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Abstract 

Chronic diseases, which refer to diseases that are of long duration and generally slow 

progression, cause more than half of the deaths worldwide today and bring heavy economic 

burden on both individuals and health systems. Health economic evaluation has been a useful 

tool for the management of chronic diseases, as it takes account of cost in decision-making 

and usually measures long-term health outcomes from health interventions. 

 

This thesis studies on chronic diseases, with a special emphasis on diabetes, from a health 

economics perspective. It applies a wide range of health economics methods, with an 

endeavour to fill in the gaps in existing literature and provide new evidence and practical 

tools for chronic diseases. The thesis includes six individual studies, which can be divided 

into three main parts: 

 

• Cost analysis— 

The first part of this thesis focuses on the cost of chronic diseases. It includes two 

individual studies. The first study explores the potential of using administrative data 

to build indices and thus more efficiently evaluate on out-of-pocket expenditure. It 

then applies this method on four chronic disease patient groups. The second study 

demonstrates the trend on cost and price of insulin and other diabetes medications in 

the United State from 2002 to 2013. 

 

• Risk prediction on long-term health outcomes— 

The second part of this thesis includes two studies on long-term risk prediction, with 

an emphasis on regional differences. The first study recalibrates the widely used 
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Framingham cardiovascular disease (CVD) risk equations in an Australian Indigenous 

cohort. The recalibrated equation corrects the underestimation and provides better 

CVD risk predictions in this population. The second study examines whether the 

predictive power of self-rated health on mortality in type 2 diabetes patients is 

different across different regions of the world.  

• The use of simulation modelling—

Simulation modelling is a useful tool in health economics studies, since it can help to

replicate the clinical process of a disease and extrapolate intermediate health effects

into long-term outcomes. It is widely used in diseases with a complex and long

process like diabetes. The last part of this thesis focuses on simulation modelling in

type 2 diabetes. It includes a systematic review and meta-analysis on published

model-based type 2 diabetes economic evaluations, and a self-built Asian type 2

diabetes simulation model that incorporates self-rated health as a novel predictor.
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Chapter 1 Introduction 

1.1  Increasing burden of chronic disease and diabetes 

Chronic diseases, also known as non-communicable diseases, are defined as diseases that 

cannot be passed from person to person, of long duration and generally involve slow 

progression (1). It usually refers to four main types of disease: cardiovascular disease (CVD), 

diabetes, chronic respiratory disease and cancers (1, 2).  In the last few decades, success in 

effectively reducing the burden of communicable diseases and infant mortality have resulted 

in rise in the prevalence of chronic diseases with them now accounting for 70% of all deaths 

worldwide today (3). Chronic diseases inflicts a heavy economic burden on individuals, 

health systems, as well as societies in general (4-6). Reduction of the chronic disease burden 

has been viewed as a global development imperative and included in the Sustainable 

Development Goals (7, 8).  

Diabetes is one of the world’s fastest growing chronic diseases (9). Due to the global rise in 

obesity and sedentary life styles, the age-standardised diabetes prevalence in adults has 

increased from 1980, which together with population growth and ageing has led to a near 

quadrupling of the number of diabetes worldwide(10). It is estimated by the International 

Diabetes Federation (IDF) that in 2017 approximately 425 million people had diabetes, and 

this number is expected to rise to 629 million by 2045 (11). Type 2 diabetes, which is 

characterised by relative insulin deficiency and insulin resistance in target organs, accounts 

for more than 90% of patients with diabetes (11).  

The defining feature of diabetes is elevated levels of blood glucose. Diabetes is an important 

cause of mortality and morbidity worldwide, mainly through the establishment of 
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complications caused by hyperglycemia. The main complications associated with diabetes are 

major macrovascular events, including coronary artery disease, peripheral arterial disease, 

and stroke (12). Diabetes can also lead to irreversible microvascular complications such as 

diabetic retinopathy, nephropathy and neuropathy(12). Strict control of glycaemia level has 

been proved as an effective way to reduce the risk of developing diabetes complications (13-

15). Other treatment strategies includes controlling individual CVD risk factors in preventing 

or slowing major macrovascular events in people with diabetes, for example the use of 

antihypertensive medications and lipid management (16, 17).  

