip replacement: A cost- 
effectiveness analysis comparing prolonged oral 
anticoagulants with screening for deep vein thrombosis. 

Assessment of DVT prophylaxis  

Pynsent, et al 1996 
The total cost of hip-joint replacement; a model for 
purchasers. 

Not a full evaluation: costs only 

bdool-Carrim, et al 1997 
The cost and benefit of prophylaxis against deep-vein 
thrombosis in elective hip replacement. 

Assessment of DVT prophylaxis  

Detournay, et al 1998 
Cost effectiveness of a low-molecular-weight heparin in 
prolonged prophylaxis against deep vein thrombosis after 
total hip replacement. 

Assessment of DVT prophylaxis  

Levin, et al 1998 
Economic evaluation of desirudin vs heparin in deep vein 
thrombosis prevention after hip replacement surgery. 

Assessment of DVT prophylaxis  

Hawkins, et al 1998 
A pharmacoeconomic assessment of enoxaparin and 
warfarin as prophylaxis for deep vein thrombosis in 
patients undergoing knee replacement surgery. 

Assessment of surgical prophylaxis 

Francis, et al 1999 
A pharmacoeconomic evaluation of low-molecular-weight 
heparin in patients after total hip-replacement surgery. 

Assessment of DVT prophylaxis  

Marchetti, et al 1999 
Long-term cost-effectiveness of low molecular weight 
heparin versus unfractionated heparin for the prophylaxis 
of venous thromboembolism in elective hip replacement. 

Assessment of DVT prophylaxis  

Nicolaides, et al 1999 
Cost-effectiveness of desirudin in the prevention of the 
thromboembolic complications of surgery. 

Assessment of DVT prophylaxis  

Baxter, et al 1999 
An economic model to estimate the relative costs over 20 
years of different hip prostheses. 

Not a full evaluation: costs only 

Sonnenberg, et al 1999 
The cost-effectiveness of autologous transfusion revisited: 
Implications of an increased risk of bacterial infection with 
allogeneic transfusion. 

Assessment of autologous 
transfusion 

Davies, et al 2000 
Economic evaluation of enoxaparin as postdischarge 
prophylaxis for deep vein thrombosis (DVT) in elective hip 
surgery. 

Assessment of DVT prophylaxis  

Jackson, et al 2000 
The cost-effectiveness of postoperative recovery of RBCs 
in preventing transfusion-associated virus transmission 
after joint arthroplasty. 

Assessment of blood conservation 
technique 

Wade, et al 2000 
Cost effectiveness of outpatient anticoagulant prophylaxis 
after total hip arthroplasty. 

Assessment of anticoagulant 
prophylaxis 

Friedman, et al 2000 
Cost analyses of extended prophylaxis with enoxaparin 
after hip arthroplasty. 

Assessment of DVT prophylaxis  

Levin, et al 2001 
Cost effectiveness of desirudin compared with a low 
molecular weight heparin in the prevention of deep vein 
thrombosis after total hip replacement. 

Assessment of DVT prophylaxis  



 

214 

 

Authors Year Title Reason for ineligibility 

Botteman, et al 2002 

Results of an economic model to assess the cost-
effectiveness of enoxaparin, a low-molecular-weight 
heparin, versus warfarin for the prophylaxis of deep vein 
thrombosis and associated long-term complications in total 
hip replacement surgery in the United States. 

Assessment of DVT prophylaxis  

Sarasin, et al 2002 
Out of hospital antithrombotic prophylaxis after total hip 
replacement: low-molecular-weight heparin, warfarin, 
aspirin or nothing? A cost-effectiveness analysis. 

Assessment of DVT prophylaxis  

Sonnenberg, et al 2002 A health economic analysis of autologous transfusion. 
Assessment of autologous 
transfusion 

Gordois, et al 2003 
The cost-effectiveness of fondaparinux compared with 
enoxaparin as prophylaxis against thromboembolism 
following major orthopedic surgery. 

Assessment of DVT prophylaxis  

Lundkvist, et al 2003 
Cost-effectiveness of fondaparinux vs. enoxaparin as 
venous thromboembolism prophylaxis in Sweden. 

Assessment of DVT prophylaxis  

Caprini, et al 2003 
Cohen, A. T. (2003). Economic burden of long-term 
complications of deep vein thrombosis after total hip 
replacement surgery in the United States. 

Assessment of DVT prophylaxis  

Spiegelhalter, et al 2003 
Bayesian approaches to multiple sources of evidence and 
uncertainty in complex cost-effectiveness modelling. 

Used THR as example in 
application of statistical methods 

Bozic, et al 2004 
Economic evaluation in total hip arthroplasty: analysis and 
review of the literature. 

A literature review not including an 
economic evaluation 

Haentjens, et al 2004 
Prolonged enoxaparin therapy to prevent venous 
thromboembolism after primary hip or knee replacement. 
A cost-utility analysis. 

Assessment of DVT prophylaxis  

Bjorvatn, et al 2005 
Fondaparinux sodium compared with enoxaparin sodium: 
A cost-effectiveness analysis. 

Assessment of DVT prophylaxis  

Bischof, et al 2006 
Cost-effectiveness of extended venous thromboembolism 
prophylaxis with fondaparinux in hip surgery patients 

Assessment of DVT prophylaxis  

Straumann, et al 2006 
Cost-benefit analysis of MIS THA: Model-based analysis of 
the consequences for Switzerland 

Not a full evaluation: costs only 

Kurtz, et al 2007 
Future clinical and economic impact of revision total hip 
and knee arthroplasty 

Broadly explores economic impact 
of THRs 

Graves, et al 2007 
Economics and preventing hospital-acquired infection: 
Broadening the perspective. 

Prophylaxis: Prevention of 
infection 

Skedgel, et al 2007 
The cost-effectiveness of extended-duration 
antithrombotic prophylaxis after total hip arthroplasty. 

Assessment of DVT prophylaxis  

Cranny, et al 2008 
A systematic review and economic model of switching 
from non-glycopeptide to glycopeptide antibiotic 
prophylaxis for surgery. 

Assessment of surgical infection 
prophylaxis 

Wolowacz, et al 2008 

Cost-effectiveness of venous thromboembolism 
prophylaxis in total hip and knee replacement surgery: the 
evolving application of health economic modelling over 20 
years. 

Assessment of DVT prophylaxis  
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Appendix 2 – Oxford Hip Score questionnaire 
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Appendix 3 – EQ-5D questionnaire 

 

 

EQ-5D – English version for the UK 
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Appendix 4 – Detailed explanation of EQ-5D summary scores 

 
The EQ-5D questionnaire asks respondents to describe their health in five dimensions 

(mobility, self-care, usual activities, pain/discomfort, and anxiety/depression) by marking 

one of three possible levels (1=no problems, 2=some problems, 3=extreme problems). 

Responses to these five questions constitute a descriptive health state, such that someone 

reporting no problems in any of the first four dimensions but some problems with anxiety 

or depression, for example, would be associated to the descriptive health state 11112.  

The combination of five dimensions at three possible levels means that there are 243 

possible descriptive health states in total. Each of these health states can be translated into 

a unique summary index anchored in 1 being “perfect health” and 0 being “death” by 

applying a preference-based valuation set. We used the set derived from a sample of the 

UK general population.  

 

This valuation set allows assigning an index that reflects the preferences of the general 

population between all states. For instance, state 11112 under the UK valuation set would 

be assigned a summary score of 0.848, whilst health state 11121 (some problems in 

pain/discomfort but no problems in the other dimensions) would be assigned 0.796. This 

suggests that, though there is only a slight difference between those generic health state 

summary scores, people in the UK would generally prefer having some problems with 

anxiety or depression (higher generic health score) than some problems with pain or 

discomfort. The valuation set also allows for negative summary scores, indicating health 

states that would be considered worse than death. This is the case, for example, of 

descriptive state 22233, which would produce a score of -0.181, or state 33333, the worst 

possible state with severe problems in all five dimensions, associated to a summary score 

of -0.594. Conversely, the maximum score attainable is 1, which can only be obtained 

when the respondent reports having no problem in all five dimensions, hence the 

common term “perfect health”. 
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Appendix 5 – Multicollinearity check 

 

Variance Inflation Factor (VIF) and R2 among OHS questions 

Mean VIF
Description 

of pain
Night pain Sudden pain Limping

Walk 

duration
Climb stairs Socks Rise chair Car Washing up

House 

shopping

Pain and 

work

Description of pain - 2.24 1.96 2.20 1.64 1.67 1.44 2.53 2.01 1.47 1.36 2.92

Night pain - - 1.87 1.65 1.42 1.52 1.33 1.91 1.65 1.35 1.26 2.02

Sudden pain - - - 1.57 1.42 1.46 1.27 1.78 1.50 1.31 1.22 1.91

Limping - - - - 1.51 1.59 1.42 1.86 1.75 1.41 1.35 2.28

Walk duration - - - - - 1.64 1.34 1.57 1.52 1.34 1.55 1.80

Climb stairs - - - - - - 1.59 1.81 2.05 1.60 1.82 1.94

Socks - - - - - - - 1.54 1.72 1.82 1.50 1.52

Rise chair - - - - - - - - 2.19 1.56 1.41 2.45

Car - - - - - - - - - 1.78 1.64 2.18

Washing up - - - - - - - - - - 1.46 1.61

House shopping - - - - - - - - - - - 1.62

Pain and work - - - - - - - - - - - -

Max: 2.92

R²
Description 

of pain
Night pain Sudden pain Limping

Walk 

duration
Climb stairs Socks Rise chair Car Washing up

House 

shopping

Pain and 

work

Description of pain - 0.55 0.49 0.55 0.39 0.40 0.30 0.61 0.50 0.32 0.27 0.66

Night pain - - 0.47 0.39 0.30 0.34 0.25 0.48 0.39 0.26 0.21 0.50

Sudden pain - - - 0.36 0.30 0.32 0.21 0.44 0.34 0.24 0.18 0.48

Limping - - - - 0.34 0.37 0.29 0.46 0.43 0.29 0.26 0.56

Walk duration - - - - - 0.39 0.25 0.36 0.34 0.26 0.35 0.44

Climb stairs - - - - - - 0.37 0.45 0.51 0.38 0.45 0.48

Socks - - - - - - - 0.35 0.42 0.45 0.33 0.34

Rise chair - - - - - - - - 0.54 0.36 0.29 0.59

Car - - - - - - - - - 0.44 0.39 0.54

Washing up - - - - - - - - - - 0.32 0.38

House shopping - - - - - - - - - - - 0.38

Pain and work - - - - - - - - - - - -

Max: 0.66
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Appendix 6 – Coefficients for Response Mapping model 

[Part I] 
Coefficients for Response Mapping model by EQ-5D dimension and response level† 

OHS question: response level 
Mobility Self-care Usual Activities 

1 3 2 3 1 3 

Description of pain: 0 Base case Base case Base case 

Description of pain: 1 0.270 -12.538 * 0.069 0.684 0.228 0.022 

Description of pain: 2 0.239 17.937 * 0.495 * 0.505 0.009 0.028 

Description of pain: 3 0.506 6.363 1.047 * -15.188 * -0.186 -0.387 

Description of pain: 4 0.406 10.411 1.086 * 1.337 0.034 -0.236 

       

Night pain: 0 Base case Base case Base case 

Night pain: 1 0.258 0.327 -0.145 -0.382 0.244 0.198 

Night pain: 2 -0.206 -26.334 * 0.108 -1.002 0.185 -0.149 

Night pain: 3 0.034 -13.243 * 0.305 -15.313 * 0.684 * 0.520 

Night pain: 4 -0.120 -13.476 * 0.216 0.674 0.560 0.560 

       

Sudden pain: 0 Base case Base case Base case 

Sudden pain: 1 -0.957 * -0.789 0.488 * 0.914 -0.003 -0.097 

Sudden pain: 2 -0.539 -14.095 * 0.182 -0.360 -0.232 -0.009 

Sudden pain: 3 -0.742 * -4.900 0.325 0.875 -0.673 -1.205 * 

Sudden pain: 4 -0.716 * -29.959 * 0.158 -0.366 -0.374 -0.038 

       

Limping: 0 Base case Base case Base case 

Limping: 1 0.516 * 2.308 -0.075 -0.149 0.198 -0.212 

Limping: 2 0.651 * 16.388 * 0.013 0.072 0.104 -0.544 

Limping: 3 1.026 * 10.119 * -0.099 -2.124 0.534 * -0.336 

Limping: 4 1.538 * 32.265 * -0.004 -0.460 0.710 * 0.129 

       

Walking duration: 0 Base case Base case Base case 

Walking duration: 1 -0.750 0.442 -0.126 0.931 -0.150 0.299 

Walking duration: 2 -0.662 * -13.361 * 0.013 -0.285 -0.232 0.219 

Walking duration: 3 -0.136 -1.323 -0.340 -0.066 -0.051 -0.468 

Walking duration: 4 0.365 17.524 * -0.095 -0.786 0.042 -0.199 

       

Climbing stairs: 0 Base case Base case Base case 

Climbing stairs: 1 -0.672 -0.926 0.233 0.403 -0.762 -0.390 

Climbing stairs: 2 -0.373 -17.256 * 0.229 -0.964 -0.488 -0.690 * 

Climbing stairs: 3 0.380 -11.117 -0.058 -1.480 -0.003 -0.505 

Climbing stairs: 4 0.819 * -10.422 * -0.248 -1.547 0.398 -0.677 

       

Socks and stockings: 0 Base case Base case Base case 

Socks and stockings: 1 0.393 -1.460 -0.350 -1.374 * 0.082 -0.452 * 

Socks and stockings: 2 0.035 -28.254 * -0.928 * -1.029 -0.009 -0.376 

Socks and stockings: 3 0.261 -2.077 -1.628 * -2.364 * 0.047 -0.305 

Socks and stockings: 4 0.735 * 7.397 -2.580 * -1.118 0.256 -0.395 

       

Pain from standing up from chair: 0 Base case Base case Base case 

Pain from standing up from chair: 1 0.718 -2.117 -0.462 -1.770 * 0.780 -0.400 

Pain from standing up from chair: 2 0.445 -14.710 * -0.341 0.553 0.788 -0.367 

Pain from standing up from chair: 3 0.494 -16.799 * -0.409 0.931 0.496 -0.616 

Pain from standing up from chair: 4 0.400 -32.046 * -0.329 1.235 0.305 -0.443 

       

Car and public transport: 0 Base case Base case Base case 

Car and public transport: 1 0.152 1.356 -0.135 -0.339 -0.768 0.095 

Car and public transport: 2 -0.209 -13.786 * -0.204 -1.925 * -1.223 0.113 

Car and public transport: 3 0.101 -23.704 * -0.454 -3.295 -0.657 -0.754 

Car and public transport: 4 0.327 -18.237 * -0.475 -2.200 -0.146 -0.018 

       

Washing and drying: 0 Base case Base case Base case 

Washing and drying: 1 -1.340 * 0.904 1.034 * -1.894 * -0.543 0.504 

Washing and drying: 2 -0.988 -28.771 * -0.150 -3.159 * -0.174 0.098 

Washing and drying: 3 -1.000 -12.552 * -1.161 * -4.903 * 0.012 0.157 

Washing and drying: 4 -1.079 -13.849 * -2.183 * -2.858 * 0.299 0.028 

       

House shopping: 0 Base case Base case Base case 

House shopping: 1 0.255 -32.816 * -0.090 -0.433 0.005 -0.634 * 

House shopping: 2 0.443 -12.410 * -0.304 * -1.662 -0.199 -1.030 * 

House shopping: 3 0.840 * 1.661 -0.652 * -0.897 0.026 -0.913 * 

House shopping: 4 1.659 * -16.399 * -1.031 * -3.012 * 0.888 * -1.109 * 

       

Pain interfering work: 0 Base case Base case Base case 

Pain interfering work: 1 -0.369 0.363 -0.280 -1.262 -0.157 -1.401 * 

Pain interfering work: 2 0.450 11.253 * -0.206 -1.594 -0.282 -2.270 * 

Pain interfering work: 3 0.807 -4.422 -0.295 0.956 0.865 -2.383 * 
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OHS question: response level 
Mobility Self-care Usual Activities 

1 3 2 3 1 3 

Pain interfering work: 4 1.312 * -0.642 -0.717 * -0.148 2.174 * -1.717 * 

       

Constant -3.041 * -2.543 2.470 * 2.995 * -2.602 * 1.637 * 
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 [Part II] 
Coefficients for Response mapping model by EQ-5D dimension and response level† 

OHS question: response level 
Pain / Discomfort Anxiety / Depression 

1 3 2 3 

Description of pain: 0 Base case Base case 

Description of pain: 1 -1.345 * -2.340 * -0.085 -0.229 

Description of pain: 2 -0.793 * -3.260 * 0.089 0.680 

Description of pain: 3 0.197 -3.440 * 0.178 -0.629 

Description of pain: 4 1.561 * -1.837 * -0.071 0.223 

     

Night pain: 0 Base case  

Night pain: 1 -0.051 -0.320 0.029 -0.311 

Night pain: 2 -0.182 -0.627 * 0.224 0.009 

Night pain: 3 -0.161 -1.508 * 0.170 0.464 

Night pain: 4 0.533 -0.645 * -0.242 -0.235 

     

Sudden pain: 0 Base case  

Sudden pain: 1 -0.234 -0.259 -0.124 -0.143 

Sudden pain: 2 -0.458 -0.622 * 0.129 -0.061 

Sudden pain: 3 0.124 -0.327 -0.030 -1.749 * 

Sudden pain: 4 0.422 -0.597 * -0.180 -0.728 

     

Limping: 0 Base case  

Limping: 1 0.304 -0.533 * -0.055 0.214 

Limping: 2 0.364 -0.610 -0.145 -0.218 

Limping: 3 0.567 * -0.373 0.132 -0.156 

Limping: 4 0.637 * -0.009 -0.415 -0.162 

     

Walking duration: 0 Base case  

Walking duration: 1 0.090 -0.527 * 0.344 0.560 

Walking duration: 2 0.092 -0.416 * 0.419 * 0.467 

Walking duration: 3 0.018 -0.548 * 0.123 0.276 

Walking duration: 4 0.339 -0.822 * 0.061 0.339 

     

Climbing stairs: 0 Base case  

Climbing stairs: 1 -0.198 0.175 0.204 -0.123 

Climbing stairs: 2 -0.616 -0.161 0.051 -0.792 * 

Climbing stairs: 3 -0.824 -0.688 -0.111 -1.233 * 

Climbing stairs: 4 -0.488 -0.588 -0.328 -1.123 

     

Socks and stockings: 0 Base case  

Socks and stockings: 1 0.133 -0.327 -0.365 * -0.130 

Socks and stockings: 2 -0.171 -0.331 -0.169 -0.032 

Socks and stockings: 3 -0.042 -0.184 -0.033 0.188 

Socks and stockings: 4 0.302 -0.776 -0.418 0.365 

     

Pain from standing up from chair: 0 Base case  

Pain from standing up from chair: 1 -0.721 -0.562 -0.407 -0.856 * 

Pain from standing up from chair: 2 -0.817 -1.111 * -0.497 -0.597 

Pain from standing up from chair: 3 -0.754 -1.445 * -0.537 -1.324 * 

Pain from standing up from chair: 4 -0.269 -0.887 -0.494 -1.629 * 

     

Car and public transport: 0 Base case  

Car and public transport: 1 -1.893 0.104 0.096 -0.289 

Car and public transport: 2 -1.579 -0.100 -0.021 -0.683 

Car and public transport: 3 -1.963 * 0.280 -0.255 -0.293 

Car and public transport: 4 -1.783 0.725 -0.170 0.137 

     

Washing and drying: 0 Base case  

Washing and drying: 1 -0.121 0.353 -0.040 0.154 

Washing and drying: 2 -0.269 0.421 -0.039 0.065 

Washing and drying: 3 -0.019 0.498 -0.232 -0.598 

Washing and drying: 4 0.020 0.350 -0.216 0.180 

     

House shopping: 0 Base case  

House shopping: 1 0.497 0.558 * -0.221 -0.303 

House shopping: 2 0.137 0.139 -0.262 -0.441 

House shopping: 3 0.419 0.005 -0.752 * -0.774 

House shopping: 4 0.594 * -0.153 -1.025 * -1.123 * 

     

Pain interfering work: 0 Base case  

Pain interfering work: 1 0.455 -0.476 * 0.172 -0.361 

Pain interfering work: 2 -0.070 -1.153 * -0.206 -0.796 

Pain interfering work: 3 0.617 -1.392 * -0.326 -1.192 

Pain interfering work: 4 1.365 * -0.455 -0.631 * -2.172 * 

     

Constant -0.213 3.175 * 0.769 0.485 
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† Of the three response levels for each EQ-5D dimension (one, two or three), one was automatically removed by Stata to become the 
base level; coefficients are given for the remaining two with respect to the base case. 

* Statistically significant at 0.05 level 
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Appendix 7 – Scatterplots of change in OHS by change in EQ-5D 

 

Change in OHS by change in EQ-5D 

By gender * 

 
*: Number of observations = 1,759 (100% of sample) 

 

Change in OHS by change in EQ-5D 

By side of the hip * 

 
*: Number of observations = 1,759 (100% of sample) 
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Change in OHS by change in EQ-5D 

By age group * 

 
*: Number of observations = 1,759 (100% of sample) 

 

Change in OHS by change in EQ-5D 

By BMI group * 

 
*: Number of observations = 361 (21% of sample)
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Appendix 8 – Economic model with all transitions 

 
* Represents transitions from each health state to the absorbing state of Death
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Appendix 9 – Expert elicitation grid, question 1 
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Appendix 10 – Expert elicitation slides 
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Appendix 11 – Pooled distribution of transition probabilities from Surgical 
assessment health state, derived from expert elicitation 

 
 

Pooled probability distribution of transition probability from Surgical  
assessment to Primary THR 

 
 
 
 
 

Pooled probability distribution of transition probability from Surgical  
assessment to Long-term medical management 
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Appendix 12 – Aggregated probability distribution of experts’ responses and 
respective fitted probability density function 

 
 

Pooled probability distribution of experts’ responses and respective fitted 
probability density function about referral to Re-assessment  

after Risk-factor modification 
 

 
Observed mean: 0.679 
Mean from fitted distribution: 0.758 

 
 

Pooled probability distribution of experts’ responses and respective fitted 
probability density function about referral to THR after Re-assessment  

post Risk-factor modification 

 

Observed mean: 0.840 
Mean from fitted distribution: 0.863 
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Pooled probability distribution of experts’ responses and respective fitted 
probability density function about referral to Re-assessment  

after Long-term medical management 
 

 
Observed mean: 0.106 
Mean from fitted distribution: 0.094 

 

 

Pooled probability distribution of experts’ responses and respective fitted 
probability density function about referral to THR after Re-assessment  

post Long-term medical management 

 

Observed mean: 0.315 
Mean from fitted distribution: 0.217 
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Appendix 13 – Mortality rates one year after THR  

 
 

 Males Females 

45-60 years old 0.57% 0.61% 

60-70 years old 1.00% 0.67% 

70-80 years old 2.07% 1.32% 

80+ years old 5.59% 3.62% 

 
Notes: 
 

1. Data obtained from the NJR’s 9th Annual Report [54] 

2. Since rates were reported by patient age groups in five year intervals starting at 55, 
rates indicated in the table above for 45-60 year olds correspond to that of 55 
through 59, those of 60-70 and 70-80 are the weighted means of the two 
component groups reported by the NJR, and rates corresponding to patients older 
than 80 years of age were reported also in this way by the NJR hence no 
adjustment was applied. 
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Appendix 14 – EPOS patient counts by outcome category in years 1 and 2 
after Primary THR  

 
 

 Male Female 

 Poor outcome Good outcome Poor outcome Good outcome 

45-70 years 
old 

54 141 90 203 

70+ years old 36 158 111 250 

Total 90 299 201 453 

 
 
 
Of these, Good outcomes transitioned into year 2 as follows: 

 Male Female 

 Poor outcome Good outcome Poor outcome Good outcome 

45-70 years 
old 

10 131 7 196 

70+ years old 2 156 20 230 

Total 12 287 27 426 

 

And Poor outcomes transitioned into year 2 as follows: 

 Male Female 

 Poor outcome Good outcome Poor outcome Good outcome 

45-70 years 
old 

24 30 52 38 

70+ years old 17 19 56 55 

Total 41 49 108 93 

 

 

  



 

249 

 

Appendix 15 – Observed proportion of EPOS patients remaining in Good 
outcome category between years two and five after Primary 
THR 

 
 

 Years 2-3 Years 3-4 Years 4-5 

 n* %** n* %** n* %** 

Males, 45-70 years of age 156 96.8 165 95.8 172 94.8 

Males, 70+ years of age 172 93.0 153 90.8 145 91.7 

Females, 45-70 years of age 241 92.9 230 97.4 239 93.3 

Females, 70+  years of age 284 90.1 270 88.9 246 90.7 

*: number of THR patients classified as Good outcomes in year pre transition 
**: percentage of n patients who remained as Good outcome in the following year 
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Appendix 16 – Proportion estimates of Good and Poor outcomes from three 
scenarios extrapolating transition probabilities  

 
 

Males between 45 and 60 years of age 

 

 

Males between 60 and 70 years of age 
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Males between 70 and 80 years of age 

 

 

Males over 80 years of age 

 

 

Females between 45 and 60 years of age 
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Females between 60 and 70 years of age 

 

 

Females over 80 years of age 
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Appendix 17 – Distribution of residuals from OLS models predicting OHS 
two years after Primary THR 
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Poor outcomes 
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Appendix 18 – Mean QALY values associated to each model state 

 

 
Males, 45-60 years of age 

 
Males, 60-70 years of age 

 
Males, 70-80 years of age 

 
Males, 80+ years of age 

Health state Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

Surgical assessment 0.385 0.385 
 

0.408 0.408 
 

0.403 0.403 

 
0.344 0.344 

Risk-factor modification (RFM) 0.385 0.503 
 

0.408 0.516 
 

0.403 0.510 

 
0.344 0.482 

Re-assessment after RFM 0.385 0.503 
 

0.408 0.516 
 

0.403 0.510 

 
0.344 0.482 

Long-term medical management (LTMM) 0.385 0.046 
 

0.408 0.058 
 

0.403 0.067 

 
0.344 0.052 

Re-assessment after LTMM 0.385 0.046 
 

0.408 0.058 
 

0.403 0.067 

 
0.344 0.052 

Primary THR + Good outcome first year 0.783 0.783 
 

0.788 0.788 
 

0.780 0.780 

 
0.753 0.753 

Primary THR + Poor outcome first year 0.460 0.460 
 

0.515 0.515 
 

0.550 0.550 

 
0.543 0.543 

Good outcome after primary THR 0.866 0.866 
 

0.872 0.872 
 

0.861 0.861 

 
0.840 0.840 

Poor outcome after primary THR 0.573 0.573 
 

0.602 0.602 
 

0.527 0.527 

 
0.529 0.529 

Revision THR + Good outcome first year 0.720 0.720 
 

0.741 0.741 
 

0.738 0.738 

 
0.703 0.703 

Revision THR + Poor outcome first year 0.345 0.345 
 

0.373 0.373 
 

0.435 0.435 

 
0.465 0.465 

Good outcome after revision THR 0.783 0.783 
 

0.791 0.791 
 

0.81 0.810 

 
0.786 0.786 

Poor outcome after revision THR 0.469 0.469 
 

0.483 0.483 
 

0.459 0.459 

 
0.471 0.471 

Death 0.000 0.000 
 

0.000 0.000 
 

0.000 0.000 

 
0.000 0.000 
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Females, 45-60 years  

 
Females, 60-70 years  

 
Females, 70-80 years  

 
Females, 80+ years  

Health state Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

 

Current 
practice 

Prediction 
tool 

Surgical assessment 0.385 0.385 
 

0.347 0.347 
 

0.334 0.334 
 

0.276 0.276 

Risk-factor modification (RFM) 0.385 0.464 
 

0.347 0.489 
 

0.334 0.478 
 

0.276 0.461 

Re-assessment after RFM 0.385 0.464 
 

0.347 0.489 
 

0.334 0.478 
 

0.276 0.461 

Long-term medical management (LTMM) 0.385 0.049 
 

0.347 0.054 
 

0.334 0.057 
 

0.276 0.043 

Re-assessment after LTMM 0.385 0.049 
 

0.347 0.054 
 

0.334 0.057 
 

0.276 0.043 

Primary THR + Good outcome first year 0.752 0.752 
 

0.761 0.761 
 

0.755 0.755 
 

0.730 0.730 

Primary THR + Poor outcome first year 0.464 0.464 
 

0.522 0.522 
 

0.546 0.546 
 

0.538 0.538 

Good outcome after primary THR 0.861 0.861 
 

0.865 0.865 
 

0.815 0.815 
 

0.785 0.785 

Poor outcome after primary THR 0.511 0.511 
 

0.541 0.541 
 

0.595 0.595 
 

0.586 0.586 

Revision THR + Good outcome first year 0.706 0.706 
 

0.728 0.728 
 

0.712 0.712 
 

0.687 0.687 

Revision THR + Poor outcome first year 0.384 0.384 
 

0.408 0.408 
 

0.451 0.451 
 

0.457 0.457 

Good outcome after revision THR 0.791 0.791 
 

0.804 0.804 
 

0.762 0.762 
 

0.745 0.745 

Poor outcome after revision THR 0.449 0.449 
 

0.471 0.471 
 

0.538 0.538 
 

0.546 0.546 

Death 0.000 0.000 
 

0.000 0.000 
 

0.000 0.000 
 

0.000 0.000 
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Appendix 19 – Estimating measures of resource use from CPRD cases and 
controls 

 
In the work by Violato et al [123], the mean cost attributable to the condition of interest 
was obtained by subtracting the mean cost by controls from the mean cost by cases. The 
authors reported a confidence interval around this difference but the method for 
obtaining this interval was not specified, justified, or a reference provided. After a meeting 
with the author it was learnt that, given the lack of any known previous work on a similar 
analysis, a t-test was performed to compare the means of cases and controls, and the 
confidence interval reported in the output used as the confidence interval for the 
difference.  
 
Obtaining a mean difference directly from the means of cases and controls is reasonable; 
however, using a t-test, expected to be employed on data that are normally distributed, to 
obtain a confidence interval from highly skewed and not-normally distributed data such as 
that of resource use does not seem appropriate. Estimating parameters that reflect 
variability of these data is a challenge, and in order to produce estimates as close as 
possible to observed variation we chose to conduct a patient-, or pseudo-patient-level data 
throughout the analysis. To this end, we estimated individual differences from the 
resource use reported by cases minus the average resource use reported by controls.  
 
This approach generates two potential complications: first, it allows for negative 
differences when the mean of controls is higher than the values reported by cases; and 
second, it affects the weight applied to the values reported by controls, reducing them by 
a factor equal to the number of controls in each set per case. However, negative measures 
of resource use are understood in this study, as it is explained in the text, as an indication 
of one or a group of non-hip pain individuals who, in average, demand more healthcare 
resources than a comparable patient with hip pain. This is clinically plausible and hence 
there is no reason to avoid these data from being fed into the model, as neither are the 
cases in which cases spend significantly more than the average of their controls. Secondly, 
the reduced weight applied to controls when calculating overall mean resource use 
attributable to hip pain is not a problem either as the rest of the weight to make controls 
equivalent to the respective case is provided by other controls. In other words, averaging 
controls is a means to synthetizing a group of controls into only one so that individual 
differences can be estimated. 
 
The above features mean that our estimates of mean costs attributable to hip pain will be 
different than if we used the method employed by Violato et al, but also that the 
uncertainty parameters will be more appropriately estimated being based on the actual 
distribution of observed data as opposed to a test whose parametric requirement does not 
correspond to the actual distribution of the data. Figure A19-1 below shows how the 
distribution of total preoperative consultation costs by cases and controls during the year 
prior to a THR is, as expected, right-skewed and far from normal. Following the method 
used by Violato et al, mean costs by cases and controls can be calculated and the 
difference between the means obtained (shown in Table A19-1); however, the distribution 
of the difference cannot be plotted as there is no patient-level data for it. The method 
employed in our analysis is able to produce (pseudo)patient-level records for these 
differences, which can then be used to estimate the mean preoperative consultation costs 
attributable to hip pain and its distribution, which is shown in Figure A19-2. Finally, 
confidence intervals estimated using a t-test as well as calculated from the actual 
distribution of differences are shown in Table A19-2.  
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Figure A19-1 
Distribution of preoperative consultation costs (in 2011 £) during the  

year prior to THR, by cases and controls 

 
 
 

Table A19-1 
Mean preoperative consultation costs (in 2011 £) during the year  

prior to THR, by cases and controls 

 
Cases Controls Difference 

Females 45-60 90.8 70.8 20.0 

Males 45-60 85.9 65.5 20.4 

Females 60-70 91.4 74.3 17.1 

Males 60-70 89.9 72.2 17.6 

Females 70-80 92.0 78.6 13.4 

Males 70-80 89.2 75.8 13.3 

Females 80+ 87.1 76.5 10.6 

Males 80+ 92.7 77.0 15.8 

TOTAL 90.1 75.2 14.9 

 
 

As shown in Table A19-2, there is a significant difference between the mean costs of 
consultations attributable to hip pain if calculated using the method followed by Violato et 
al (£15 for the entire sample), compared to those obtained by applying the method used 
in this study (£66). It is difficult to say whether the latter overestimates the mean 
difference or if the direct comparison of the means underestimates it. Whilst the approach 
we followed affects the weights of controls with respect to the overall mean difference, it 
has a critical strength over the simple operation of means because it considers who is a 
control for whom in the dataset. The mean values obtained from the approach used by 
Violato et al, nonetheless, suggest that results for consultation costs attributable to hip 
pain would be much lower than expected. Considering that the analysis is performed 
during the 12 months prior to a THR, a difference of only £15 would indicate that 
patients visited their GP, in average, only 0.5 times more than similar controls. That does 
not fit the experience of most patients during the year prior to going into major surgery. 
Results of £60 obtained from our approach would instead be equivalent to an average of 
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two visits to the GP by THR patients in excess of what their controls did, a more sensible 
figure about the demand of healthcare services by these patients.  
Regarding confidence intervals, the method used by Violato et al violates the parametric 
requirement of normality of the t-test, whereas extracting parameters of uncertainty 
directly from the observed distribution of differences allows populating the PSA with 
values that actually correspond to the distribution of resource use we are after, even if it is 
normal and accepts negative values.  
 
 

Figure A19-2 
Distribution of differences between preoperative consultation costs (in 2011 £) by 

cases minus mean of controls, during the year prior to THR 

 
 
 

Table A19-1 
Mean preoperative consultation costs (in 2011 £) during the year  

prior to THR, by cases and controls 

 
Diff of means and t-test Mean of differences 

 
Mean 95% CI Mean 95% CI 

Females 45-60 20.00 17.11 22.90 81.74 73.57 89.92 

Males 45-60 20.39 17.11 23.67 68.43 60.33 76.54 

Females 60-70 17.10 15.03 19.18 74.65 68.49 80.80 

Males 60-70 17.64 15.16 20.11 63.61 57.21 70.01 

Females 70-80 13.37 11.48 15.26 61.56 56.01 67.11 

Males 70-80 13.34 10.90 15.77 55.31 48.33 62.28 

Females 80+ 10.60 8.29 12.90 62.74 55.15 70.33 

Males 80+ 15.77 11.77 19.76 71.58 59.55 83.62 

TOTAL 14.91 
  

66.15 63.60 68.69 

 
 

In conclusion, it appears that using administrative data from cases and sets of controls 
poses important challenges to appropriately estimating parameter values for resource use 
attributable to a condition, and particularly to describe uncertainty necessary for 
probabilistic sensitivity analysis in economic evaluations. The method used by Violato et al 
is reasonable for the estimation of mean differences but does not seem appropriate to 
obtain confidence intervals. The approach employed in this work produces patient-level 
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differences by averaging resource use or costs associated to controls, thus allowing for 
negative values and a normal distribution which is not commonly used to populate costs 
in an economic model. However, the method keeps track of which controls are matched 
to which cases, produces mean values that appear to be more clinically plausible, and 
allows extracting uncertainty parameters from an observed distribution which can more 
confidently be used in PSA.  
 
This particular example shows that further research is warranted on the methods to 
estimate resource use parameter values when based on records from administrative 
datasets aimed at populating economic models. For future assessments, it would be 
advisable, at a minimum, to run sensitivity analysis on the methods used to extract these 
values. 

 
 
 
 

  



 

261 

 

Appendix 20 – CPRD records: staff roles inclusion criteria 

 
 

Staff roles included in the analysis 

Group Staff role 

GPs Assistant 

Associate 

Commercial Deputising service 

Community Medical Officer 

GP Registrar 

Locum 

Non-commercial local rota of less than 10 GPs 

Partner 

Senior Partner 

Nurses Community Nurse 

Contact Tracing Nurse 

Health Visitor 

Hospital Nurse 

Practice Nurse 

Other health 
professionals 

Acupuncturist 

Chiropodist 

Consultant 

Dietician 

Other Health Care Professional 

Physiotherapist 

 

 

Staff roles excluded from the analysis 

Administrator 

Business Manager 

Chiropractor 

Community Psychiatric Nurse 

Computer Manager 

Counsellor 

Dispenser 

Fund Manager 

Health Education Officer 

Interpreter/Link Worker 

Maintenance staff 
 

Midwife 

No Data Entered 

Non-qualified Dispenser 

Osteopath 

Pharmacist 

Practice Manager 

Receptionist 

School Nurse 

Secretary 

Social Worker 

Sole Practitioner 
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Appendix 21 – CPRD records: events inclusion criteria 

 
 

Events included in the analysis 

Category Event description 

Day visit Acute visit 

Casualty Attendance 

Clinic 

Emergency Consultation 

Follow-up/routine visit 

Surgery consultation 

Night visit Night visit, Practice 

 Night visit, Deputising service 

 Night visit, Local rota 

Telephone  
call 

Telephone call from a patient 

Telephone call to a patient 

 

 

Events excluded from the analysis 

Event description 

Administration 

Discharge details 

Letter from Outpatients 

Mail from patient 

Mail to patient 

Other 

Out of hours, Non Practice 

Out of hours, Practice 

Repeat Issue 

Results recording 

Third Party Consultation 

(blank) 
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Appendix 22 – Medication included in the resource use analysis 

 
 

Category Drug name 

Antidepressants Amitriptyline 

NSAIDs Aspirin (300 mg) 

Celecoxib 

Diclofenac 

Ibuprofen 

Meloxicam 

Nabumetone 

Naproxen 

Piroxicam 

Opioid analgesics Codeine 

Co-codamol 

Co-dydramol 

Dihydrocodeine 

Morphine 

Oxycodone 

Tramadol 

Non-opioid analgesics Paracetamol 

Laxatives Lactulose 

Macrogol 

Movicol 

Senna 

Ulcer prevention Lansoprazole 

Omeprazole 

Rabeprazole 

Ranitidine 
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Appendix 23 – Unit costs for consultation events, by staff role and event 
category 

 

Staff role Event category Cost (£)(1) Note 

All included in GP 
group 

Day visit 31.00 Unit cost per surgery consultation lasting 11.7 minutes(2) 

Night visit 104.00 Unit cost per home visit lasting 23.4 minutes(2) 

Phone call 19.00 Unit cost per telephone consultation lasting 7.1 minutes(2) 

Acupuncturist 
Day visit 25.00(3) 

Unit cost per session as charged by South Warwickshire NHS 
Foundation Trust  

Phone call 6.25 Equivalent to 15 minutes of the unit cost per hour(4) 

Chiropodist 
Day visit 31.00 

Unit cost per hour provided by a Community 
chiropodist/podiatrist 

Phone call 7.75 Equivalent to 15 minutes of the unit cost per hour(4) 

Community nurse 
Day visit 36.50 

Equivalent to 30 minutes of the unit cost per hour of home 
visiting (including travel) (4) 

Night visit 73.00 Unit cost per hour of home visiting (including travel)(4) 

Phone call 9.75 
Equivalent to 15 minutes of the unit cost per hour of Practice 
nurse(4) 

Consultant Day visit 81.00 Equivalent to 30 minutes of the unit cost per contract hour (4) 

Night visit 104.00 Unit cost per home visit lasting 23.4 minutes by a GP(2) 

Phone call 19.00 
Unit cost per telephone consultation lasting 7.1 minutes by a 
GP (2) 

Contact Tracing 
Nurse 

Day visit 36.50 
Equivalent to 30 minutes of the unit cost per hour of home 
visiting by Community nurse (including travel) (4) 

Dietician Day visit 35.00 Unit cost per hour (4) 

Night visit 34.00 Lowest cost reported for a night visit (Physiotherapist) 

Phone call 8.75 Equivalent to 15 minutes of the unit cost per hour(4) 

Health visitor Day visit 36.50 Generally a nurse, hence same costs as Community nurse 

Night visit 73.00 

Phone call 9.75 

Hospital Nurse 
Day visit 20.00 

Equivalent to 30 minutes of the unit cost per hour provided 
by a Nurse, day ward (includes staff nurse, registered nurse, 
registered practitioner) (4) 

Phone call 10.00 Equivalent to 15 minutes of the unit cost per hour(4) 

Other Health Care 
Professional 

Day visit 12.75 Lowest cost reported for a consultation (Practice Nurse) 

Night visit 34.00 Lowest cost reported for a night visit (Physiotherapist) 

Phone call 8.75 Lowest cost reported for a phone call (Dietician) 

Physiotherapist Day visit 35.00 Unit cost per hour provided by Hospital physiotherapist(4) 

Night visit 34.00 Unit cost per hour provided by Community physiotherapist(4) 

Phone call 8.75 
Equivalent to 15 minutes of the unit cost per hour by 
Hospital physiotherapist(4) 

Practice Nurse 
Day visit 12.75 

Equivalent to 15 minutes of the unit cost per hour of face-to-
face contact(4) 

Night visit 73.00 
Unit cost per hour of home visiting by a Community Nurse 
(including travel)(4) 

Phone call 9.75 Equivalent to 15 minutes of the unit cost per hour(4) 
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(1) All figures in 2011 pound sterling and, unless otherwise noted, taken from the Unit Costs of Health and 
Social Care 2011 published by the Personal Social Services Research Unit [116]. 