The large and increasing diabetes population imposes considerable economic burden on 

societies and bring challenges to health systems worldwide (18-21). In 2014 the estimated 

annual global health expenditure attributable to diabetes ranged from 673 billion international 

dollars to 1202 billion international dollars(22).  There is an urgent need to have more 

evidence on the economic consequence of diabetes and to find better prevention and 

treatment strategies to efficiently control the disease and appropriately allocate resources.  

1.2  Health economics and its application in chronic disease 

Health economic evaluation can be defined as the comparative analysis of alternative courses 

of action in terms of both their costs and consequences (23). The premise of health economic 

evaluation is based on the recognition that information on the health effects of interventions 

is necessary but not sufficient to influence decision-making; it is also necessary to explicitly 

consider the costs(24). On the health effects side, economic evaluation focus not only on 

intermediated health outcomes (e.g. change in clinical indicators), but more often on long-

term outcomes like survival, life expectancy and quality-adjusted life years (QALYs). As a 

result, extrapolation techniques such as simulation modelling can be used to predict events 

beyond the observation period (25). What’s more, health-related quality of life is often 
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viewed as an important component in health economic evaluations. Cost-effectiveness 

analysis is the most popular type of health economic evaluations today, which can also be 

described as cost-utility study when a QALYs metric is used as the outcome (26). 

The above features of health economics evaluation make it a very useful tool for chronic 

diseases. There’s a long history of the application of health economics evaluations to chronic 

diseases. The first cost-effectiveness analysis to quality adjust health outcomes was 

conducted by Klarman et al in 1968 to examine the treatments of chronic renal disease (27). 

Since then, there has been a rapid increase in the number of published economic evaluations 

in healthcare. In a recent bibliometric research it was reported that more than 1200 economic 

evaluations were published annually between 2012 and 2014, among which a large 

proportion were focus on chronic diseases (28). Cost effectiveness analysis is widely used to 

evaluate interventions to prevent and control diabetes, with intensive glycemic control the 

most frequently evaluated intervention type (29). 

1.3  Risk prediction models and simulation modelling for chronic disease 

Most chronic diseases are caused by a small set of common risk factors, including smoking, 

overweight and obesity, raised blood pressure and glucose levels, abnormal blood lipids(30-

32). As a result, it is possible to estimate a person’s future risk of developing a chronic 

condition or mortality based on those risk factors through a risk prediction model. Risk 

prediction model is usually a single regression that use a number of characteristics and risk 

factors to estimate the absolute probability or risk for an individual to develop a certain health 

outcome within a specific time period (33). Depending on the outcome variable, different 

types of regression models can be used for prediction. In the chronic disease field, as the 

outcomes usually occur during the follow-up of an individual, survival models such as the 

Cox proportional hazard (PH) model and the Weibull PH models are the most widely used 
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statistical approach (34-37). Risk prediction models, along with risk charts and calculators 

that are built based on them, are important clinical tools used widely in primary health 

settings to help doctors to easily and quickly identify those patients at high risk. This 

facilitates the targeting of strategies to prevent the event(38, 39). They are also the essential 

part in the development of simulation models (25). 

The difference between a risk prediction model and a simulation model is that the former is 

usually a single or a set of separate equations to predict the risk of developing some specific 

events (renal disease, stroke, death et al.) within a specific time period (e.g. next 5 or 10 

years), while a simulation model helps to link those equations together and replicate the 

whole clinical process of a chronic disease. Simulation modelling is a powerful tool in health 

economics studies, since it can help to extrapolate intermediate health effects over longer 

time periods to estimate common health economics outcomes such as life expectancy and 

QALYs (25). It is widely applied in chronic diseases with a complex and long process like 

diabetes. Markov and discrete event model are two types of simulation models that widely 

used in health economic evaluations. A discrete event model would allow patients to move 

through the model and experiences event at any discrete time period (e.g. annual cycles) (40).  

It accounts for clinical histories of individual patients when predicting risk of future events 

and has been viewed as a preferred technique for health economic evaluations today(41, 42).  