(2) Excluding direct care staff costs but including qualification costs. 

(3) Since the Unit Costs of Health and Social Care 2011 does not report NHS reference costs for services 
provided by an acupuncturist, the figure was extracted from the South Warwickshire NHS Foundation 
Trust’s website (http://www.swft.nhs.uk/our-services/acupuncture.aspx), where it is reported that they do 
not commission acupuncture services any more, but offer private sessions at a cost of £25. 

(4) Including qualification costs. 

 

 

  

http://www.swft.nhs.uk/our-services/acupuncture.aspx
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Appendix 24 – Unit costs for medication 

 

  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

Antidepressant 

Amitriptyline Oral M07191001 Oral solution 
50mg/5m

l 
150 18.19 0.1213 

 
Tablets 4005611 Tabs 25 mg 28 0.83 0.0296 

 
 4005610 Tabs 10 mg 28 0.84 0.0300 

 
 4013478 Tabs 50 mg 28 0.92 0.0329 

Non-steroidal anti-inflammatory drugs (NSAIDs) 

Aspirin Tablets M05745001 Enteric coated tabs 300 mg 100 6.47 0.0647 

(300 mg)  M01580002 Dispersible tabs 300 mg 100 2.88 0.0288 

 
 M01580001 Tabs 300 mg 32 0.31 0.0097 

 
 4000499 NU-seals EC tabs 300 mg 100 4.15 0.0415 

 
 M05290001 Soluble tabs 500 mg 100 2.88 0.0288 

 
 M05745002 Enteric coated tabs 600 mg 100 6.47 0.0647 

 
 4000500 NU-seals EC tabs 600 mg 100 4.15 0.0415 

 
 M05783002 Mod rel tabs 300 mg 100 6.47 0.0647 

 
 M08158001 Orodispersible tabs 300 mg 100 2.88 0.0288 

 
 4004577 

Alphar/Cox disp 
tabs 

300 mg 100 2.88 0.0288 

 
Suppository M07114001 Suppository 300 mg 12 59.28 4.9400 

Celebrex Capsules 4085926 Capsules 200 mg 30 21.55 0.7183 

(Celecoxib) 
 

4085925 Capsules 100 mg 60 21.55 0.3592 

Celecoxib Capsules M08418002 Capsules 200 mg 30 21.55 0.7183 

  
M08418001 Capsules 100 mg 60 21.55 0.3592 

Diclofenac Capsules M01029001 
Sodium, modified 

release 
75 mg 56 11.40 0.2036 

  
M07347001 Sodium, dual release 75 mg 56 11.40 0.2036 

 
Suppository M03600001 (suppository) 100 mg 10 3.23 0.3230 

 
 M07395002 (suppository) 50 mg 10 3.23 0.3230 

 
 M07395001 (suppository) 25 mg 10 3.23 0.3230 

 
 M03600002 (suppository) 12.5 mg 10 3.23 0.3230 

 
Tablets M10655002 Sodium 50 mg 84 1.42 0.0169 

 
 M10631001 

Sodium, modified 
release 

75 mg 56 11.40 0.2036 

 
 M03599002 Sodium 50 mg 84 1.42 0.0169 

 
 M10631002 

Sodium, modified 
release 

100 mg 28 8.20 0.2929 

 
 M06914001 

Sodium + 
Misoprostol 

50 mg +  
200 mcg 

60 11.98 0.1997 

 
 M10655001 Sodium 25 mg 84 1.07 0.0127 

 
 M06783003 

Sodium, modified 
release 

100 mg 28 8.20 0.2929 

 
 M06914002 

Sodium + 
Misoprostol 

75 mg +  
200 mcg 

60 15.83 0.2638 

 
 M03599001 Sodium 25 mg 84 1.07 0.0127 

 
 4076703 Voltarol 25 mg 30 3.46 0.1153 

 
 M06461001 Sodium 50 mg 84 1.42 0.0169 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
 M08579002 Potassium 50 mg 28 6.18 0.2207 

 
 M08579001 Potassium 25 mg 28 3.23 0.1154 

 
Tablets 4074156 (Flexotard) 100 mg 28 8.20 0.2929 

 
 4089401 

Sodium, enteric 
coated tablets 

50 mg 84 1.42 0.0169 

 
 4013225 Sodium 50 mg 84 1.42 0.0169 

 
 4070157 

Sodium, enteric 
coated tablets 

50 mg 84 1.42 0.0169 

Ibuprofen Capsules M08918002 Capsules 200 mg 84 1.44 0.0171 

 
Granules M00698002 Granules 600 mg 20 6.53 0.3265 

  
M08918001 Granules 400 mg 20 6.53 0.3265 

 
Tablets M02873002 Tabs 400 mg 84 1.73 0.0206 

 
 M02873003 Tabs 600 mg 84 3.96 0.0471 

 
 M02873001 Tabs 200 mg 84 1.44 0.0171 

 
 M00698001 Mod rel tabs 800 mg 56 6.48 0.1157 

 
 M05124001 Tabs 800 mg 56 6.48 0.1157 

 
 M01235001 Mod rel tabs 200 mg 84 1.44 0.0171 

 
 M08918003 Orodispersible tabs 200 mg 84 1.44 0.0171 

 
 M03859001 Mod rel tabs 300 mg 120 9.64 0.0803 

 
 M06133001 Soluble tabs 200 mg 84 1.44 0.0171 

 
 4006462 Hillcross tabs 400 mg 84 1.73 0.0206 

 
 M13370001 Dexibuprofen 400 mg 60 9.47 0.1578 

 
 M13364001 Dexibuprofen 300 mg 60 9.47 0.1578 

 
 M11766001 Tabs 200 mg 84 1.44 0.0171 

Meloxicam Tablets M09638001 Tabs 7.5 mg 30 1.12 0.0373 

  
M09638002 Tabs 15 mg 30 1.32 0.0440 

Nabumetone Tablets M05092001 Tabs 500 mg 56 4.75 0.0848 

 
Oral M05092002 Suspension 

500 mg /  
5 ml 

300 24.08 0.0803 

Naproxen Tablets M02771002 Tabs 500 mg 28 1.65 0.0589 

 
 M02771001 Tabs 250 mg 28 1.25 0.0446 

 
 M06830002 Enteric coated tabs 500 mg 56 4.98 0.0889 

 
 M06830001 Enteric coated tabs 250 mg 56 3.01 0.0538 

 
 M06830003 Enteric coated tabs 375 mg 56 26.82 0.4789 

 
 M04687001 + Misoprostol: Tabs 

500 mg + 
200 mcg 

56 23.76 0.4243 

 
 M04246001 Tabs 275 mg 60 7.1 0.1183 

 
 M06864003 Mod rel tabs 500 mg 28 1.65 0.0589 

 
 M02771003 Tabs 375 mg 56 26.82 0.4789 

 
 M11866001 + Misoprostol: Tabs 

500 mg + 
200 mcg 

56 23.76 0.4243 

 
 4012916 Timpron 500 mg 28 1.65 0.0589 

 
 4012915 Timpron 250 mg 28 1.25 0.0446 

 
Granules M06864001 Granules 500 mg 28 1.65 0.0589 

  
M06864002 Granules 375 mg 56 26.82 0.4789 

Piroxicam Capsules M04501001 Capsules 10 mg 56 13.32 0.2379 

 
 M04501002 Capsules 20 mg 28 19.04 0.6800 

 
 4002893 Feldene caps 10 mg 30 3.86 0.1287 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
 4002894 Feldene caps 20 mg 30 7.71 0.2570 

 
Tablets M00517001 Betadex tabs 20 mg 30 13.82 0.4607 

  
M04501003 Orodispersible tabs 20 mg 28 32.41 1.1575 

 
 M05190002 Dispersible tabs 20 mg 28 32.41 1.1575 

 
 M05190001 Dispersible tabs 10 mg 56 9.96 0.1779 

 
 4012576 Feldene melt tabs 20 mg 30 10.53 0.3510 

 
 4002915 

Feldene dispersible 
tabs 

20 mg 28 32.41 1.1575 

 
 4002914 

Feldene dispersible 
tabs 

10 mg 56 9.96 0.1779 

Opioid analgesics 

Codeine Oral M01078001 
Codeine Phosphate: 

syrup 
25 mg /  

5 ml 
100 0.98 0.0098 

 
Tablets M01077002 Codeine Phosphate 30 mg 28 1.18 0.0421 

 
 M01077001 Codeine Phosphate 15 mg 28 0.97 0.0346 

 
 M01077003 Codeine Phosphate 60 mg 28 1.67 0.0596 

 
 M01906002 

Codeine Phos + 
Aspirin: Disp tabs 

8 mg +  
400 mg 

100 42.03 0.4203 

 
 M01906001 

Codeine Phos + 
Aspirin: Tabs 

8 mg +  
400 mg 

100 42.03 0.4203 

 
 M02916001 

Ibuprofen + 
Codeine: mod rel tab 

300 mg +  
20 mg 

28 1.18 0.0421 

 
 M07878002 

Ibuprofen + 
Codeine: Tab 

200 mg + 
12.8 mg 

28 1.18 0.0421 

 
 M05643002 

Aspirin + codeine + 
Cafeine: Tabs 

300mg + 
8mg + 
105mg 

100 42.03 0.4203 

 
 M03782003 

Codeine + Aspirin: 
Soluble tabs 

8 mg +  
500 mg 

100 42.03 0.4203 

 
 M07878001 

Ibuprofen + 
Codeine: Tab 

200 mg + 
12.5 mg 

28 1.18 0.0421 

Co-codamol Capsules M08876001 Capsules 
30 mg +  
500 mg 

100 5.38 0.0538 

  
M08876003 Capsules 

8 mg +  
500 mg 

20 1.71 0.0855 

 
Tablets M03246001 Tabs 

8 mg +  
500 mg 

100 1.47 0.0147 

 
 M03246002 Disp. Tabs 

8 mg +  
500 mg 

100 4.2 0.0420 

 
 M03246003 Tabs 

30 mg +  
500 mg 

100 3.54 0.0354 

 
 M08876002 Eff Tabs 

8 mg +  
500 mg 

100 4.2 0.0420 

 
 M08193001 Tabs 

15 mg +  
500 mg 

100 8.25 0.0825 

 
 4068499 Eff Tabs 

30 mg +  
500 mg 

100 7.56 0.0756 

 
 4067890 Tabs 

30 mg +  
500 mg 

100 3.54 0.0354 

 
 M06035001 

Paracet + Codei + 
Buclizine: Tabs 

500mg + 
8mg + 
6.25mg 

48 4.53 0.0944 

 
 M07951003 

Paracet + Codei + 
Cafeine: Tabs 

500mg + 
8 mg + 
30mg 

100 1.47 0.0147 

Co-dydramol Oral M13079001 
Sugar-free 
suspension 

500 mg + 
10 mg / 5 

ml 
30 1.06 0.0353 

 
Tablets M03623001 Tabs 

500 mg +  
10 mg 

30 1.06 0.0353 

 
 4056883 Tabs 

500 mg +  
10 mg 

30 1.06 0.0353 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
 M04541003 Tabs 

500 mg +  
20 mg 

112 10.58 0.0945 

 
Tablets M07533001 Tabs 

500 mg +  
30 mg 

56 6.54 0.1168 

 
 M00561002 Effervescent tabs 

500 mg +  
20 mg 

112 10.58 0.0945 

 
 M00561003 

W/Paracetamol 
forte: Effervescent 

tabs 

500 mg +  
30 mg 

56 6.54 0.1168 

 
 M04541002 Tabs 

500 mg + 
7.46 mg 

30 1.06 0.0353 

 
 4085966 Tabs 

500 mg + 
30mg 

56 6.54 0.1168 

Dihydrocodein
e 

Oral M03620002 Elixir 
10 mg /  

5 ml 
150 3.5 0.0233 

 
Tablets M03620001 Tabs 30 mg 28 1.39 0.0496 

 
 M03622001 Mod rel tabs 60 mg 56 5.18 0.0925 

 
 M03622003 Mod rel tabs 120 mg 56 10.91 0.1948 

 
 M03622002 Mod rel tabs 90 mg 56 8.66 0.1546 

 
 M03620003 Tabs 40 mg 100 11.51 0.1151 

Morphine Capsules M08798001 Mod rel caps 10 mg 60 3.3 0.0550 

 
 M08798002 Mod rel caps 30 mg 60 9.24 0.1540 

 
 M08798003 Mod rel caps 60 mg 60 15.39 0.2565 

 
 4066862 Mod rel caps 100 mg 60 28.54 0.4757 

 
 M10321001 Mod rel caps 20 mg 60 9.61 0.1602 

 
 M10321003 Mod rel caps 100 mg 60 24.37 0.4062 

 
 4068218 Mod rel caps 200 mg 60 48.74 0.8123 

 
 M09645002 Mod rel caps 60 mg 28 14.95 0.5339 

 
 M09645001 Mod rel caps 30 mg 28 10.91 0.3896 

 
 M09645003 Mod rel caps 90 mg 28 22.04 0.7871 

 
 M10321002 Mod rel caps 50 mg 60 15.39 0.2565 

 
 M09646001 Mod rel caps 120 mg 28 29.15 1.0411 

 
Oral M05227001 Oral solution 

10 mg / 
 5 ml 

500 7.47 0.0149 

 
 M05227002 Unit dose vial 

10 mg /  
5 ml 

500 7.47 0.0149 

 
 M06390001 

Concentrated oral 
sol 

20 mg / 
ml 

120 18.59 0.1549 

 
 M05227003 Unit dose vial 

30 mg /  
5 ml 

500 7.47 0.0149 

 
 M12943001 Solution for infusion 

50 mg /  
10 ml 

500 7.47 0.0149 

 
 M04207001 Tincture 

10 mg / 
ml 

500 7.47 0.0149 

 
Sachets 4060027 

Granules for 
suspension (sachets) 

30 mg 30 25.54 0.8513 

 
 4085443 

Granules for 
suspension (sachets) 

20 mg 30 24.58 0.8193 

 
 M02206002 

Mod rel gran for 
suspens (sachets) 

20 mg 30 24.58 0.8193 

 
Tablets 4085451 MST continus 30 mg 60 12.41 0.2068 

 
 4085452 MST continus 60 mg 60 24.22 0.4037 

 
 4085453 MST continus 100 mg 60 38.34 0.6390 

 
 M04209001 Mod rel tabs 10 mg 60 3.3 0.0550 

 
 M04209002 Mod rel tabs 30 mg 60 7.89 0.1315 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
 4085450 MST continus 15 mg 60 9.61 0.1602 

 
Tablets M06816001 Tabs 10 mg 56 5.29 0.0945 

 
 M04209003 Mod rel tabs 60 mg 60 15.39 0.2565 

 
 4085454 MST continus 200 mg 60 81.34 1.3557 

 
 M04210001 Mod rel tabs 100 mg 60 24.37 0.4062 

 
 M06816002 Tabs 20 mg 56 10.57 0.1888 

 
 M02206001 Mod rel tabs 15 mg 60 9.61 0.1602 

 
 M04210003 Mod rel tabs 5 mg 60 3.29 0.0548 

 
 4063284 

Diamorphine 
(Heroin) 

10 mg 100 16.97 0.1697 

 
 M06816003 Tabs 50 mg 56 28.02 0.5004 

 
 M04210002 Mod rel tabs 200 mg 60 48.74 0.8123 

 
 4060706 Tabs 5 mg 60 3.29 0.0548 

 
 M01916001 Tabs 10 mg 56 5.29 0.0945 

Oxycodone Capsules M09042002 Capsules 10 mg 56 22.76 0.4064 

 
 M09042001 Capsules 5 mg 56 11.38 0.2032 

 
 M09042003 Capsules 20 mg 56 45.51 0.8127 

 
Oral M07693002 Oral liquid 

5 mg / 5 
ml 

250 8.7 0.0348 

  
M07693003 

Oral liquid 
concentrate 

10 mg / 
ml 

120 41.8 0.3483 

 
Tablets M08575001 Mod rel tabs 10 mg 56 24.91 0.4448 

 
 M08575002 Mod rel tabs 20 mg 56 49.82 0.8896 

 
 M08575003 Mod rel tabs 40 mg 56 99.66 1.7796 

 
 M07693001 Mod rel tabs 80 mg 56 

199.3
3 

3.5595 

 
 M06549001 Mod rel tabs 5 mg 28 12.46 0.4450 

Tramadol Capsules M07322001 Capsules 50 mg 100 1.99 0.0199 

 
 M08846002 Mod rel caps 100 mg 60 12.14 0.2023 

 
 M08841001 12 hr mod rel caps 100 mg 60 12.14 0.2023 

 
 M08849001 Mod rel caps 200 mg 30 14.98 0.4993 

 
 M08846001 Mod rel caps 50 mg 60 4.55 0.0758 

 
 M08846003 Mod rel caps 150 mg 28 10.7 0.3821 

 
 M08841003 12 hr mod rel caps 200 mg 60 24.28 0.4047 

 
 M08841002 12 hr mod rel caps 150 mg 60 18.21 0.3035 

 
 M09913002 24 hr mod rel caps 200 mg 30 14.98 0.4993 

 
 M09913001 24 hr mod rel caps 150 mg 28 10.7 0.3821 

 
 M09913003 24 hr mod rel caps 300 mg 30 22.47 0.7490 

 
 M09914001 24 hr mod rel caps 400 mg 28 28.51 1.0182 

 
 M08849002 12 hr mod rel caps 75 mg 60 12.14 0.2023 

 
 4085920 Ivax capsules 50 mg 100 1.99 0.0199 

 
Tablets M07322003 Soluble tabs 50 mg 100 13.33 0.1333 

  
M12135001 Orodispersible tabs 50 mg 60 7.12 0.1187 

Non-opioid analgesics 

Paracetamol Capsules M04531003 Capsules 500 mg 100 3.13 0.0313 

 
 M05802001 

+ Isometheptene 
Mucate caps 

325 mg +  
65 mg 

30 5.5 0.1833 

 
 4021531 Sterwin caplets 500 mg 100 1.61 0.0161 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
 4108268 Ivax caplets 500 mg 100 1.61 0.0161 

 
Capsules M09879001 Capsules 120 mg 100 3.13 0.0313 

 
Granules 4070130 Eli 125 mg 16 0.89 0.0556 

 
Oral M05478001 

Sugar-free 
suspension 

120 mg /  
5 ml 

500 2.25 0.0045 

 
 M02255002 Oral suspension 

120 mg / 
 5 ml 

500 2.25 0.0045 

 
 M04531002 Suspension 

250 mg /  
5 ml 

500 3.3 0.0066 

 
 M05478002 

Sugar-free 
suspension 

250 mg /  
5 ml 

500 3.3 0.0066 

 
 4074102 RP suspension 

120 mg /  
5 ml 

500 2.25 0.0045 

 
 M05478003 

Sugar-free 
suspension 

500 mg /  
5 ml 

500 3.3 0.0066 

 
 M09879002 Syrup 

125 mg /  
5 ml 

500 2.25 0.0045 

 
 M08377001 

+Diphenydramine 
hydrochloride sugar-

free syrup 

120 mg + 
12.5 mg /  

5 ml 
500 2.25 0.0045 

 
 4057888 

AAH(Vant) 
suspension 6 plus 

250 mg /  
5 ml 

500 3.3 0.0066 

 
Sachets M05075002 

+ Metoclopramide 
sachets 

500 mg +  
5 mg 

42 12.52 0.2981 

  
M09879003 Shachets 1 g 42 12.52 0.2981 

 
Suppository M06526001 Suppository 120 mg 10 11.5 1.1500 

 
 M06526002 Suppository 125 mg 10 11.5 1.1500 

 
 M06526003 Suppository 500 mg 10 37.74 3.7740 

 
 M09876001 Suppository 240 mg 10 23 2.3000 

 
 M09876003 Suppository 250 mg 10 23 2.3000 

 
 M09876002 Suppository 60 mg 10 9.96 0.9960 

 
 4070159 

Aurumpharm 
suppository 

500 mg 10 37.74 3.7740 

 
 4091814 Suppository 60 mg 10 9.96 0.9960 

 
Tablets M02764001 

+ 
Dextropropoxyphen

e 

325 mg + 
32.5 mg 

60 9.68 0.1613 

 
 M02773001 Tabs 500 mg 100 1.61 0.0161 

 
 M04531001 Soluble tabs 500 mg 60 4.18 0.0697 

 
 4003216 Pandol soluble tabs 500 mg 100 1.61 0.0161 

 
 M05075001 

+ Metoclopramide 
tabs 

500 mg +  
5 mg 

42 9.64 0.2295 

 
 M12383001 + Tramadol 

325 mg + 
37.5 mg 

60 9.68 0.1613 

 
 M11221001 + Domperidone tabs 

500 mg +  
10 mg 

42 9.64 0.2295 

 
 M02255001 Soluble tabs 120 mg 16 0.89 0.0556 

 
 M11800001 Dissolving tabs 250 mg 60 4.18 0.0697 

 
 M09978002 + Methionine tabs 

500 mg + 
100 mg 

100 1.61 0.0161 

 
 M04532002 

+ Aspirin dispersible 
tabs 

200 mg + 
300 mg 

100 1.61 0.0161 

Laxatives 

Lactulose Oral M03969001 Solution 
3.35 gr /  

5 ml 
500 2.25 0.0045 

 
 M03969003 Solution 

3.1-3.7 gr 
/ 5 ml 

500 2.25 0.0045 

 
 M03969002 Solution (flavoured) 3.35 gr /  500 2.25 0.0045 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

5 ml 

Macrogol Sachets M10872001 
Polyethylene glycol 
w/electrolytes oral 

powder 
(13.125) 30 6.68 0.2227 

 
 M00398001 NPF Oral powder 10 gr 30 6.68 0.2227 

 
 M10769001 

Compound NPF 
Oral powder 

6.9 gr 30 6.68 0.2227 

 
 M11928001 4000 - Powder 10 gr 30 6.68 0.2227 

 
 M06378001 

+ Sodium sulphate 
+ electrolytes 

powder 
 

30 6.68 0.2227 

Movicol Sachets 4072795 Sachets (13.125) 50 11.13 0.2226 

  
4103590 Half oral powder (6.563) 30 4.01 0.1337 

Senna Granules M05600001 
Ispaghula husk w/ 

Senna fruits granules 
54.2% + 
12.4% 

400 7.45 0.0186 

  
M04701003 Granules 

 
400 7.45 0.0186 

 
Oral M04701002 Syrup 

7.5 mg /  
5 ml 

500 2.69 0.0054 

  
M13487001 Oral solution 

7.5 mg /  
5 ml 

500 2.69 0.0054 

 
Tablets M04701001 Tabs 7.5 mg 60 1.44 0.0240 

 
 M10618001 Tabs 15 mg 60 1.44 0.0240 

 
 4003130 Senokot 7.5 mg 60 1.44 0.0240 

 
 M09140001 Tabs 12 mg 60 1.44 0.0240 

 
 M10618002 Chewable tabs 15 mg 60 1.44 0.0240 

 
 4001041 APS tabs 7.5 mg 60 1.44 0.0240 

Ulcer prevention 

Lansoprazole Capsules M07262002 Caps of e/c granules 15 mg 28 1.2 0.0429 

  
M07262001 Caps of e/c granules 30 mg 28 1.86 0.0664 

 
Tablets M10810001 

Orodispersible 
gastro-resistant tab 

15 mg 28 2.99 0.1068 

 
 M10843001 

Orodispersible 
gastro-resistant tab 

30 mg 28 5.5 0.1964 

 
 M07926001 

Gastro-resistant 
granules for oral 

susp 
30 mg 28 5.5 0.1964 

Omeprazole Capsules M05588001 Caps 20 mg 28 1.62 0.0579 

 
 M05588003 Caps 10 mg 28 1.62 0.0579 

 
 M05588002 Gastro-resistant caps 40 mg 7 1.65 0.2357 

 
 4085830 

Ivax Gastro-resistant 
caps 

20 mg 28 1.62 0.0579 

 
Tablets M11034001 Esomeprazole tabs 20 mg 28 13.88 0.4957 

 
 M11034002 Esomeprazole tabs 40 mg 28 18.89 0.6746 

 
 M07553002 Dispersible tabs 20 mg 28 1.62 0.0579 

 
 M07657001 Gastro-resistant tabs 20 mg 28 4.89 0.1746 

 
 M07553001 Dispersible tabs 10 mg 28 1.62 0.0579 

 
 M07656001 Gastro-resistant tabs 10 mg 28 5.72 0.2043 

 
 M07553003 Dispersible tabs 40 mg 7 1.65 0.2357 

 
 M10574001 Gastro-resistant tabs 40 mg 7 5.72 0.8171 

Rabeprazole Tablets M10617002 Gastro-resistant tabs 20 mg 28 19.55 0.6982 

  
M10617001 Gastro-resistant tabs 10 mg 28 11.56 0.4129 

Ranitidine Oral M06886001 Syrup 
150 mg /  

10 ml 
300 19.31 0.0644 
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  CPRD BNF 

Drug 
Presenta-

tion 
Product 

code 
Description Strength 

Quanti-
ty 

Price 
(£) 

Unit 
price 

 
Tablets M04666001 Tabs 150 mg 60 1.48 0.0247 

  
M04666002 Tabs 300 mg 30 1.57 0.0523 

 
Tablets M04667002 Effervescent tabs 150 mg 60 16 0.2667 

 
 M08514001 Tabs 75 mg 60 1.48 0.0247 

 
 M04667003 Effervescent tabs 300 mg 30 15.05 0.5017 

 
 M08830001 Bismuth citrate tabs 400 mg 30 15.05 0.5017 

 
 4073460 Genus tabs 150 mg 60 1.48 0.0247 

 
 M11500001 Effervescent tabs 75 mg 60 16 0.2667 

 

Notes: 

1. CPRD product codes were identified by searching the “product name” field of the CPRD 

product dictionary. It is hence possible that a number of CPRD product codes associated 

to the drugs we searched for had not been identified if the name of the drug was not part 

of the “product name” as recorded in the CPRD.  
2. Of all CPRD product codes identified, any reporting a total count of 100 or more was 

included in the analysis. 
3. Some presentations such as gel, creams, powder, injections, and ointments were excluded 

given the difficulty to ascertain the doses prescribed and corresponding cost. 
4. Prices were obtained from the online version of the British National Formulary [117] 

during the second semester of 2012. 
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Appendix 25 – Number of consultation events attributable to hip pain on 
the year immediately prior to THR, data from CPRD 

 

  
FEMALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 2.19 4.78 1.96 5.12 1.70 5.28 1.66 5.44 

Night visit 0.00 0.10 -0.00 0.09 0.00 0.16 -0.00 0.13 

Phone call 0.32 1.66 0.32 1.60 0.29 1.51 0.37 2.11 

Acupuncturist 

Day visit 0.00 0.07 0.00 0.02 -0.00 0.04 -0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit -0.00 0.02 0.00 0.16 0.00 0.22 0.01 0.28 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 

Community nurse 

Day visit 0.02 0.54 0.03 0.73 0.01 1.11 0.02 1.18 

Night visit 0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.01 

Phone call -0.00 0.04 -0.00 0.08 -0.00 0.07 0.00 0.16 

Consultant 

Day visit -0.00 0.03 -0.00 0.03 -0.00 0.04 -0.00 0.01 

Night visit 0.00 0.00 -0.00 0.01 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.27 0.01 0.43 0.00 0.27 0.00 0.27 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Phone call 0.00 0.09 -0.00 0.03 0.00 0.06 0.00 0.07 

Health visitor 

Day visit 0.02 0.44 0.02 0.56 0.01 0.48 0.00 0.40 

Night visit -0.00 0.01 0.00 0.00 -0.00 0.00 0.00 0.00 

Phone call 0.00 0.07 0.01 0.20 0.00 0.12 -0.00 0.09 

Hospital nurse 

Day visit -0.00 0.02 0.00 0.07 0.00 0.08 -0.00 0.06 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 -0.00 0.00 -0.00 0.01 

Other HCP 

Day visit 0.07 0.85 0.06 0.95 0.00 0.92 0.03 1.02 

Night visit 0.00 0.02 -0.00 0.02 -0.00 0.02 -0.00 0.02 

Phone call 0.00 0.08 0.00 0.10 0.00 0.13 0.00 0.16 

Physiotherapist 

Day visit 0.02 0.58 0.03 0.73 0.03 0.63 0.02 0.50 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.03 

Practice nurse 

Day visit 0.20 2.62 0.19 2.76 0.04 3.66 0.04 3.10 

Night visit 0.00 0.00 0.00 0.02 -0.00 0.01 0.00 0.03 

Phone call 0.01 0.22 0.02 0.37 0.01 0.31 0.02 0.38 
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MALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 1.87 4.43 1.78 4.67 1.63 4.99 2.02 5.37 

Night visit 0.00 0.08 -0.00 0.11 -0.00 0.15 0.01 0.16 

Phone call 0.22 1.24 0.20 1.08 0.19 1.22 0.29 1.82 

Acupuncturist 

Day visit -0.00 0.01 0.00 0.05 0.00 0.07 0.00 0.07 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit -0.00 0.06 0.01 0.18 0.00 0.14 -0.00 0.23 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.02 0.49 -0.01 0.57 -0.02 0.83 0.01 1.28 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.08 0.00 0.06 0.00 0.04 0.00 0.05 

Consultant 

Day visit -0.00 0.07 -0.00 0.02 -0.00 0.03 -0.00 0.04 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit 0.00 0.22 0.01 0.37 0.01 0.33 0.01 0.46 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.03 -0.00 0.03 0.00 0.08 0.01 0.19 

Health visitor 

Day visit -0.00 0.18 0.00 0.35 0.02 0.35 0.00 0.23 

Night visit 0.00 0.00 -0.00 0.01 -0.00 0.00 0.00 0.00 

Phone call -0.00 0.03 0.00 0.06 0.00 0.07 0.00 0.05 

Hospital nurse 

Day visit 0.00 0.04 0.00 0.11 -0.00 0.05 -0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.00 0.00 0.02 0.00 0.00 

Other HCP 

Day visit 0.02 0.56 0.05 0.90 0.02 1.02 0.00 1.02 

Night visit 0.00 0.04 -0.00 0.02 -0.00 0.03 -0.00 0.04 

Phone call -0.00 0.10 0.00 0.11 -0.00 0.10 0.00 0.10 

Physiotherapist 

Day visit 0.01 0.33 0.01 0.33 0.02 0.46 0.01 0.35 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit 0.26 2.74 0.17 2.84 -0.06 3.79 0.04 3.85 

Night visit 0.00 0.00 -0.00 0.01 -0.00 0.01 0.00 0.04 

Phone call 0.01 0.32 0.01 0.31 0.01 0.38 -0.00 0.26 
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Appendix 26 – Consultation costs attributable to hip pain on the year 
immediately prior to THR 

 
 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 74.35 159.71 66.80 169.09 58.20 173.36 58.31 181.41 

Acupuncturist 0.03 1.78 0.01 0.57 -0.03 0.89 -0.00 0.79 

Chiropractor -0.04 0.52 0.00 5.11 0.06 6.81 0.30 8.63 

Community nurse 0.79 19.85 1.02 26.49 0.22 40.53 0.72 43.18 

Consultant -0.02 2.22 -0.05 2.87 -0.04 3.18 -0.02 0.80 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.11 9.66 0.17 15.03 0.03 9.32 0.03 9.45 

Health visitor 0.74 16.31 0.92 21.29 0.37 17.86 0.03 14.73 

Hospital nurse -0.01 0.37 0.02 1.40 0.01 1.67 -0.00 1.15 

Other HCP 0.99 10.99 0.73 12.30 0.04 11.86 0.42 13.22 

Physiotherapist 0.85 20.39 1.16 25.58 1.04 22.17 0.75 17.53 

Practice nurse 2.60 33.57 2.57 35.88 0.62 47.02 0.71 40.17 

 
 

 
MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 62.56 144.28 58.70 150.69 53.87 162.96 68.74 176.79 

Acupuncturist -0.01 0.30 0.00 1.36 0.01 1.65 0.04 1.84 

Chiropractor -0.05 1.85 0.16 5.57 0.03 4.27 -0.10 7.19 

Community nurse 0.93 18.10 -0.34 20.78 -0.70 30.21 0.44 46.88 

Consultant -0.19 6.06 -0.02 1.71 -0.05 2.48 -0.08 3.39 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 0.12 7.53 0.44 12.92 0.25 11.75 0.56 16.36 

Health visitor -0.04 6.61 0.17 13.08 0.66 13.06 0.18 8.18 

Hospital nurse 0.03 0.76 0.08 2.11 -0.00 0.86 -0.01 0.55 

Other HCP 0.30 7.74 0.66 11.60 0.22 13.25 -0.01 13.15 

Physiotherapist 0.27 11.63 0.34 11.52 0.70 16.08 0.52 12.17 

Practice nurse 3.41 35.62 2.21 36.57 -0.61 48.77 0.48 49.39 

 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 
3. Unit costs obtained from PPSRU [116]. 
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Appendix 27 – Prescription costs attributable to hip pain on the year 
immediately prior to THR, data from CPRD 

 

 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.20 

Aspirin 0.18 5.20 -0.08 2.48 -0.10 2.08 -0.17 2.07 

Celecoxib 3.11 32.07 6.92 46.23 5.75 42.36 5.47 38.84 

Cocodamol 4.04 21.74 4.32 22.11 3.96 21.49 2.78 19.70 

Codeine 2.12 12.20 2.15 14.19 1.57 12.29 1.71 13.83 

Codydramol 0.63 14.42 0.61 24.52 0.56 15.17 0.69 24.91 

Diclofenac 10.37 35.61 7.84 31.51 6.14 26.81 3.42 20.55 

Dihydrocodeine 2.11 14.92 1.47 12.44 0.81 11.45 0.84 9.28 

Ibuprofen 0.52 7.86 0.98 7.28 0.95 6.66 0.70 5.67 

Lactulose -0.07 2.21 -0.09 3.65 -0.24 5.05 -0.70 6.77 

Lansoprazole -0.13 4.32 -0.28 5.19 -0.19 5.63 -0.35 4.91 

Macrogol -0.01 0.36 0.00 0.56 -0.01 0.71 -0.00 1.97 

Meloxicam 0.30 4.12 0.24 2.14 0.25 2.28 0.20 1.87 

Morphine 0.60 11.31 0.72 18.83 -0.13 15.76 0.25 12.98 

Movicol 0.03 5.14 0.16 6.65 -0.12 5.07 -0.14 7.15 

Nabumetone 0.09 2.70 0.13 4.09 0.10 3.96 0.05 1.96 

Naproxen 0.98 9.03 1.02 10.84 0.84 11.70 0.13 4.96 

Omeprazole -0.44 13.74 -0.44 14.81 -0.29 17.39 0.06 13.61 

Oxycodone 0.10 15.43 0.50 20.83 0.20 14.96 1.06 47.12 

Paracetamol 12.37 69.79 15.42 80.15 14.71 82.25 12.75 104.95 

Piroxicam 1.01 12.63 0.62 15.95 0.79 17.28 1.08 17.77 

Rabeprazole -0.26 13.36 -0.17 17.57 -0.53 20.81 -0.21 20.86 

Ranitidine -0.15 8.59 -0.00 5.05 -0.13 5.93 -0.26 6.33 

Senna -0.07 2.35 0.02 1.56 -0.09 2.56 -0.28 3.17 

Tramadol 4.10 29.22 3.50 26.57 2.04 20.06 1.64 18.01 
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MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 -0.08 2.67 

Aspirin -0.06 1.60 -0.24 2.70 -0.23 2.92 0.01 3.00 

Celecoxib 2.93 31.47 3.82 41.26 5.34 38.87 4.33 33.23 

Cocodamol 3.85 21.31 4.00 22.15 2.69 19.95 2.69 15.63 

Codeine 1.39 8.87 1.92 12.50 1.99 11.58 1.20 10.56 

Codydramol 0.29 5.75 0.39 12.69 0.29 4.97 -0.04 8.84 

Diclofenac 8.45 32.10 8.62 32.10 7.41 29.27 6.40 25.76 

Dihydrocodeine 1.35 12.72 1.11 11.68 0.97 9.26 0.66 7.09 

Ibuprofen 0.49 5.42 0.87 6.95 1.17 7.39 1.13 7.09 

Lactulose -0.03 2.16 0.07 3.19 -0.15 4.84 -0.48 6.79 

Lansoprazole -0.26 4.44 -0.40 5.14 -0.29 5.71 -0.54 5.42 

Macrogol 0.00 0.00 0.01 0.77 0.03 1.80 -0.05 0.84 

Meloxicam 0.29 2.17 0.23 2.14 0.13 1.61 0.13 1.44 

Morphine 0.87 19.22 0.32 20.64 -0.07 15.61 0.40 11.69 

Movicol 0.02 1.81 -0.09 3.61 -0.18 9.67 -0.81 6.83 

Nabumetone 0.08 1.98 0.06 3.20 0.03 2.77 0.02 0.57 

Naproxen 0.19 17.22 1.19 15.11 0.93 9.21 0.84 11.14 

Omeprazole -0.25 10.13 -0.49 12.15 -0.92 11.12 -0.77 12.54 

Oxycodone 0.06 1.54 0.59 30.37 0.34 14.91 0.00 0.00 

Paracetamol 8.28 53.69 11.55 65.93 12.20 71.03 15.06 66.36 

Piroxicam 0.93 15.08 0.80 13.70 1.07 18.69 0.20 9.64 

Rabeprazole -0.67 18.04 -0.96 15.19 -1.24 18.99 -0.43 18.49 

Ranitidine -0.10 2.60 -0.14 5.02 -0.14 5.19 -0.60 4.69 

Senna 0.00 1.00 -0.06 1.49 -0.04 2.09 -0.13 3.20 

Tramadol 2.62 26.79 2.67 24.25 1.91 21.69 1.26 11.81 

 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 
3. Unit costs obtained from BNF [117]. 