1.4  Objective of the study 

This thesis endeavours to fill in the gaps in existing research and provide new evidence and 

practical tools for chronic diseases, with a special emphasis on diabetes, from a health 

economics perspective. It covers six individual studies, which can be divided into three main 

parts around the core features of health economics studies:  
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1. Cost analyses (chapter 2-3), which separately focuses on two important economics 

aspects of chronic disease—out-of-pocket expenditure from patients, and price of 

prescription medications; 

2. Risk prediction on long-term health outcomes (chapter 4-5), with a specific focus on 

regional/population differences on the predictions. 

3. The use of simulation modelling in type 2 diabetes (chapter 6-7), with one systematic 

review and regression analysis on existing model-based health economics evaluations for 

type 2 diabetes, and a self-built Asian type 2 diabetes simulation model which 

incorporates quality of life as a novel predictor. 

A wide range of health economics methods as well as some epidemiological methods are 

applied in this thesis to answer different research questions.  

1.4.1  Part 1: Cost analysis 

Chapter 2 Using administrative data to look at changes in the level and distribution of out-of-

pocket medical expenditure 

The long-term nature of chronic diseases leads to a persistent economic burden to the patient 

and their family. For patients with chronic diseases, being uninsured is associated with 2-7 

fold higher odds of catastrophic levels of out-of-pocket expenditure (OOPE) (43). Although 

in some developed countries universal health coverage has been achieved, expenditure 

incurred by people with chronic diseases often involves OOPE(44). The burden from OOPE 

can affects patients’ adherence to treatments(45, 46) and may impact on the management of 

chronic diseases. Changes in the level and distribution of OOPE for health care goods and 

services have become an increasing focus for both researchers and policy makers (47-49). 
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However, previous research on OOPE usually relies on survey data that are periodically 

collected by statistical agencies. Such data are often costly to collect and only provide a series 

of snap-shots based on self-reported information from people who live in the general 

community. In countries with universal health insurance schemes, there is scope for 

estimating OOPE much more frequently by using individual administrative payments data 

across the entire population.  

In Chapter 2 I linked a nationally representative survey in Australia to the Australia’s 

universal health system Medicare records. Through this case study I evaluated the trend and 

equity of OOPE on out-of-hospital services in a 5-year period in Australia and explored the 

potential of using a price index, estimated based on administrative data, to efficiently capture 

the changes in OOPE. In the supplementary materials of Chapter 2 I further applied this 

method to four subgroups of patients with chronic disease—diabetes, CVD, chronic kidney 

disease and cancer to examine whether people with chronic diseases would suffer a higher 

price increase of OOPE.  

Chapter 3 Expenditures and prices of antihyperglycemic medications in the United States 

People with diabetes usually need lifelong medication therapy for optimal glycaemic control. 

For type 1 patients, insulin is the only way to efficiently control the glycaemia level. For 

people diagnosed with type 2 diabetes, to reach the recommended glycaemia goal a stepwise 

treatment approach is suggested to be followed, which usually starts from lifestyle 

management, then followed by metformin, sulfonylurea and other oral medications, and at 

last insulins, combination pills or noninsulin injectables if treatment goals are not achieved 

(50). Before 2000, sulfonylureas, metformin, isophane and regular insulins were the mainstay 

of diabetes therapy(51, 52). Many new pharmacotherapy options have been introduced in the 
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last two decades, such as incretin mimetics, dipeptidyl peptidase-4 (DPP-4) inhibitors, amylin 

analogues, long-acting and ultrashort-acting insulins, and the recent sodium-glucose co-

transporter 2 (SGLT2) inhibitors (50).  

The increased complexity of treatment algorithm increases the cost for prescribed diabetes 

medications. It was estimated that the medical spending on prescription medications 

attributable to diabetes increased from $690 to $2218 from year 1987 to year 2010-2011 in 

the United States (US) (53). A previous study compared the trends for usage and total 

expenditure on diabetes prescription medications and concluded that diabetes drug 

expenditures and prescription prices increased rapidly between 2001 and 2007, with the 

increase largely due to newer but more costly drugs, including ultrashort-acting insulins, long 

acting insulins, exenatide, and sitagliptin (54). There has been substantial debate in recent 

years regarding to the widespread substitution of analogue for human insulin and the 

increasing price of insulins (55-57). However, no analysis has been conducted on the recent 

trends of the total expenditure of insulin with comparison to other types of diabetes 

medications in the US.  