 

 
 
  



 

279 

 

Appendix 28 – National average NHS reference costs by HRG 

 
Currency 

Code 
Currency Description 

National Average 
Unit Cost (£) 

HA11A Major Hip Procedures Category 2 for Trauma with Major CC 13,600 

HA11B Major Hip Procedures Category 2 for Trauma with Intermediate CC 8,297 

HA11C Major Hip Procedures Category 2 for Trauma without CC 7,477 

HA12B Major Hip Procedures Category 1 for Trauma with CC 8,087 

HA12C Major Hip Procedures Category 1 for Trauma without CC 6,317 

HA13A Intermediate Hip Procedures for Trauma with Major CC 8,233 

HA13B Intermediate Hip Procedures for Trauma with Intermediate CC 6,101 

HA13C Intermediate Hip Procedures for Trauma without CC 5,603 

HA14A Minor Hip Procedures for Trauma with Major CC 7,973 

HA14B Minor Hip Procedures for Trauma with Intermediate CC 4,012 

HA14C Minor Hip Procedures for Trauma without CC 3,696 

HA91Z Hip Trauma Diagnosis without Procedure 3,014 

HA96Z Multiple Trauma Diagnoses without Procedure 2,770 

HA99Z Other Procedures for Trauma 2,415 

HB11A Major Hip Procedures for non Trauma Category 2 with Major CC 11,736 

HB11B Major Hip Procedures for non Trauma Category 2 with CC 6,643 

HB11C Major Hip Procedures for non Trauma Category 2 without CC 6,412 

HB12A Major Hip Procedures for non Trauma Category 1 with Major CC 8,830 

HB12B Major Hip Procedures for non Trauma Category 1 with CC 6,583 

HB12C Major Hip Procedures for non Trauma Category 1 without CC 5,958 

HB13Z Intermediate Hip Procedures for non Trauma Category 2 4,492 

HB14B Intermediate Hip Procedures for non Trauma Category 1 with CC 4,834 

HB14C Intermediate Hip Procedures for non Trauma Category 1 without CC 2,453 

HB15D Minor Hip Procedures for non Trauma Category 2 19 years and over with CC 4,902 

HB15E Minor Hip Procedures for non Trauma Category 2 19 years and over without CC 1,574 

HB15F Minor Hip Procedures for non Trauma Category 2 18 years and under with CC 4,700 

HB15G Minor Hip Procedures for non Trauma Category 2 18 years and under without CC 2,072 

HB16B Minor Hip Procedures for non Trauma Category 1 with CC 5,239 

HB16C Minor Hip Procedures for non Trauma Category 1 without CC 1,429 

HB91Z Other non Trauma Diagnosis without Procedure 2,262 

HB99Z Other Procedures for non Trauma 714 

HR01B Reconstruction Procedures Category 6 with CC 20,400 

HR01C Reconstruction Procedures Category 6 without CC 16,130 

HR02Z Reconstruction Procedures Category 5 9,254 

HR03Z Reconstruction Procedures Category 4 11,062 

HR04B Reconstruction Procedures Category 3 with CC 12,080 

HR04C Reconstruction Procedures Category 3 without CC 8,492 

HR05Z Reconstruction Procedures Category 2 7,340 

HR06A Reconstruction Procedures Category 1 19 years and over 4,587 

HR06B Reconstruction Procedures Category 1 18 years and under 3,900 

Note: Extracted from the National Schedule of Reference Costs Year : 2011-12 - All NHS trusts and NHS 

foundation trusts - HRG Data [126]  



 

280 

 

Appendix 29 – Relative frequencies of HRGs by patient subgroup for HES 
primary THR records, 2011-2012 

 

 
Females, 45-60 years Females, 60-70 years 

HRG 
Relative 

frequency 

HA11A 0.04% 

HA11B 0.04% 

HA11C 0.12% 

HA12B 0.08% 

HA12C 0.33% 

HA13B 0.02% 

HA13C 0.33% 

HA14A 0.02% 

HA99Z 0.04% 

HB11A 0.16% 

HB11B 0.06% 

HB11C 2.56% 

HB12A 2.36% 

HB12B 2.05% 

HB12C 90.96% 

HB13Z 0.33% 

HB14B 0.02% 

HB14C 0.06% 

HB15D 0.02% 

HR01B 0.02% 

HR05Z 0.02% 

Invalid 0.38% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA11A 0.01% 

HA11B 0.01% 

HA11C 0.05% 

HA12B 0.08% 

HA12C 0.13% 

HA13A 0.01% 

HA13C 0.18% 

HA14B 0.01% 

HA99Z 0.05% 

HB11A 0.17% 

HB11B 0.11% 

HB11C 1.89% 

HB12A 3.01% 

HB12B 2.62% 

HB12C 91.23% 

HB13Z 0.14% 

HR01B 0.01% 

HR01C 0.02% 

HR06A 0.02% 

Invalid 0.27% 

TOTAL 100% 
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Females, 70-80 years Females, 80+ years 

HRG 
Relative 

frequency 

HA11A 0.02% 

HA11C 0.04% 

HA12B 0.05% 

HA12C 0.08% 

HA13A 0.02% 

HA13B 0.02% 

HA13C 0.08% 

HA99Z 0.04% 

HB11A 0.24% 

HB11B 0.10% 

HB11C 1.81% 

HB12A 4.36% 

HB12B 5.24% 

HB12C 87.46% 

HB13Z 0.17% 

HB14C 0.01% 

HB16C 0.01% 

HR06A 0.01% 

Invalid 0.24% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA11C 0.07% 

HA12B 0.03% 

HA12C 0.18% 

HA13A 0.10% 

HA13B 0.03% 

HA13C 0.45% 

HA99Z 0.10% 

HB11A 0.73% 

HB11B 0.23% 

HB11C 2.71% 

HB12A 8.82% 

HB12B 6.74% 

HB12C 79.46% 

HB13Z 0.17% 

HR06A 0.02% 

Invalid 0.17% 

TOTAL 100% 
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Males, 45-60 years Males, 60-70 years 

HRG 
Relative 

frequency 

HA11C 0.09% 

HA12B 0.09% 

HA12C 0.13% 

HA13A 0.02% 

HA13C 0.24% 

HA99Z 0.02% 

HB11A 0.15% 

HB11B 0.22% 

HB11C 2.45% 

HB12A 2.62% 

HB12B 2.88% 

HB12C 89.27% 

HB13Z 0.58% 

HB14C 0.06% 

HR01B 0.02% 

Invalid 1.16% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA11B 0.01% 

HA11C 0.04% 

HA12B 0.04% 

HA12C 0.08% 

HA13A 0.03% 

HA13B 0.01% 

HA13C 0.26% 

HA99Z 0.01% 

HB11A 0.13% 

HB11B 0.08% 

HB11C 1.66% 

HB12A 3.42% 

HB12B 4.40% 

HB12C 88.98% 

HB13Z 0.17% 

HB14C 0.03% 

HB16C 0.01% 

HR01B 0.01% 

HR01C 0.03% 

HR06A 0.03% 

Invalid 0.56% 

TOTAL 100% 
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Males, 70-80 years Males, 80+ years 

HRG 
Relative 

frequency 

HA11A 0.04% 

HA11B 0.01% 

HA11C 0.04% 

HA12B 0.01% 

HA12C 0.13% 

HA13A 0.03% 

HA13B 0.01% 

HA13C 0.23% 

HA99Z 0.03% 

HB11A 0.26% 

HB11B 0.15% 

HB11C 1.41% 

HB12A 5.32% 

HB12B 8.03% 

HB12C 83.58% 

HB13Z 0.20% 

HB14B 0.01% 

HB14C 0.01% 

HB16C 0.01% 

HR01C 0.01% 

Invalid 0.47% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA11C 0.04% 

HA12B 0.16% 

HA12C 0.35% 

HA13A 0.16% 

HA13B 0.08% 

HA13C 0.35% 

HB11A 0.47% 

HB11B 0.27% 

HB11C 1.78% 

HB12A 9.97% 

HB12B 10.47% 

HB12C 75.29% 

HB13Z 0.16% 

HB15D 0.04% 

HR06A 0.08% 

Invalid 0.35% 

TOTAL 100% 
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Appendix 30 – Classifying CPRD patients as Good or Poor outcomes based 
on their reported resource use 

 
 
After fitting the logistic model predicting Poor surgery outcome to CPRD data, the default 

choice would have been to label as Poor all those patients with probability equal to or 

greater than 0.5, and similarly for Good outcomes. Nevertheless, the probability cut-off 

point affected greatly the proportion of Good and Poor outcomes and therefore the relative 

estimates of primary care postoperative costs associated with each. 

 

Applying the 0.5 cut-off point would have assigned only 683 of the 13,756 cases in the 

CPRD extract for the first year after a primary THR to the Poor outcome group. This 

represented 5% of the cases, when the PROMs data we held, largely representative of the 

UK’s population, reported a 35% proportion of Poor outcomes. Keeping the criterion for 

Poor outcome at 0.5 would have forced an unrealistic low proportion of such outcomes 

which in turn would have produced an unrealistically high estimate of costs for Poor 

outcomes as the model associated higher resource use with higher probability of being in 

that category. We avoided this because we were aware of the circular connection between 

resource use and costs through the model for surgical outcome, as well as the fact that 

some patients labelled as Poor outcomes do in fact use very little NHS healthcare 

resources. 

 

A cut-off point of 0.4 meant, instead, that 1,138 or 30% of the CPRD cases in the first 

postoperative year were labelled as Poor outcomes, very close to the 35% found in 

PROMs. The proximity in the relative proportion of surgery outcome categories 

suggested the use of 0.4 as a cut-off point, but we were still concerned about the make-up 

of each group in terms of accurately predicted Good and Poor outcomes. We concentrated 

therefore in observing not only the model’s sensitivity and specificity but also and more 

importantly its predictive values. More than anything, we were after the highest possible 

positive predictive value (percentage of likely Poor outcomes that were actually Poor 

outcomes) whilst keeping the negative predictive value as high as possible. Predictive 

values were most relevant in this particular case because we were using the records from 

predicted outcomes to produce estimates of resource use. Hence, it was of outmost 

importance to have a high proportion of true Poor outcomes in the predicted Poor outcomes 

group than to have a high proportion of correctly classified poor outcomes (sensitivity). 
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Given the circular nature of the logit model (by using GP visits to identify cases with high 

resource use and associate those to Poor outcome), we monitored predictive values and 

resulting mean use of resources by outcome group to identify an appropriate cut-off point 

to classify patients when fitting the model to the CPRD. A similar breakdown of Good and 

Poor outcomes was produced by the model when using a cut-off point of 0.4. 

Nonetheless, as shown in the figure below, it was also the case that the positive predictive 

rate of the model fitted to the COASt data increased with as the probability cut-off point 

also increased, up to 0.8, and it did so more rapidly than the negative predictive value 

decreased. A cut-off point of 0.4 therefore produced not only a breakdown of Good and 

Poor outcomes close to the proportions observed in the PROMs data, but more 

importantly it did so by sacrificing only a small portion of correctly classified Poor 

outcome patients whilst predicting accurately a higher proportion of Good outcomes than 

if the default 0.5 cut-off point had been used. 
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Appendix 31 – Number of consultation events attributable to hip pain on the 
year immediately after THR for likely Poor outcomes 

 

  
FEMALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 6.50 4.84 6.02 5.30 6.12 5.08 5.78 5.08 

Night visit 0.04 0.23 0.02 0.19 0.03 0.22 -0.00 0.12 

Phone call 0.83 1.99 0.85 2.03 0.81 2.05 0.89 2.50 

Acupuncturist 

Day visit 0.00 0.06 -0.00 0.05 0.00 0.05 -0.01 0.16 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.00 0.04 0.02 0.22 0.02 0.29 0.01 0.33 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.32 1.54 0.21 0.93 0.30 1.69 0.48 2.38 

Night visit 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.02 

Phone call 0.02 0.19 -0.00 0.03 0.00 0.08 0.02 0.20 

Consultant 

Day visit 0.01 0.17 0.00 0.00 0.00 0.06 -0.00 0.01 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.11 0.00 0.12 -0.01 0.24 -0.01 0.14 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.04 -0.00 0.01 0.00 0.10 0.00 0.00 

Health visitor 

Day visit 0.00 0.28 -0.00 0.21 -0.00 0.30 0.01 0.30 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.01 0.10 -0.00 0.01 -0.00 0.04 

Hospital nurse 

Day visit -0.00 0.06 -0.00 0.06 0.00 0.11 -0.00 0.10 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.18 1.08 0.15 1.16 0.13 1.17 0.11 1.11 

Night visit -0.00 0.01 -0.00 0.01 0.00 0.06 -0.00 0.05 

Phone call 0.00 0.06 0.01 0.12 0.01 0.13 0.00 0.11 

Physiotherapist 

Day visit 0.14 0.99 0.09 0.78 0.08 0.84 0.04 0.48 

Night visit 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 -0.00 0.01 -0.00 0.01 

Practice nurse 

Day visit 1.26 7.53 0.62 3.04 0.69 4.99 0.44 4.27 

Night visit 0.00 0.00 -0.00 0.01 0.00 0.03 0.00 0.00 

Phone call 0.10 0.70 0.05 0.41 0.04 0.46 0.03 0.43 
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MALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 6.61 4.21 6.01 4.41 6.34 4.47 7.09 5.65 

Night visit 0.00 0.15 0.02 0.21 0.00 0.10 0.01 0.14 

Phone call 0.57 1.33 0.46 1.49 0.62 1.90 0.65 1.71 

Acupuncturist 

Day visit 0.00 0.00 0.00 0.05 0.00 0.08 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.00 0.00 0.03 0.49 0.00 0.25 0.02 0.27 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.37 2.45 0.17 0.94 0.46 3.73 0.37 1.82 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Phone call 0.00 0.00 0.00 0.07 0.00 0.12 0.01 0.14 

Consultant 

Day visit 0.00 0.00 0.00 0.05 0.00 0.07 -0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.02 0.00 0.32 -0.02 0.17 -0.03 0.33 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 -0.00 0.01 -0.00 0.02 

Health visitor 

Day visit 0.04 0.93 0.01 0.25 0.02 0.33 0.00 0.24 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 0.00 0.09 0.00 0.00 

Hospital nurse 

Day visit 0.00 0.00 0.05 0.76 -0.00 0.08 0.00 0.06 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 -0.00 0.03 0.00 0.00 

Other HCP 

Day visit 0.06 0.43 0.18 1.05 0.35 2.81 0.07 0.95 

Night visit 0.00 0.00 0.00 0.07 0.00 0.04 -0.00 0.02 

Phone call 0.00 0.06 0.01 0.15 0.00 0.08 -0.01 0.09 

Physiotherapist 

Day visit 0.09 0.70 0.05 0.56 0.04 0.54 0.02 0.35 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit 0.95 4.02 0.93 3.67 1.03 5.28 0.94 4.10 

Night visit 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.06 

Phone call 0.07 0.45 0.05 0.32 0.03 0.34 -0.01 0.18 

 

Note:   Resource use data obtained from CPRD. Classification as likely Poor outcomes derived 
from fitting a logistic model predicting surgery outcome, estimated on data from COASt, 
and using a probability cut-off point of 0.4. 
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Appendix 32 – Number of consultation events attributable to hip pain on 
the year immediately after THR for likely Good outcomes 

 

  
FEMALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit -0.74 2.56 -1.23 2.70 -1.42 2.94 -1.58 3.21 

Night visit -0.00 0.07 -0.00 0.08 -0.00 0.10 -0.01 0.16 

Phone call 0.26 1.72 0.13 1.14 0.13 1.23 0.18 1.87 

Acupuncturist 

Day visit -0.00 0.05 -0.00 0.04 0.00 0.11 0.00 0.16 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.01 0.18 0.00 0.18 -0.00 0.21 -0.01 0.31 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.01 0.38 0.01 0.45 -0.03 0.74 -0.13 0.98 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 -0.00 0.02 

Phone call -0.00 0.08 0.00 0.06 0.01 0.13 -0.00 0.09 

Consultant 

Day visit -0.00 0.01 -0.00 0.03 -0.00 0.02 0.00 0.03 

Night visit 0.00 0.00 0.00 0.03 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.02 0.14 -0.01 0.18 -0.00 0.26 -0.01 0.12 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.11 -0.00 0.01 0.00 0.07 0.00 0.08 

Health visitor 

Day visit -0.01 0.29 0.01 0.43 0.00 0.41 -0.02 0.25 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.05 -0.00 0.03 0.00 0.16 -0.00 0.07 

Hospital nurse 

Day visit 0.00 0.03 -0.00 0.05 -0.00 0.05 -0.00 0.02 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 -0.00 0.01 0.00 0.00 

Other HCP 

Day visit 0.04 0.97 -0.01 0.88 -0.04 0.82 0.01 0.94 

Night visit -0.00 0.01 -0.00 0.01 -0.00 0.02 -0.00 0.03 

Phone call -0.00 0.05 -0.00 0.09 0.00 0.13 -0.00 0.10 

Physiotherapist 

Day visit 0.02 0.50 0.02 0.58 0.01 0.46 0.01 0.42 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit -0.08 1.87 -0.18 2.16 -0.28 2.78 -0.29 3.09 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.01 

Phone call 0.01 0.22 -0.00 0.25 0.00 0.24 -0.00 0.38 
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MALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit -0.39 2.73 -0.83 2.67 -1.31 3.05 -1.21 3.09 

Night visit -0.01 0.07 0.00 0.12 -0.01 0.12 -0.01 0.17 

Phone call 0.24 1.28 0.12 0.94 0.08 1.12 0.23 1.41 

Acupuncturist 

Day visit -0.00 0.03 -0.00 0.01 -0.00 0.07 0.00 0.04 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit -0.00 0.05 -0.00 0.20 0.00 0.19 -0.01 0.27 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.04 0.44 0.01 0.43 -0.01 0.48 -0.12 1.85 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.01 0.07 0.00 0.07 0.00 0.11 -0.00 0.08 

Consultant 

Day visit 0.00 0.04 -0.00 0.02 -0.00 0.01 0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.08 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit 0.00 0.24 0.03 0.55 0.02 0.44 0.03 0.67 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Phone call 0.00 0.00 0.00 0.10 0.00 0.12 0.00 0.02 

Health visitor 

Day visit 0.01 0.34 0.01 0.32 0.02 0.44 0.03 0.73 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.08 0.00 0.09 -0.00 0.04 -0.00 0.03 

Hospital nurse 

Day visit -0.00 0.01 -0.00 0.04 0.00 0.06 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Other HCP 

Day visit 0.01 0.64 0.03 0.87 -0.00 1.00 0.02 1.19 

Night visit -0.00 0.01 -0.00 0.01 -0.00 0.04 -0.00 0.01 

Phone call -0.00 0.05 -0.00 0.06 0.00 0.11 -0.00 0.13 

Physiotherapist 

Day visit 0.01 0.36 0.02 0.41 0.03 0.45 0.01 0.22 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.04 -0.00 0.01 0.00 0.00 -0.00 0.01 

Practice nurse 

Day visit 0.16 2.41 -0.06 2.52 -0.33 3.31 -0.11 3.32 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 -0.00 0.02 

Phone call -0.00 0.27 -0.00 0.20 0.00 0.21 -0.00 0.32 

 

Note:   Resource use data obtained from CPRD. Classification as likely Good outcomes derived 
from fitting a logistic model predicting surgery outcome, estimated on data from COASt, 
and using a probability cut-off point of 0.4. 
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Appendix 33 – Consultations costs attributable to hip pain on the year 
immediately after THR for likely Poor outcome patients 

 
 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 221.28 168.48 204.82 180.50 207.74 169.77 196.25 172.20 

Acupuncturist 0.08 1.44 -0.06 1.28 0.04 1.16 -0.16 3.88 

Chiropractor 0.08 1.34 0.57 6.94 0.66 8.88 0.33 10.21 

Community nurse 11.72 56.31 7.53 34.00 10.88 61.56 17.66 86.81 

Consultant 0.74 14.06 -0.01 0.15 0.06 4.63 -0.06 1.11 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.04 3.73 0.01 4.30 -0.37 8.34 -0.18 4.99 

Health visitor 0.08 10.12 -0.04 8.00 -0.03 11.11 0.22 10.89 

Hospital nurse -0.07 1.15 -0.07 1.12 0.10 2.29 -0.08 1.94 

Other HCP 2.29 13.84 1.96 14.94 1.85 15.02 1.43 14.18 

Physiotherapist 4.77 34.65 3.06 27.13 2.88 29.54 1.42 16.66 

Practice nurse 16.97 96.36 8.44 39.30 9.24 63.87 5.88 55.09 

 
 

 
MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 216.09 140.84 196.62 144.20 208.60 150.27 232.94 183.04 

Acupuncturist 0.00 0.00 0.04 1.21 0.09 2.04 0.00 0.00 

Chiropractor 0.00 0.00 1.02 15.11 0.10 7.81 0.48 8.27 

Community nurse 13.38 89.41 6.12 34.31 16.87 136.06 13.41 66.25 

Consultant 0.00 0.00 0.14 3.89 0.21 5.54 -0.13 2.07 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.09 0.87 0.08 11.25 -0.58 6.12 -0.92 11.68 

Health visitor 1.28 34.03 0.19 9.14 0.83 12.47 0.16 8.65 

Hospital nurse 0.00 0.00 1.02 15.13 -0.05 1.49 0.08 1.28 

Other HCP 0.82 5.56 2.43 13.63 4.54 35.88 0.80 12.43 

Physiotherapist 3.25 24.56 1.69 19.77 1.27 18.90 0.53 12.26 

Practice nurse 12.78 51.99 12.38 47.21 13.54 67.32 12.19 52.37 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 
predicting surgery outcome, estimated on data from COASt, and using a probability cut-
off point of 0.4. 
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Appendix 34 – Consultations costs attributable to hip pain on the year 
immediately after THR for likely Good outcome patients 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs -18.21 90.78 -36.23 89.81 -41.86 98.14 -46.28 111.70 

Acupuncturist -0.02 1.13 -0.04 0.99 0.02 2.85 0.02 3.93 

Chiropractor 0.25 5.72 0.03 5.52 -0.01 6.58 -0.35 9.73 

Community nurse 0.43 13.70 0.54 16.39 -1.30 26.90 -4.65 35.83 

Consultant -0.02 0.60 0.05 3.53 -0.09 1.48 0.01 2.63 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.53 5.11 -0.32 6.17 -0.11 9.26 -0.31 4.46 

Health visitor -0.26 10.79 0.35 15.70 0.03 15.94 -0.57 9.44 

Hospital nurse 0.03 0.66 -0.03 1.05 -0.02 1.12 -0.02 0.41 

Other HCP 0.47 12.45 -0.15 11.31 -0.48 10.52 0.13 12.11 

Physiotherapist 0.59 17.36 0.66 20.18 0.35 16.27 0.52 14.72 

Practice nurse -1.00 24.17 -2.37 27.79 -3.52 35.69 -3.74 39.98 

 
 

 
MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs -8.05 91.94 -22.91 88.28 -39.69 101.63 -34.11 104.52 

Acupuncturist -0.05 0.66 -0.01 0.24 -0.08 1.77 0.03 0.91 

Chiropractor -0.01 1.58 -0.13 6.07 0.09 5.87 -0.31 8.37 

Community nurse 1.59 16.14 0.54 15.71 -0.49 17.57 -4.21 67.44 

Consultant 0.15 3.82 -0.11 1.67 -0.04 1.21 0.14 3.80 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 0.03 8.27 1.18 19.72 0.74 15.88 1.15 23.54 

Health visitor 0.44 12.27 0.36 11.53 0.66 16.19 1.23 26.81 

Hospital nurse -0.01 0.20 -0.04 0.88 0.01 1.13 0.00 0.00 

Other HCP 0.08 8.16 0.35 11.16 -0.05 12.82 0.19 15.32 

Physiotherapist 0.47 12.85 0.84 14.40 1.03 15.73 0.35 7.71 

Practice nurse 2.06 31.02 -0.76 32.40 -4.17 42.37 -1.45 42.89 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Good outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.4. 
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Appendix 35 – Prescription costs attributable to hip pain on the year 
immediately after THR for likely Poor outcome patients 

 

 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 -0.11 2.82 

Aspirin 0.00 0.18 -0.13 2.44 -0.11 2.10 -0.20 1.56 

Celecoxib 2.33 45.84 2.36 41.29 5.33 42.39 3.63 31.60 

Cocodamol 6.18 25.08 5.02 23.46 4.53 25.81 3.37 24.31 

Codeine 3.13 12.55 3.37 17.62 2.43 14.96 2.39 15.78 

Codydramol 0.94 8.69 1.31 11.84 0.61 5.59 0.87 8.15 

Diclofenac 6.43 26.06 3.43 23.33 3.38 23.49 1.62 15.55 

Dihydrocodeine 3.21 20.20 2.09 13.18 1.74 18.13 2.29 13.68 

Ibuprofen -0.19 4.10 0.06 4.78 -0.09 4.58 0.04 3.97 

Lactulose 0.13 2.00 0.33 3.91 0.35 6.10 0.28 7.84 

Lansoprazole 0.66 5.38 0.02 6.32 0.02 7.35 0.08 6.69 

Macrogol 0.01 0.26 0.03 1.07 0.09 2.70 -0.06 1.43 

Meloxicam 0.29 2.18 0.20 2.02 0.10 1.77 0.27 2.04 

Morphine 1.66 20.52 0.76 12.11 0.72 10.15 0.71 12.58 

Movicol -0.01 5.97 0.42 4.46 0.05 6.77 0.68 10.39 

Nabumetone 0.19 4.26 0.08 2.31 0.09 3.11 0.05 1.37 

Naproxen 0.54 5.47 0.74 6.74 0.38 5.33 0.10 3.95 

Omeprazole -0.23 26.14 1.25 21.90 1.16 23.95 1.66 17.68 

Oxycodone 0.24 3.15 0.23 5.16 0.93 22.61 6.76 172.23 

Paracetamol 20.12 77.23 25.32 88.80 22.63 83.71 13.95 88.34 

Piroxicam 0.23 7.99 -0.55 11.20 0.71 14.58 -0.37 5.80 

Rabeprazole 1.54 24.06 1.03 26.83 0.43 29.17 0.12 20.28 

Ranitidine 0.05 2.81 0.23 3.79 0.10 4.18 -0.35 8.99 

Senna 0.08 2.01 0.08 1.51 0.01 2.31 0.22 4.18 

Tramadol 7.43 36.67 5.24 28.97 3.03 20.24 2.59 17.33 
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MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Aspirin -0.11 2.08 -0.37 3.14 -0.34 2.82 0.00 3.06 

Celecoxib -0.68 7.71 2.79 36.01 5.39 42.97 2.07 27.93 

Cocodamol 4.94 23.43 6.03 23.05 2.96 20.58 4.06 19.78 

Codeine 1.19 7.71 1.54 11.08 2.45 12.26 1.18 9.53 

Codydramol 1.41 10.41 0.78 6.46 0.53 7.02 0.59 5.15 

Diclofenac 6.22 27.75 5.15 24.87 3.14 21.11 3.25 18.64 

Dihydrocodeine 2.02 12.07 1.88 12.43 2.00 12.31 0.50 4.09 

Ibuprofen 0.72 8.86 0.16 4.78 0.13 6.46 0.28 4.69 

Lactulose -0.16 5.25 0.69 5.35 0.79 5.96 0.10 8.27 

Lansoprazole -0.03 4.01 0.30 6.47 0.41 7.77 0.00 6.59 

Macrogol 0.00 0.00 -0.01 0.16 0.15 3.27 -0.05 1.06 

Meloxicam 0.27 2.11 0.17 1.80 0.04 0.93 0.02 0.52 

Morphine -0.08 1.09 1.74 36.92 0.17 5.32 0.77 14.23 

Movicol 0.14 2.20 -0.08 2.58 0.48 9.31 -0.65 11.08 

Nabumetone 0.07 1.01 0.20 5.78 -0.07 1.29 -0.01 0.21 

Naproxen 0.21 4.87 0.43 6.39 0.22 4.06 -0.05 3.50 

Omeprazole -0.17 5.85 1.89 25.31 0.01 23.32 0.66 16.65 

Oxycodone 0.00 0.00 7.27 120.20 0.31 5.96 0.00 0.00 

Paracetamol 13.33 67.69 19.58 72.66 16.57 62.57 7.54 50.87 

Piroxicam -0.40 7.22 1.29 15.47 0.43 13.14 0.12 2.52 

Rabeprazole 0.52 29.53 -0.50 13.16 -1.11 26.27 1.05 34.97 

Ranitidine -0.07 2.37 0.12 3.48 0.24 7.65 -0.50 4.99 

Senna 0.02 0.70 0.05 2.38 -0.06 3.04 0.35 4.59 

Tramadol 5.71 34.54 4.18 24.59 2.71 25.15 3.81 26.15 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.4.  
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Appendix 36 – Prescription costs attributable to hip pain on the year 
immediately after THR for likely Good outcome patients 

 

 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.10 2.67 0.00 0.00 0.00 0.00 0.00 0.00 

Aspirin 0.21 6.62 -0.07 0.96 -0.08 2.69 -0.15 1.98 

Celecoxib 0.08 16.89 1.21 26.11 0.88 21.54 1.44 26.75 

Cocodamol 0.48 14.97 0.76 15.22 0.84 15.05 0.26 12.74 

Codeine 0.03 5.03 0.15 9.47 0.19 8.75 0.07 9.59 

Codydramol -0.06 1.68 0.37 19.41 0.24 12.37 -0.11 2.36 

Diclofenac 2.06 18.02 1.02 16.84 1.46 15.87 0.98 13.63 

Dihydrocodeine -0.07 8.16 0.19 6.08 0.21 6.76 -0.17 4.58 

Ibuprofen 0.04 3.54 0.08 4.48 0.04 4.73 0.20 3.86 

Lactulose -0.14 2.13 -0.17 3.43 -0.30 4.60 -0.95 6.12 

Lansoprazole -0.20 3.00 -0.49 4.41 -0.17 4.70 -0.45 5.01 

Macrogol -0.00 0.12 -0.03 1.45 -0.06 2.08 -0.00 0.99 

Meloxicam 0.12 1.80 0.10 1.63 0.07 1.50 0.04 1.16 

Morphine -0.06 0.80 0.26 15.46 -0.33 6.30 -0.06 6.54 

Movicol -0.07 2.04 -0.15 7.26 -0.23 5.35 -0.87 6.42 

Nabumetone 0.21 3.80 -0.02 1.76 0.05 3.10 -0.05 1.84 

Naproxen 0.25 11.80 0.21 4.83 0.36 7.16 -0.07 5.02 

Omeprazole -0.56 8.99 -1.48 12.25 -0.76 15.04 -0.97 11.45 

Oxycodone -0.76 19.70 1.88 61.23 -0.23 7.57 0.00 0.00 

Paracetamol 2.36 53.21 3.67 52.66 2.80 64.39 -1.25 58.42 

Piroxicam 0.36 8.61 0.92 20.74 -0.02 7.34 0.37 13.77 

Rabeprazole -0.22 13.92 -0.60 13.67 -1.01 18.11 0.06 19.96 

Ranitidine -0.34 6.03 -0.11 2.83 -0.24 6.38 -0.07 6.48 

Senna -0.08 1.13 -0.01 1.17 -0.13 2.35 -0.29 3.47 

Tramadol 0.73 14.43 0.64 15.24 -0.11 7.32 0.22 9.86 
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MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Aspirin -0.11 1.00 -0.23 2.46 -0.22 2.40 -0.02 2.19 

Celecoxib 0.41 19.04 0.59 27.50 0.75 19.61 0.03 19.23 

Cocodamol 0.27 9.17 0.49 12.83 0.19 10.22 -0.23 9.93 

Codeine 0.20 5.30 0.37 8.48 0.64 7.91 0.04 7.45 

Codydramol 0.06 1.50 -0.39 14.20 -0.11 4.00 0.03 1.93 

Diclofenac 1.82 15.77 1.32 19.35 2.08 19.72 1.81 17.61 

Dihydrocodeine 0.23 6.28 -0.10 5.63 -0.32 5.33 0.09 1.71 

Ibuprofen -0.16 2.77 0.12 4.01 0.22 5.07 0.04 2.75 

Lactulose -0.03 0.79 -0.06 2.82 -0.39 4.51 -0.56 7.51 

Lansoprazole -0.21 3.90 -0.67 4.29 -0.54 5.72 -0.79 4.91 

Macrogol 0.00 0.00 -0.01 0.31 -0.10 1.75 -0.04 0.70 

Meloxicam 0.05 1.45 0.04 1.41 -0.01 1.19 0.07 0.89 

Morphine -0.24 7.22 -0.29 4.28 -0.30 5.12 -0.49 9.29 

Movicol -0.08 1.47 -0.00 5.21 -0.18 3.19 -0.74 6.36 

Nabumetone -0.10 2.42 -0.06 1.24 0.02 1.61 0.00 0.00 

Naproxen -0.34 8.73 0.18 8.96 0.08 3.63 0.06 2.87 

Omeprazole -0.47 5.89 -1.04 8.13 -0.87 7.78 -1.50 16.34 

Oxycodone 0.00 0.00 -0.08 4.45 -0.58 11.58 -0.12 3.41 

Paracetamol 3.01 42.00 0.78 39.46 -0.29 46.18 6.25 48.80 

Piroxicam 0.41 6.78 0.14 8.19 0.55 7.96 -0.09 1.44 

Rabeprazole -0.28 16.29 -0.56 14.17 -1.47 14.42 1.58 23.58 

Ranitidine -0.17 1.75 -0.18 2.52 -0.13 4.69 -0.23 5.48 

Senna -0.03 0.80 -0.09 1.57 -0.03 2.05 -0.19 2.78 

Tramadol 0.17 14.79 0.14 10.89 -0.36 7.86 -0.12 2.35 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Good outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.4. 
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Appendix 37 – Surgery outcome predictive model assuming a PASS score of 
33 

 

 

 
Logit regression for Poor outcome,  

estimated on year one primary THR COASt cohort data 

Predictor Coefficient p-value  
95% confidence 

interval 

Number GP visists = 1 to 4 2.167 0.000 1.345 2.989 

Number GP visists = 5 or more 1.261 0.181 -0.587 3.108 

Paracetamol? 1.421 0.002 0.541 2.301 

Number of opioid drugs 1.101 0.006 0.323 1.878 

Constant -3.493 0.000 -4.191 -2.795 

n = 314     

Pseudo R2 = 0.266     
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Appendix 38 – Number of consultation events attributable to hip pain for 
years two through 10 after THR for likely Poor outcomes 

 

  
FEMALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 4.09 4.40 4.19 4.28 4.28 5.25 4.51 6.31 

Night visit 0.00 0.12 0.01 0.15 0.02 0.25 0.00 0.14 

Phone call 0.70 2.44 0.54 2.72 0.59 2.50 0.73 2.64 

Acupuncturist 

Day visit 0.01 0.09 0.00 0.04 -0.00 0.10 -0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.01 0.19 0.05 0.47 0.02 0.39 0.00 0.19 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.34 1.69 0.08 0.94 0.31 2.79 0.38 2.19 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Phone call 0.00 0.09 0.00 0.35 0.01 0.16 0.01 0.18 

Consultant 

Day visit 0.00 0.06 0.00 0.04 -0.00 0.01 0.00 0.09 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.08 -0.01 0.24 -0.01 0.15 -0.01 0.10 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.04 0.00 0.00 -0.00 0.01 

Health visitor 

Day visit -0.00 0.27 -0.02 0.22 0.00 0.42 0.06 1.84 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.02 0.00 0.04 0.00 0.11 -0.01 0.09 

Hospital nurse 

Day visit 0.00 0.00 -0.00 0.04 0.00 0.05 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.19 1.74 0.29 2.30 0.15 1.38 0.18 2.30 

Night visit 0.00 0.06 -0.00 0.05 -0.00 0.02 0.00 0.07 

Phone call 0.01 0.10 0.01 0.17 0.00 0.13 0.01 0.15 

Physiotherapist 

Day visit 0.07 1.05 0.06 0.73 0.07 0.92 0.02 0.60 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 

Practice nurse 

Day visit 1.17 5.62 0.73 4.27 0.45 4.70 0.52 4.79 

Night visit -0.00 0.03 -0.00 0.02 0.00 0.00 0.00 0.00 

Phone call 0.01 0.26 0.13 1.63 -0.00 0.37 0.01 0.33 
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MALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 3.79 4.26 3.88 4.22 4.35 4.63 4.59 5.35 

Night visit 0.02 0.15 0.00 0.10 -0.00 0.09 -0.00 0.16 

Phone call 0.67 1.74 0.28 1.63 0.29 1.58 0.60 1.34 

Acupuncturist 

Day visit 0.00 0.00 0.00 0.05 0.01 0.09 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit -0.00 0.02 0.01 0.45 -0.01 0.14 0.03 0.39 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.15 1.24 0.07 0.67 0.12 1.11 1.06 6.43 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.03 

Phone call 0.01 0.09 -0.00 0.07 0.01 0.25 0.16 1.08 

Consultant 

Day visit 0.00 0.00 0.00 0.13 -0.01 0.09 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.06 -0.00 0.03 -0.01 0.19 -0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Health visitor 

Day visit 0.01 0.32 0.01 0.22 0.01 0.21 0.06 0.46 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.04 0.00 0.00 -0.00 0.01 -0.00 0.04 

Hospital nurse 

Day visit 0.00 0.00 -0.00 0.07 0.00 0.02 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.22 1.18 0.08 1.21 0.24 1.79 0.04 1.14 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.03 

Phone call -0.00 0.06 -0.00 0.07 0.00 0.08 0.01 0.08 

Physiotherapist 

Day visit -0.01 0.05 0.02 0.33 0.01 0.25 0.02 0.25 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit 1.61 7.18 0.88 4.11 0.98 6.39 0.73 4.46 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.02 0.20 0.06 0.44 0.02 0.45 0.01 0.22 

 

Note:   Resource use data obtained from CPRD pooling together records from years two through 
10. Classification as likely Poor outcomes derived from fitting a logistic model predicting 
surgery outcome, estimated on data from COASt, and using a probability cut-off point of 
0.3. 
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Appendix 39 – Number of consultation events attributable to hip pain for 
years two through 10 after THR for likely Good outcomes 

 

  
FEMALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 0.49 4.91 0.15 5.22 0.01 5.27 -0.18 5.38 

Night visit -0.00 0.09 -0.00 0.10 -0.00 0.10 -0.00 0.19 

Phone call 0.06 1.25 0.06 1.40 0.09 1.69 0.11 1.88 

Acupuncturist 

Day visit 0.00 0.08 0.00 0.08 0.00 0.04 -0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.00 0.19 0.00 0.23 0.00 0.29 -0.01 0.26 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.00 0.00 0.00 -0.00 0.00 -0.00 0.01 

Community nurse 

Day visit 0.04 1.05 0.06 1.95 0.01 1.56 -0.01 1.99 

Night visit 0.00 0.00 0.00 0.00 0.00 0.01 -0.00 0.02 

Phone call -0.00 0.13 -0.00 0.10 0.00 0.20 0.00 0.14 

Consultant 

Day visit 0.00 0.05 0.00 0.07 -0.00 0.04 0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.01 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.00 0.00 0.01 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.00 0.23 -0.01 0.23 -0.00 0.23 -0.01 0.16 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.02 -0.00 0.03 -0.00 0.10 0.00 0.03 

Health visitor 

Day visit 0.01 0.35 -0.01 0.35 -0.01 0.41 -0.01 0.34 

Night visit 0.00 0.00 0.00 0.01 -0.00 0.01 0.00 0.00 

Phone call -0.00 0.03 -0.00 0.07 -0.00 0.09 -0.00 0.06 

Hospital nurse 

Day visit -0.00 0.04 0.00 0.09 0.00 0.05 0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.01 -0.00 0.03 -0.00 0.01 0.00 0.00 

Other HCP 

Day visit 0.05 0.93 -0.02 0.98 -0.02 1.47 0.02 1.38 

Night visit -0.00 0.01 0.00 0.03 -0.00 0.03 0.00 0.06 

Phone call 0.00 0.07 0.00 0.09 -0.00 0.11 -0.01 0.19 

Physiotherapist 

Day visit 0.01 0.41 0.01 0.48 0.01 0.57 0.01 0.43 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.00 -0.00 0.00 0.00 0.02 

Practice nurse 

Day visit 0.22 2.81 0.02 3.24 0.04 4.09 0.11 3.57 

Night visit -0.00 0.01 0.00 0.01 0.00 0.03 -0.00 0.03 

Phone call -0.00 0.36 -0.00 0.48 0.00 0.36 -0.00 0.35 
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MALES 

  
45-60 years 60-70 years old 70-80 years old 80+ years old 

  
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 0.20 4.50 0.32 4.56 0.05 5.22 0.61 6.03 

Night visit 0.00 0.11 -0.00 0.09 -0.00 0.12 0.00 0.18 

Phone call 0.01 0.93 0.04 1.13 0.00 1.38 -0.02 1.40 

Acupuncturist 

Day visit -0.00 0.11 0.00 0.07 -0.00 0.04 0.00 0.03 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.00 -0.00 0.01 -0.00 0.01 

Chiropractor 

Day visit -0.00 0.08 0.00 0.30 -0.00 0.22 0.00 0.31 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.02 1.08 0.00 1.08 0.01 1.10 0.07 1.68 

Night visit 0.00 0.04 0.00 0.00 0.00 0.00 -0.00 0.01 

Phone call -0.00 0.03 0.00 0.06 -0.00 0.10 0.00 0.14 

Consultant 

Day visit -0.00 0.03 0.00 0.07 0.00 0.04 0.00 0.15 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.01 0.10 0.01 0.30 0.01 0.33 -0.00 0.40 

Night visit 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Phone call -0.00 0.01 -0.00 0.03 0.00 0.07 0.00 0.06 

Health visitor 

Day visit 0.01 0.42 0.01 0.45 0.01 0.46 0.01 0.49 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 