In chapter 3 I used data for the Medical Expenditure Panel Survey (MEPS) to describe and 

compare trends in expenditure and price of antihyperglycemic medications in the US from 

2002 to 2013. 

1.4.2  Part 2: Risk prediction on long-term health outcomes 

Chapter 4 Validation and recalibration of the Framingham cardiovascular disease risk 

models in an Australian Indigenous cohort 
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A lot of risk prediction models have been built to assist the primary prevention of CVD,  with 

the Framingham risk models the best known and most widely used ones (58, 59). The first 

widely-applied Framingham risk model was built by Anderson and colleagues in 1991 to 

predict the risk of developing CVD and its component diseases using a set of Weibull 

equations (37). In 2008 an updated sex-specific Framingham model was published to predict 

10-year CVD risks (34). The Framingham CVD risk models were built based on the 

Framingham Heart Study and Framingham Offspring Study, which consisted of mainly white 

middle-class individuals.  

The Framingham equations have been validated and recalibrated in various countries and 

ethnicities (60-62), as well as in the Australian general population (63, 64). However, it has 

not been validated or recalibrated for the Australian Indigenous population. In this 

population, CVD is the leading cause of death, with an age adjusted death rate 1.3 times 

higher than that of non-Indigenous Australians (65). The gap in life expectancy between 

Indigenous and non-Indigenous Australians in 2010-2012 was around 10 years (66). In 

Australia, clinical guidelines for primary prevention of CVD recommend the 1991 

Framingham equation as an important component to identify those at high risk of developing 

CVD over the next 5 years, although some studies has shown that this equation may 

underestimate the risk in the Indigenous population (67). 

In Chapter 4, I applied the Framingham CVD risk models to the Well Person’s Health Check 

(WPHC) cohort, which included 1448 Indigenous Australians followed from 1998 to 2014. 

CVD risk predicted by the Framingham CVD risk models were compared with the observed 

risk in the WPHC cohort. The equation was then recalibrated based on the real survival rates 

and risk factor levels in our cohort to provide more accurate risk estimations for the 

Indigenous Australians. 
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Chapter 5 Do self-rated scores health predict risk of all-cause mortality the same in patients 

with type 2 diabetes across different countries of the world? 

Chronic diseases can adversely affect people’s quality of life and hence decrease their self-

rated health (68). Previous studies have consistently shown that self-rated health is an 

independent predictor for mortality, even after controlling for other objective health measures 

(69, 70). The association between self-rated health and mortality has also been reported in 

diabetes patients (71, 72). Those findings make this measurement a potential independent 

predictor in diabetes complication risk prediction models and simulation models. 

Some previous studies have shown substantial variation across countries and regions in 

reporting on self-rated health, which cannot be fully explained by differences in clinical risk 

factors and other patient characteristics (73, 74). It was found in one study that for type 2 

diabetes patients, people in Asia were less likely to report problems when measuring health-

related quality of life using the EuroQol-5D (EQ-5D) (74). However, it is less clear how the 

reporting differences impact on the relationship between self-rated health and mortality when 

compared across different countries of the world. 

In Chapter 5, I examined and compared the predictive power of self-rated health on mortality 

in different regions of the world (Asia, Established Market Economies (EMEs), Eastern 

Europe). The analysis was based on the Action in Diabetes and Vascular Disease: Preterax 

and Diamicron Modified Release Controlled Evaluation (ADVANCE) trial which included 

11140 type 2 diabetes patients from 20 countries. 

1.4.3  Part 3: The use of simulation modelling in type 2 diabetes 
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Chapter 6 How Consistent is the Relationship between Improved Glucose Control and 

Modelled Health Outcomes for People with Type 2 Diabetes Mellitus? a Systematic Review  

There is a long history in the use of simulation models to evaluate interventions for people 

with diabetes. The first simulation model for diabetes was built in 1997 by Eastman et al (75). 