Phone call 0.00 0.11 -0.00 0.05 -0.00 0.02 -0.00 0.05 

Hospital nurse 

Day visit 0.00 0.08 0.01 0.15 0.00 0.08 0.00 0.04 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 

Phone call -0.00 0.01 0.00 0.02 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.06 1.18 0.04 1.13 0.04 1.39 0.03 1.37 

Night visit -0.00 0.01 0.00 0.05 0.00 0.03 0.00 0.08 

Phone call 0.00 0.14 -0.00 0.08 0.00 0.10 0.00 0.11 

Physiotherapist 

Day visit 0.02 0.55 0.01 0.39 -0.00 0.34 0.00 0.21 

Night visit 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.03 

Practice nurse 

Day visit 0.22 3.56 0.09 3.59 -0.13 4.56 0.32 4.86 

Night visit 0.00 0.00 0.00 0.02 0.00 0.03 -0.00 0.02 

Phone call 0.00 0.32 -0.00 0.28 -0.01 0.26 -0.01 0.28 

 

Note:   Resource use data obtained from CPRD pooling together records from years two through 
10. Classification as likely Poor outcomes derived from fitting a logistic model predicting 
surgery outcome, estimated on data from COASt, and using a probability cut-off point of 
0.3. 
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Appendix 40 – Consultations costs attributable to hip pain for years two 
through 10 after THR for likely Poor outcome patients 

 
 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 140.23 153.51 141.25 150.08 145.52 186.90 153.75 219.90 

Acupuncturist 0.14 2.15 0.05 1.01 -0.09 2.53 -0.04 0.79 

Chiropractor 0.46 6.04 1.46 14.53 0.67 11.94 0.12 5.85 

Community nurse 12.58 61.55 2.87 34.17 11.32 101.75 13.96 80.07 

Consultant 0.29 4.81 0.07 3.41 -0.01 0.49 0.26 7.55 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.08 2.66 -0.39 8.49 -0.18 5.19 -0.35 3.54 

Health visitor -0.02 10.01 -0.60 8.16 0.03 15.52 2.13 67.32 

Hospital nurse 0.00 0.00 -0.03 0.77 0.03 0.90 0.00 0.00 

Other HCP 2.59 22.43 3.61 29.44 1.86 17.69 2.45 29.44 

Physiotherapist 2.43 36.74 2.11 25.60 2.43 32.03 0.78 21.20 

Practice nurse 14.86 71.84 10.55 56.93 5.70 60.20 6.68 61.26 

 
 

 
MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 132.07 146.22 125.94 142.78 140.09 149.41 153.13 172.00 

Acupuncturist 0.00 0.00 0.07 1.28 0.19 2.17 0.00 0.00 

Chiropractor -0.04 0.52 0.41 14.05 -0.18 4.33 1.04 12.04 

Community nurse 5.49 45.16 2.69 24.62 4.50 40.63 38.44 234.72 

Consultant 0.00 0.00 0.11 10.39 -0.48 7.03 0.00 0.00 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.16 1.96 -0.16 1.21 -0.38 6.78 -0.11 0.92 

Health visitor 0.46 11.32 0.34 7.90 0.19 7.75 2.02 16.72 

Hospital nurse 0.00 0.00 -0.01 1.42 0.02 0.33 0.00 0.00 

Other HCP 2.78 15.06 1.03 15.36 3.05 22.90 0.47 14.62 

Physiotherapist -0.21 1.90 0.87 11.54 0.30 8.75 0.71 8.63 

Practice nurse 20.32 91.56 11.81 53.65 12.74 82.07 9.35 57.39 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case and pooling together records from years two through 10 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 
predicting surgery outcome, estimated on data from COASt, and using a probability cut-
off point of 0.3. 
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Appendix 41 – Consultations costs attributable to hip pain for years two 
through 10 after THR for likely Good outcome patients 

 
 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 16.25 162.10 5.69 172.87 1.52 176.15 -3.81 182.98 

Acupuncturist 0.02 1.88 0.01 1.92 0.00 1.11 -0.03 1.18 

Chiropractor 0.12 5.90 0.00 7.05 0.10 9.00 -0.28 8.15 

Community nurse 1.29 38.17 2.36 71.13 0.33 56.81 -0.50 72.65 

Consultant 0.10 3.77 0.01 5.44 -0.02 3.00 0.09 3.72 

Contact tracing 
nurse 

0.00 0.00 -0.00 0.11 0.00 0.00 0.00 0.00 

Dietician -0.01 8.16 -0.34 8.13 -0.07 8.12 -0.24 5.52 

Health visitor 0.45 12.90 -0.39 13.14 -0.22 15.35 -0.28 12.52 

Hospital nurse -0.00 0.86 0.01 1.89 0.01 1.04 0.03 1.03 

Other HCP 0.60 11.92 -0.20 12.44 -0.21 18.85 0.15 17.87 

Physiotherapist 0.18 14.36 0.29 16.67 0.40 19.88 0.51 15.02 

Practice nurse 2.78 36.33 0.25 41.85 0.49 52.63 1.41 46.02 

 
 

 
MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

GPs 6.60 145.74 10.69 149.33 1.29 171.72 18.64 197.91 

Acupuncturist -0.11 2.79 0.02 1.84 -0.02 1.12 0.02 0.66 

Chiropractor -0.06 2.52 0.12 9.30 -0.14 6.70 0.15 9.66 

Community nurse 0.64 39.46 0.15 39.32 0.34 40.02 2.65 61.49 

Consultant -0.08 2.06 0.08 5.33 0.02 3.61 0.19 12.17 

Contact tracing 
nurse 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Dietician -0.19 3.49 0.38 10.59 0.40 11.85 -0.12 13.98 

Health visitor 0.29 15.39 0.20 16.45 0.31 16.55 0.37 17.92 

Hospital nurse 0.03 1.53 0.13 2.90 0.01 1.55 0.02 0.77 

Other HCP 0.75 15.17 0.46 14.50 0.49 17.86 0.41 17.78 

Physiotherapist 0.82 19.36 0.23 13.77 -0.10 11.97 0.07 7.46 

Practice nurse 2.83 45.76 1.11 46.24 -1.71 58.49 3.90 62.26 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case case and pooling together records from years two through 10 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Good outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 42 – Prescription costs attributable to hip pain for years two 
through 10 after THR for likely Poor outcome patients 

 

 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 -0.10 1.79 

Aspirin 0.00 0.00 -0.19 3.23 -0.09 1.96 -0.18 1.20 

Celecoxib 5.45 45.19 2.48 42.59 4.98 38.57 5.41 34.23 

Cocodamol 4.41 26.42 6.39 29.35 4.25 27.18 1.14 25.10 

Codeine 7.43 22.95 3.65 19.83 4.60 17.94 4.95 20.33 

Codydramol 0.67 5.59 1.12 8.06 0.58 23.99 1.16 7.93 

Diclofenac 12.79 41.37 3.49 22.81 1.91 20.44 1.49 14.28 

Dihydrocodeine 4.80 22.46 2.88 14.72 3.76 24.25 2.72 14.78 

Ibuprofen 0.03 4.84 -0.09 4.53 -0.27 8.85 0.11 2.83 

Lactulose 0.47 4.11 0.20 5.52 0.16 7.32 0.40 10.23 

Lansoprazole 0.74 8.04 0.57 7.44 0.45 7.68 0.83 8.53 

Macrogol 0.00 0.00 0.12 2.26 0.22 4.43 0.04 2.08 

Meloxicam 0.39 2.55 0.26 2.46 0.21 2.33 0.05 1.17 

Morphine 3.53 60.57 3.91 48.38 0.54 12.74 1.49 24.32 

Movicol 1.61 14.13 0.25 7.92 0.93 10.46 0.86 11.47 

Nabumetone 1.09 8.17 0.09 1.83 0.17 3.69 -0.13 2.54 

Naproxen 0.78 6.84 0.91 12.92 0.65 6.92 0.07 3.47 

Omeprazole -1.65 20.47 3.48 31.13 0.20 20.53 1.50 19.08 

Oxycodone 0.00 0.00 3.84 89.53 1.07 22.78 0.13 3.32 

Paracetamol 83.93 140.85 80.83 132.66 57.13 108.65 45.21 105.52 

Piroxicam 0.10 1.71 0.82 12.88 0.76 13.52 0.71 13.91 

Rabeprazole 2.62 25.47 1.66 27.85 0.79 23.65 2.85 28.03 

Ranitidine 0.67 3.93 0.50 4.01 0.60 6.51 -0.39 9.99 

Senna 0.13 1.20 0.15 2.18 0.19 3.87 0.03 4.84 

Tramadol 10.66 44.46 6.19 37.44 4.02 34.67 3.19 30.79 
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MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Aspirin -0.27 2.51 -0.36 3.77 -0.35 2.16 -0.34 1.55 

Celecoxib 7.40 32.90 3.34 33.23 2.01 36.84 -2.13 52.21 

Cocodamol 2.51 40.29 7.69 42.39 5.89 26.78 2.86 13.56 

Codeine 5.07 14.74 3.27 14.47 2.61 14.17 4.33 12.72 

Codydramol 1.57 8.21 2.96 14.54 0.11 6.74 0.18 3.98 

Diclofenac 11.77 50.83 4.18 22.48 1.35 21.61 5.69 31.06 

Dihydrocodeine 11.98 37.00 5.29 21.02 2.58 12.86 1.58 10.37 

Ibuprofen 0.99 10.73 -0.13 5.77 0.03 3.60 1.64 10.53 

Lactulose 0.71 6.04 0.95 5.52 0.80 6.52 0.55 8.44 

Lansoprazole 1.77 10.22 0.29 7.74 0.42 10.68 0.47 8.89 

Macrogol 0.00 0.00 -0.04 0.68 -0.01 1.01 -0.16 1.92 

Meloxicam 0.31 2.14 0.20 2.00 0.19 2.03 0.32 1.83 

Morphine -7.55 57.30 0.15 7.54 0.97 16.71 5.41 46.36 

Movicol 0.09 1.12 -0.80 9.76 -0.47 6.08 0.78 6.33 

Nabumetone 0.37 4.38 -0.01 0.24 0.11 4.95 0.01 0.44 

Naproxen -1.38 7.95 0.61 5.41 0.01 2.49 -1.31 5.64 

Omeprazole 5.40 29.49 1.85 23.56 -0.37 23.16 2.06 15.26 

Oxycodone 0.43 5.11 5.82 112.33 -0.15 2.94 0.00 0.00 

Paracetamol 88.11 154.46 49.78 105.90 60.73 110.97 72.93 113.91 

Piroxicam 0.38 8.39 3.13 25.06 0.45 12.58 0.00 0.00 

Rabeprazole 1.98 17.12 0.01 34.46 0.26 32.67 -5.03 39.90 

Ranitidine 0.94 4.42 0.37 3.75 0.08 4.37 -0.38 2.74 

Senna 0.59 3.21 0.24 2.69 0.11 6.12 0.55 3.36 

Tramadol 22.49 68.81 5.25 23.73 3.47 21.30 3.40 18.91 

 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case and pooling together records from years two through 10 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 43 – Prescription costs attributable to hip pain for years two 
through 10 after THR for likely Good outcome patients 

 

 

 

 
FEMALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.29 10.65 0.00 0.00 0.00 0.00 -0.00 0.19 

Aspirin 0.66 11.63 -0.05 1.60 -0.04 2.14 -0.05 2.26 

Celecoxib 0.92 31.47 1.77 28.04 1.25 24.10 1.80 26.63 

Cocodamol 0.82 11.96 1.00 16.07 0.58 16.36 0.63 15.01 

Codeine 0.29 11.99 0.78 10.33 0.82 10.54 0.74 10.22 

Codydramol -0.05 4.89 0.03 3.87 0.29 16.81 0.05 4.01 

Diclofenac 2.54 20.90 1.84 19.54 0.65 14.93 0.75 13.48 

Dihydrocodeine 0.51 11.52 0.29 7.88 0.66 10.33 0.30 6.91 

Ibuprofen 0.27 4.70 0.03 4.37 -0.02 3.84 -0.01 3.08 

Lactulose 0.07 2.56 -0.09 3.48 -0.13 5.60 -0.53 7.26 

Lansoprazole -0.07 4.56 -0.22 5.12 0.09 6.31 -0.12 5.75 

Macrogol -0.01 0.24 -0.01 0.45 0.05 2.13 0.02 2.05 

Meloxicam 0.10 1.72 0.09 1.65 0.06 1.35 0.02 1.05 

Morphine 0.21 20.03 -0.12 7.90 -0.22 6.66 -0.27 7.99 

Movicol -0.05 2.88 -0.02 4.20 -0.04 6.26 -0.49 10.24 

Nabumetone 0.19 3.80 -0.04 1.37 0.06 2.54 0.03 1.42 

Naproxen -0.17 3.13 0.31 6.97 0.28 5.62 0.07 3.04 

Omeprazole 0.40 14.31 -0.23 18.30 -0.42 16.87 -0.08 13.86 

Oxycodone -0.06 3.16 0.47 28.28 0.15 16.18 0.81 54.98 

Paracetamol 2.96 47.82 1.98 50.25 1.38 59.29 -2.32 60.54 

Piroxicam 0.18 7.19 0.35 13.15 0.16 8.31 -0.06 3.77 

Rabeprazole 0.25 12.42 0.17 18.58 0.70 19.83 0.92 23.36 

Ranitidine 0.29 6.46 0.06 2.56 -0.14 4.34 -0.30 8.22 

Senna -0.02 1.83 -0.02 1.61 -0.06 2.62 -0.13 3.65 

Tramadol 0.64 15.78 0.55 15.79 0.40 15.27 0.24 10.25 
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MALES 

 
45-60 years 60-70 years old 70-80 years old 80+ years old 

 
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Aspirin -0.02 1.94 -0.08 2.33 -0.12 2.56 0.00 2.55 

Celecoxib 0.42 13.84 1.11 21.71 0.76 18.09 0.13 11.53 

Cocodamol -0.03 12.05 0.42 12.72 0.50 11.27 0.64 12.42 

Codeine 0.33 6.01 0.38 6.84 0.39 7.84 0.22 5.34 

Codydramol 0.09 3.04 0.03 7.61 -0.05 3.16 -0.06 4.03 

Diclofenac 2.07 18.78 1.96 18.07 1.74 18.74 2.93 22.87 

Dihydrocodeine 0.33 6.68 0.16 6.19 -0.00 5.60 0.03 1.88 

Ibuprofen -0.06 3.29 0.01 3.82 0.16 4.42 0.28 4.82 

Lactulose 0.03 1.60 0.00 3.40 -0.10 4.43 0.07 7.64 

Lansoprazole 0.26 5.37 -0.04 4.76 -0.11 5.93 0.09 6.00 

Macrogol 0.03 1.67 -0.01 0.30 -0.00 2.51 -0.10 2.03 

Meloxicam 0.16 1.87 0.05 1.47 0.06 1.31 0.03 0.95 

Morphine 0.04 9.65 0.26 22.33 -0.29 7.47 -0.16 6.90 

Movicol -0.02 1.72 0.00 5.51 -0.02 6.37 -0.19 7.06 

Nabumetone 0.06 1.87 0.05 2.07 0.00 1.98 -0.01 0.34 

Naproxen 0.05 4.70 0.20 4.77 0.14 6.14 -0.06 3.66 

Omeprazole 0.05 10.33 -0.51 11.83 -0.04 11.74 0.38 12.16 

Oxycodone 0.30 14.19 0.05 15.76 0.08 14.35 -0.13 4.31 

Paracetamol 3.01 40.15 1.38 35.19 -0.08 39.42 1.44 43.87 

Piroxicam 0.21 7.64 0.24 6.15 0.67 12.44 0.03 2.91 

Rabeprazole 1.25 18.53 -0.78 18.85 -0.15 18.77 2.16 25.18 

Ranitidine -0.01 2.16 -0.05 3.10 0.09 7.15 -0.33 4.07 

Senna -0.01 0.79 -0.08 1.33 -0.14 2.10 -0.16 2.39 

Tramadol 0.77 14.24 0.28 10.08 0.36 9.77 0.13 6.98 

 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case and pooling together records from years two through 10 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 44 – Relative frequencies of HRGs by patient subgroup for HES 
revision THR records, 2011-2012 

 

 
Females, 45-60 years Females, 60-70 years 

HRG 
Relative 

frequency 

HB11A 1.89% 

HB11C 3.93% 

HB12A 1.42% 

HB12B 0.31% 

HB12C 8.33% 

HB13Z 0.47% 

HB14C 1.10% 

HB99Z 0.47% 

HR01B 0.31% 

HR01C 0.31% 

HR03Z 0.16% 

HR04B 3.77% 

HR04C 29.40% 

HR05Z 44.65% 

HR06A 2.04% 

Invalid 1.42% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA14C 0.09% 

HA99Z 0.19% 

HB11A 2.50% 

HB11B 0.19% 

HB11C 3.89% 

HB12A 1.48% 

HB12B 0.28% 

HB12C 6.67% 

HB13Z 0.37% 

HB14B 0.09% 

HB14C 0.65% 

HB15E 0.37% 

HB99Z 0.19% 

HR01B 0.09% 

HR01C 0.09% 

HR03Z 0.74% 

HR04B 5.93% 

HR04C 33.43% 

HR05Z 40.28% 

HR06A 2.04% 

Invalid 0.46% 

TOTAL 100% 
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Females, 70-80 years Females, 80+ years 

HRG 
Relative 

frequency 

HA13B 0.07% 

HA99Z 0.13% 

HB11A 1.89% 

HB11B 0.26% 

HB11C 3.06% 

HB12A 0.98% 

HB12B 0.20% 

HB12C 4.62% 

HB13Z 0.52% 

HB14B 0.20% 

HB14C 0.85% 

HB15D 0.26% 

HB15E 0.07% 

HB99Z 0.13% 

HR01C 0.07% 

HR03Z 0.72% 

HR04B 7.81% 

HR04C 33.96% 

HR05Z 41.44% 

HR06A 2.08% 

Invalid 0.72% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA11A 0.11% 

HA12C 0.11% 

HA13A 0.11% 

HA13C 0.11% 

HA99Z 0.34% 

HB11A 1.81% 

HB11C 1.92% 

HB12A 1.24% 

HB12B 0.23% 

HB12C 3.05% 

HB13Z 0.90% 

HB14B 0.11% 

HB14C 0.90% 

HB15D 0.34% 

HB15E 0.11% 

HB99Z 0.34% 

HR03Z 0.45% 

HR04B 9.27% 

HR04C 28.47% 

HR05Z 47.68% 

HR06A 1.58% 

Invalid 0.79% 

TOTAL 100% 
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Males, 45-60 years Males, 60-70 years 

HRG 
Relative 

frequency 

HB11A 4.21% 

HB11B 0.40% 

HB11C 4.41% 

HB12A 3.01% 

HB12B 0.80% 

HB12C 7.62% 

HB13Z 0.40% 

HB14B 0.60% 

HB14C 0.40% 

HB99Z 0.40% 

HR01B 0.20% 

HR01C 0.40% 

HR03Z 0.40% 

HR04B 4.41% 

HR04C 30.66% 

HR05Z 38.48% 

HR06A 3.01% 

Invalid 0.20% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA99Z 0.12% 

HB11A 4.31% 

HB11B 0.36% 

HB11C 3.35% 

HB12A 2.40% 

HB12B 0.24% 

HB12C 7.07% 

HB13Z 0.96% 

HB14B 0.24% 

HB14C 1.08% 

HB15E 0.48% 

HB99Z 0.12% 

HR01B 0.12% 

HR03Z 0.60% 

HR04B 9.10% 

HR04C 31.38% 

HR05Z 34.49% 

HR06A 1.92% 

Invalid 1.68% 

TOTAL 100% 
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Males, 70-80 years Males, 80+ years 

HRG 
Relative 

frequency 

HA12C 0.08% 

HA99Z 0.16% 

HB11A 3.53% 

HB11B 0.40% 

HB11C 3.69% 

HB12A 1.68% 

HB12B 0.64% 

HB12C 4.41% 

HB13Z 0.24% 

HB14B 0.16% 

HB14C 0.56% 

HB15D 0.24% 

HB99Z 0.16% 

HR01C 0.08% 

HR03Z 0.32% 

HR04B 9.06% 

HR04C 34.08% 

HR05Z 38.17% 

HR06A 1.92% 

Invalid 0.40% 

TOTAL 100% 
 

HRG 
Relative 

frequency 

HA99Z 0.41% 

HB11A 2.87% 

HB11C 2.25% 

HB12A 1.23% 

HB12B 0.82% 

HB12C 3.69% 

HB13Z 0.82% 

HB14B 0.41% 

HB14C 1.23% 

HB15D 0.20% 

HB99Z 1.02% 

HR01B 0.20% 

HR01C 0.20% 

HR03Z 0.41% 

HR04B 12.70% 

HR04C 32.38% 

HR05Z 36.27% 

HR06A 2.46% 

Invalid 0.41% 

TOTAL 100% 
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Appendix 45 – Number of consultation events attributable to hip pain on 
the year immediately after revision THR, by outcome 
category 

 

  
Likely Poor outcomes Likely Good outcomes 

  
Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 6.03 5.84 0.71 5.38 

Night visit 0.01 0.14 -0.00 0.09 

Phone call 1.14 2.04 0.59 1.80 

Acupuncturist 

Day visit 0.00 0.00 0.01 0.14 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Chiropractor 

Day visit 0.00 0.00 -0.00 0.14 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.15 0.72 0.01 1.30 

Night visit 0.00 0.00 0.00 0.04 

Phone call 0.00 0.00 0.01 0.16 

Consultant 

Day visit 0.00 0.00 0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Dietician 

Day visit 0.00 0.00 -0.01 0.13 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.02 

Health visitor 

Day visit -0.01 0.07 -0.00 0.35 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.05 0.89 

Hospital nurse 

Day visit 0.00 0.00 0.00 0.05 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.15 0.70 -0.05 1.00 

Night visit 0.00 0.00 -0.00 0.01 

Phone call 0.00 0.00 0.00 0.10 

Physiotherapist 

Day visit 0.05 0.32 0.00 0.45 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit 0.79 4.71 -0.26 3.15 

Night visit 0.00 0.00 0.00 0.00 

Phone call -0.07 0.25 0.01 0.24 

Note:   Resource use data obtained from CPRD. Classification as likely Poor or Good outcomes 
derived from fitting a logistic model predicting surgery outcome, estimated on data from 
COASt, and using a probability cut-off point of 0.3. 
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Appendix 46 – Consultations costs attributable to hip pain on the year 
immediately after revision THR, by outcome category 

 
 

 All patients subgroups 

 
Likely Poor 
outcomes 

Likely Good 
outcomes 

 
Mean Std. Dev. Mean Std. Dev. 