Many models have been developed since then (76), and while many are based on the United 

Kingdom Prospective Diabetes Study (UKPDS) Outcomes Model, there are differences in 

terms of model structure, particularly when they incorporate additional epidemiological and 

trial evidence to capture additional complications (e.g. impact of hypoglycaemia).  

Diabetes simulation models are now widely used in health economic evaluations and play an 

important role in new drug evaluation (77). Clinical trials of new therapies and behavioural 

interventions in type 2 diabetes often use changes in intermediate risk factors such as 

glycated haemoglobin (HbA1c) as primary outcomes (78, 79). Those intermediate outcomes 

along with patient characteristic are used as inputs in the simulation model to predict gains in 

life expectancy and QALYs. Former reviews in type 2 diabetes economics evaluations have 

focused on summarising and describing the characteristics of different models (76, 80). 

Currently, there are no studies that use quantitative techniques to evaluate the relationship 

between treatment-effect assumptions (e.g. a reduction in the level of HbA1c) and simulated 

outcomes (e.g. a gain in QALYs or life expectancy).  

In Chapter 6, I systematically reviewed health economics evaluations of glycaemic control 

interventions that use type 2 diabetes simulation models to estimate long-term outcomes of 

QALYs or life expectancy. The objective of this research is to explore whether there is a 

consistent relationship between a widely reported intermediate outcome that is often used as 
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an input in simulation models and model outputs across type 2 diabetes health economics 

evaluations, and across different models. 

Chapter 7 A discrete-time simulation model to predict long-term health outcomes for type 2 

diabetes patients in Asia 

Due to rapid socioeconomic transition and lifestyle changes, the prevalence of diabetes has 

increased dramatically in Asia during the last few decades (81). In 2017 the IDF estimated 

that, China and India ranked highest on the global list of countries for the total number of 

people with diabetes, with 114.4 million and 72.9 million people respectively (11).  By 2045, 

it’s estimated that there would be 629 million diabetes patients in the world, with more than 

50% live in South East Asia and Western Pacific region (11).  

There is currently a gap in the availability of simulation tools that can be used for diabetes 

economic evaluation in Asia. Previous evaluations relied on existing type 2 diabetes models 

that was developed using data from predominantly Caucasian populations such as the 

UKPDS cohort (82,83). However, this can be problematic as it has been demonstrated in 

previous studies that substantial heterogeneity exist in the rates of many complications 

between diabetes patients from Asia and other regions of the world (84, 85). In the fifth 

Mount Hood Challenge Meeting, where modellers from different diabetes modelling groups 

gathered and endeavoured to replicate the health outcomes in published clinical trials by 

using their models, it was found that models tended to overestimate the incidence of major 

macrovascular events and underestimate the overall risk of nephropathy and retinopathy as 

defined in the ADVANCE trial (86). One potential reason for this was the high proportion of 

Asian participants in the ADVANCE trial and the relative lack of data on the CVD profile in 

Asian diabetes patients (86). 
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In Chapter 7, I built an Asian type 2 diabetes simulation model based on the ADVANCE 

trial, which included 4139 type 2 diabetes patients from China, India Malaysia and the 

Philippines. Self-rated health score was included in the risk equations as a novel predictor as 

it was proved to have a strong predictive ability on mortality in Asian population after 

controlling for other patient characteristics and risk factors in Chapter 5. This ADVANCE 

Asian model can be used in future cost-effectiveness analysis to evaluate new type 2 diabetes 

medications or interventions in Asia. 
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Abstract 

Objective: Australia’s universal health insurance system Medicare generates very large 

amounts of data on out-of-pocket expenditure (OOPE), but only highly aggregated statistics 

are routinely published. Our primary purpose is to develop indices from the Medicare 

administrative data to quantify changes in the level and distribution of OOPE on out-of-

hospital medical services over time.  

Methods: Data were obtained from the Australian Hypertension and Absolute Risk Study, 

which involved patients aged 55 years and over (n=2653). Socio-economic and clinical 

information was collected and linked to Medicare records over a five-year period from March 

2008. The Fisher price and quantity indices were used to evaluate year-to-year changes in 

OOPE. The relative concentration index was used to evaluate the distribution of OOPE across 

socio-economic strata. 