GPs 210.12 183.03 32.76 178.72 

Acupuncturist 0.00 0.00 0.17 3.56 

Chiropractor 0.00 0.00 -0.02 4.40 

Community nurse 5.60 26.13 0.70 48.19 

Consultant 0.00 0.00 0.14 3.96 

Contact tracing nurse 0.00 0.00 0.00 0.00 

Dietician 0.00 0.00 -0.48 4.44 

Health visitor -0.35 2.53 0.44 20.06 

Hospital nurse 0.00 0.00 0.03 0.98 

Other HCP 1.90 8.91 -0.66 12.81 

Physiotherapist 1.62 11.23 0.06 15.91 

Practice nurse 9.46 60.40 -3.28 40.33 

 
 
 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 
predicting surgery outcome, estimated on data from COASt, and using a probability cut-
off point of 0.3. 
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Appendix 47 – Prescription costs attributable to hip pain on the year 
immediately after revision THR, by outcome category 

 

 

 

 All patients subgroups 

 
Likely Poor 
outcomes 

Likely Good 
outcomes 

 
Mean Std. Dev. Mean 

Std. 
Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 

Aspirin 0.18 1.60 -0.03 1.70 

Celecoxib 10.20 74.27 0.07 26.22 

Cocodamol 11.40 36.33 0.98 12.64 

Codeine 1.92 7.88 0.07 3.18 

Codydramol 0.66 6.34 0.61 9.59 

Diclofenac 1.69 37.12 2.60 15.57 

Dihydrocodeine 6.14 26.63 0.48 14.57 

Ibuprofen 1.03 10.59 0.05 4.23 

Lactulose 1.14 7.03 0.20 4.26 

Lansoprazole 2.56 9.49 -0.00 4.66 

Macrogol -0.04 0.31 -0.04 0.65 

Meloxicam 0.11 2.38 0.09 1.21 

Morphine 18.24 141.02 0.04 4.45 

Movicol 1.97 12.64 0.20 3.83 

Nabumetone 0.05 0.33 -0.02 0.46 

Naproxen -2.04 24.33 -0.13 8.33 

Omeprazole -1.81 18.13 0.39 18.66 

Oxycodone 0.00 0.00 -0.06 1.18 

Paracetamol 67.16 94.17 -0.51 48.71 

Piroxicam 5.85 32.83 0.70 8.86 

Rabeprazole 0.74 31.62 -0.08 10.73 

Ranitidine 0.05 2.85 -0.52 11.89 

Senna 0.45 2.64 0.05 2.53 

Tramadol 8.45 30.84 3.04 29.63 

 
 
Note:  

1. All figures in Pound sterling. 

2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Good outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 48 – Number of consultation events attributable to hip pain for 
years two through eight after revision THR, by outcome 
category 

 

  
Likely Poor outcomes Likely Good outcomes 

  
Mean Std. Dev. Mean Std. Dev. 

GPs 

Day visit 3.90 4.56 0.66 5.04 

Night visit 0.02 0.14 -0.00 0.09 

Phone call 0.30 1.42 0.34 1.85 

Acupuncturist 

Day visit 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 

Chiropractor 

Day visit 0.03 0.20 -0.00 0.22 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Community nurse 

Day visit 0.31 1.31 0.13 1.87 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.13 

Consultant 

Day visit 0.00 0.00 -0.01 0.11 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Contact tracing 
nurse 

Day visit 0.00 0.00 0.00 0.00 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Dietician 

Day visit -0.01 0.04 -0.00 0.13 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 -0.00 0.01 

Health visitor 

Day visit -0.03 0.31 0.00 0.36 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.10 

Hospital nurse 

Day visit 0.00 0.00 0.01 0.13 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Other HCP 

Day visit 0.20 1.17 0.06 1.06 

Night visit 0.00 0.00 0.00 0.04 

Phone call -0.01 0.08 0.00 0.10 

Physiotherapist 

Day visit 0.19 1.17 0.01 0.87 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.00 0.00 0.00 0.00 

Practice nurse 

Day visit 0.48 3.88 0.41 4.78 

Night visit 0.00 0.00 0.00 0.00 

Phone call 0.05 0.34 0.02 0.34 

Note:   Resource use data obtained from CPRD. Classification as likely Poor or Good outcomes 
derived from fitting a logistic model predicting surgery outcome, estimated on data from 
COASt, and using a probability cut-off point of 0.3. 
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Appendix 49 – Consultations costs attributable to hip pain for years two 
through eight after revision THR, by outcome category 

 
 

 All patients subgroups 

 
Likely Poor 
outcomes 

Likely Good 
outcomes 

 
Mean Std. Dev. Mean Std. Dev. 

GPs 128.37 142.12 26.90 170.53 

Acupuncturist 0.00 0.00 0.00 0.00 

Chiropractor 0.84 6.19 -0.06 6.71 

Community nurse 11.38 47.84 4.81 68.29 

Consultant 0.00 0.00 -0.52 8.68 

Contact tracing nurse 0.00 0.00 0.00 0.00 

Dietician -0.26 1.49 -0.11 4.54 

Health visitor -1.02 11.34 0.14 13.61 

Hospital nurse 0.00 0.00 0.14 2.53 

Other HCP 2.43 14.90 0.75 13.64 

Physiotherapist 6.68 41.11 0.37 30.37 

Practice nurse 6.56 50.23 5.45 61.52 

 
 
 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from PPSRU [116] 

4. Classification as likely Good outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 50 – Prescription costs attributable to hip pain for years two 
through eight after revision THR, by outcome category 

 

 

 

 All patients subgroups 

 
Likely Poor 
outcomes 

Likely Good 
outcomes 

 
Mean Std. Dev. Mean 

Std. 
Dev. 

Amitriptyline 0.00 0.00 0.00 0.00 

Aspirin 0.22 1.42 -0.06 1.49 

Celecoxib 6.14 47.17 1.04 18.85 

Cocodamol 13.21 35.04 1.15 10.51 

Codeine 0.34 3.10 0.05 1.65 

Codydramol 1.29 9.00 0.28 6.78 

Diclofenac -0.25 19.39 2.00 16.64 

Dihydrocodeine 3.60 29.72 0.26 12.62 

Ibuprofen -0.55 5.45 -0.03 5.70 

Lactulose 2.04 7.95 0.15 4.37 

Lansoprazole 1.38 9.44 -0.21 4.61 

Macrogol 0.00 0.00 -0.02 0.86 

Meloxicam 0.26 1.78 0.07 1.26 

Morphine -1.74 18.41 -0.04 2.60 

Movicol 2.40 13.79 0.29 5.81 

Nabumetone 0.00 0.00 -0.00 0.02 

Naproxen -6.56 48.39 -0.25 7.49 

Omeprazole 2.31 25.04 -0.02 10.43 

Oxycodone -0.68 5.16 -0.24 5.95 

Paracetamol 49.88 79.01 1.54 39.84 

Piroxicam 6.05 34.78 0.73 11.26 

Rabeprazole 7.64 49.32 -2.38 21.28 

Ranitidine 0.88 4.37 0.21 2.67 

Senna 0.20 2.26 0.03 1.88 

Tramadol 17.84 64.61 0.91 22.24 

 
 
Note:  

1. All figures in Pound sterling. 
2. Number of events obtained from the CPRD by subtracting mean values of controls from 

value reported by case 

3. Unit costs obtained from BNF [117] 

4. Classification as likely Poor outcome patients derived from fitting a logistic model 

predicting surgery outcome, estimated on data from COASt, and using a probability cut-

off point of 0.3. 
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Appendix 51 – Preoperative transition probabilities when outcome 
prediction tool is applied 

 

 
Preoperative probabilities with the tool at threshold point = 32,  

deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.130 0.093 Beta 1.573 10.516 

Surgical assessment to Long-term medical management 0.203 0.208 Empirical   

 

 
Preoperative probabilities with the tool at threshold point = 34,  

deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.123 0.093 Beta 1.401 10.031 

Surgical assessment to Long-term medical management 0.249 0.208 Empirical   

 

 
Preoperative probabilities with the tool at threshold point = 36,  

deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.106 0.093 Beta 1.057 8.907 

Surgical assessment to Long-term medical management 0.350 0.208 Beta 1.492 2.768 

 

 

Preoperative probabilities with the tool at threshold point = 40,  
deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.053 0.093 Empirical   

Surgical assessment to Long-term medical management 0.677 0.208 Beta 2.745 1.311 

 

 

Preoperative probabilities with the tool at threshold point = 42,  
deterministic and probabilistic parameters 

Transition probability Mean SD Distribution α β 

Surgical assessment to Risk factor modification 0.028 0.093 Empirical   

Surgical assessment to Long-term medical management 0.827 0.208 Empirical   
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Appendix 52 – Simplified outcome prediction tool model output  

 

 
 

Linear regression for continuous OHS at one year after primary THR 

Predictor Coefficient p-value  
95% confidence 

interval 

Preoperative OHS  0.351 0.000 0.306 0.395 

Constant 33.211 0.000 32.411 34.011 

n = 2,092     

Pseudo R2 = 0.103     
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Appendix 53 – Disutility associated to preoperative states with the tool: 
parameter values by prediction model threshold point 

 

 

 

 
Preoperative disutilities with the tool at threshold point = 34, 

deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Risk-factor modification     

Reassessment after Risk-factor modification     

Males, 45-60 years of age 0.613 Gamma 3.82 0.160 

Males, 60-70 years of age 0.590 Gamma 3.68 0.160 

Males, 70-80 years of age 0.594 Gamma 3.75 0.159 

Males, 80+  years of age 0.653 Gamma 4.33 0.151 

Females, 45-60 years of age 0.692 Gamma 4.61 0.150 

Females, 60-70 years of age 0.650 Gamma 4.16 0.156 

Females, 70-80 years of age 0.662 Gamma 4.33 0.153 

Females, 80+  years of age 0.715 Gamma 5.08 0.141 

Long-term medical management     

Reassessment after Long-term medical management     

Males, 45-60 years of age 1.130 Gamma 15.92 0.071 

Males, 60-70 years of age 1.145 Gamma 47.32 0.024 

Males, 70-80 years of age 1.172 Gamma 60.78 0.019 

Males, 80+  years of age 1.164 Gamma 149.54 0.008 

Females, 45-60 years of age 1.155 Gamma 44.43 0.026 

Females, 60-70 years of age 1.162 Gamma 46.78 0.025 

Females, 70-80 years of age 1.182 Gamma 39.40 0.030 

Females, 80+  years of age 1.211 Gamma 41.53 0.029 

 

Note: When fitting the simplified model using 32 as the threshold point to direct patients to 
surgery (or Risk-factor modification) when predicted OHS is above this value, or to Long-term 
medical management when below, there were no predicted OHS scores under 32. We used 
therefore the above values instead when performing the sensitivity analysis at a threshold of 32 as 
well. 
 
 
 
  



 

320 

 

 
Preoperative disutilities with the tool at threshold point = 36, 

deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Risk-factor modification     

Reassessment after Risk-factor modification     

Males, 45-60 years of age 0.581 Gamma 3.82 0.152 

Males, 60-70 years of age 0.564 Gamma 3.68 0.153 

Males, 70-80 years of age 0.565 Gamma 3.75 0.151 

Males, 80+  years of age 0.607 Gamma 4.19 0.145 

Females, 45-60 years of age 0.648 Gamma 4.34 0.149 

Females, 60-70 years of age 0.608 Gamma 4.01 0.152 

Females, 70-80 years of age 0.619 Gamma 4.18 0.148 

Females, 80+  years of age 0.656 Gamma 4.68 0.140 

Long-term medical management     

Reassessment after Long-term medical management     

Males, 45-60 years of age 1.063 Gamma 46.98 0.023 

Males, 60-70 years of age 1.048 Gamma 59.95 0.017 

Males, 70-80 years of age 1.049 Gamma 52.51 0.020 

Males, 80+  years of age 1.048 Gamma 63.51 0.017 

Females, 45-60 years of age 1.053 Gamma 55.13 0.019 

Females, 60-70 years of age 1.051 Gamma 58.63 0.018 

Females, 70-80 years of age 1.059 Gamma 49.56 0.021 

Females, 80+  years of age 1.060 Gamma 43.25 0.025 
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Preoperative disutilities with the tool at threshold point = 40, 

deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Risk-factor modification     

Reassessment after Risk-factor modification     

Males, 45-60 years of age 0.405 Gamma 4.64 0.087 

Males, 60-70 years of age 0.398 Gamma 4.69 0.085 

Males, 70-80 years of age 0.406 Gamma 4.59 0.088 

Males, 80+  years of age 0.422 Gamma 4.62 0.091 

Females, 45-60 years of age 0.422 Gamma 4.19 0.101 

Females, 60-70 years of age 0.413 Gamma 4.19 0.098 

Females, 70-80 years of age 0.426 Gamma 4.13 0.103 

Females, 80+  years of age 0.435 Gamma 4.35 0.100 

Long-term medical management     

Reassessment after Long-term medical management     

Males, 45-60 years of age 0.799 Gamma 7.74 0.103 

Males, 60-70 years of age 0.792 Gamma 7.85 0.101 

Males, 70-80 years of age 0.791 Gamma 7.72 0.102 

Males, 80+  years of age 0.830 Gamma 9.36 0.089 

Females, 45-60 years of age 0.831 Gamma 8.66 0.096 

Females, 60-70 years of age 0.810 Gamma 8.13 0.100 

Females, 70-80 years of age 0.821 Gamma 8.49 0.097 

Females, 80+  years of age 0.854 Gamma 9.56 0.089 
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Preoperative disutilities with the tool at threshold point = 42, 
deterministic and probabilistic parameters 

State / Patient subgroup Mean Distribution α β 

Risk-factor modification     

Reassessment after Risk-factor modification     

Males, 45-60 years of age 0.344 Gamma 5.68 0.061 

Males, 60-70 years of age 0.341 Gamma 5.46 0.062 

Males, 70-80 years of age 0.349 Gamma 5.57 0.063 

Males, 80+  years of age 0.355 Gamma 5.78 0.061 

Females, 45-60 years of age 0.351 Gamma 4.77 0.074 

Females, 60-70 years of age 0.354 Gamma 4.51 0.078 

Females, 70-80 years of age 0.361 Gamma 4.56 0.079 

Females, 80+  years of age 0.384 Gamma 4.31 0.089 

Long-term medical management     

Reassessment after Long-term medical management     

Males, 45-60 years of age 0.692 Gamma 5.08 0.136 

Males, 60-70 years of age 0.675 Gamma 4.95 0.136 

Males, 70-80 years of age 0.682 Gamma 5.04 0.135 

Males, 80+  years of age 0.734 Gamma 6.00 0.122 

Females, 45-60 years of age 0.748 Gamma 5.86 0.128 

Females, 60-70 years of age 0.717 Gamma 5.40 0.133 

Females, 70-80 years of age 0.733 Gamma 5.71 0.128 

Females, 80+  years of age 0.776 Gamma 6.42 0.121 
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Appendix 54 – Probability of Poor outcome after primary THR when 
outcome prediction tool is applied 

 

 

 
Probability of Poor outcome after Primary THR with the tool at threshold  

point = 32, deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.296 Beta 55 131 

Males, 60-70 years of age 0.240 Beta 74 234 

Males, 70-80 years of age 0.199 Beta 47 189 

Males, 80+  years of age 0.353 Beta 18 33 

Females, 45-60 years of age 0.307 Beta 63 142 

Females, 60-70 years of age 0.281 Beta 110 282 

Females, 70-80 years of age 0.314 Beta 131 286 

Females, 80+  years of age 0.388 Beta 52 82 

 

 

 

Probability of Poor outcome after Primary THR with the tool at threshold  
point = 34, deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.286 Beta 52 130 

Males, 60-70 years of age 0.217 Beta 63 288 

Males, 70-80 years of age 0.182 Beta 42 189 

Males, 80+  years of age 0.353 Beta 18 33 

Females, 45-60 years of age 0.255 Beta 47 137 

Females, 60-70 years of age 0.241 Beta 87 274 

Females, 70-80 years of age 0.287 Beta 112 278 

Females, 80+  years of age 0.365 Beta 46 80 
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Probability of Poor outcome after Primary THR with the tool at threshold  
point = 36, deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.248 Beta 40 121 

Males, 60-70 years of age 0.190 Beta 50 213 

Males, 70-80 years of age 0.164 Beta 35 179 

Males, 80+  years of age 0.289 Beta 13 32 

Females, 45-60 years of age 0.201 Beta 31 123 

Females, 60-70 years of age 0.192 Beta 58 244 

Females, 70-80 years of age 0.238 Beta 79 253 

Females, 80+  years of age 0.298 Beta 31 73 

 

Probability of Poor outcome after Primary THR with the tool at threshold  
point = 40, deterministic and probabilistic parameters 

Transition probability / Patient subgroup Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-60 years of age 0.078 Beta 7 83 

Males, 60-70 years of age 0.095 Beta 15 143 

Males, 70-80 years of age 0.077 Beta 10 120 

Males, 80+  years of age 0.167 Beta 5 25 

Females, 45-60 years of age 0.109 Beta 7 57 

Females, 60-70 years of age 0.085 Beta 12 130 

Females, 70-80 years of age 0.096 Beta 12 113 

Females, 80+  years of age 0.162 Beta 6 31 

 

 

Probability of Poor outcome after Primary THR with the tool at threshold  
point = 42, deterministic and probabilistic parameters 

Transition probability / Patient subgroup* Mean Distribution α β 

Poor outcome first year after Primary THR     

Males, 45-70 years of age 0.074 Beta 11 138 

Males,70+ years of age 0.047 Beta 4 81 

Females, 45-70 years of age 0.039 Beta 4 98 

Females, 70+  years of age 0.055 Beta 4 69 

* Younger and older pairs of patient subgroups were merged given the low number of Poor outcomes 

reported 
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Appendix 55 – Results of Monte Carlo simulations on the cost-effectiveness 
plane 

 

 
Females, 45 years of age 

 
 
 

Females, 60 years of age 
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Females, 80 years of age 
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Males, 60 years of age 

 

 

 

 

Males, 80 years of age 
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Appendix 56 – Cost-effectiveness acceptability curves 
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Females, 80 years of age 
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330 

 

Males, 60 years of age 

 
 

 
 

 

Males, 70 years of age 
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Males, 80 years of age 
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