Results: Our price index indicates that overall OOPE were not rising faster than inflation, but 

there was considerable variation across different types of services (e.g. OOPE on professional 
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attendances rose by 20% over a five-year period, while all other items fell by around 14%). 

Concentration indices, adjusted for demographic factors and clinical need, indicate that 

OOPE tends to be higher among those on higher incomes. 

Conclusions: A major challenge in utilizing large administrative data sets is to develop 

reliable and easily interpretable statistics for policy makers. Price, quantity and concentration 

indices represent statistics that move us beyond the average.    

2.1  Introduction 

Changes in the level and distribution of out-of-pocket expenditure (OOPE) for health care 

goods and services have become an increasing focus for both researchers (1-5) and policy 

makers(6). According to the Australian Institute of Health and Welfare (AIHW), total health 

expenditure in Australia in 2013-2014 was $154.6 billion, of which $27.5 billion came from 

OOPE from individuals(7). The total OOPE was more than double the $11 billion spent a 

decade earlier in 2001-2002(6). This trend is not unique to Australia; a US study found that 

OOPE increased by 39.4% per person from 1996 to 2005, and the growth was not evenly 

distributed across the population(2). Similarly, a Canadian study showed that from 1997 to 

2009, OOPE increased for households in all income quintiles, and the relative increase was 

greatest among households in lower income quintiles (1).  

Previous Australian research on OOPE has had to rely on survey data that are periodically 

collected by statistical agencies (8, 9). Such data are often costly to collect and only provide a 

series of snap-shots based on self-reported information from people who live in the general 

community. In countries with universal health insurance schemes, there is scope for 

estimating OOPE much more frequently by linking individual administrative payments across 

the entire population. For example, information on health care utilisation and payments are 
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routinely collected under Australia’s national health insurance scheme, Medicare, which 

covers a wide range of medical services. The Department of Health plans to release a linked 

10% sample of administrative data from Medicare (more information on the release of those 

data can be found at www.data.gov.au), which could be used to routinely generate population 

level statistics on OOPE in the future.  

There is also scope to link health records with other information about individuals such as 

their socio-economic status. The first example of this in Australia was the probabilistic 

linkage of mental health services used under Medicare to the 2011 Australian census which 

contains information on household income (10). However, there are presently no routinely 

published statistics on the distribution of OOPE across different socio-economic groups in 

Australia. The development of statistics to quantify inequality, such as those based on a 

concentration index (11), would enhance an understanding of the distributional impact of 

changes in OOPE.  

The purpose of this study is to demonstrate how indices can be calculated from routinely 

collected administrative health care data to quantify changes in the level and distribution of 

OOPE. We illustrate how this can be done for out-of-hospital OOPE using a national 

representative survey (the AusHEART study) which has been linked over a five-year period 

to Medicare data at an individual level. In the first half of our analysis we explore how price 

indices, which have been widely used to track changes in prices of market based goods, can 

be used to track changes in out-of-hospital OOPE using a representative basket of health care 

services. The second half of the paper explores the use of concentration indices to measure 

changes in the distribution of payments across income classes over time.  

2.2  Background 

http://www.data.gov.au/
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Medicare is a Federal Government-funded universal health insurance scheme which 

reimburses Australian citizens and some residents (12) for at least part of the cost of a range 

of out-of-hospital medical services provided by private practitioners on a fee for service 

basis. The benefit a patient receives from Medicare is defined by the Medicare Benefits 

Schedule (MBS), in which the Government sets the scheduled fee for different services (13). 

Health consumers can claim 100% of this fee from Medicare as a rebate for general practice 

(GP) services and 85% of the fee for non-GP services when the services are provided out of 

hospital (13). There is no limit on what providers may charge for any service, which means 

the fee charged can be more than the scheduled fee. OOPE arises whenever the fee charged is 

above the Medicare rebate. Medical practitioners can also choose to accept the Medicare 

benefit as full payment for a service (known in Australia as bulk-billing (14)). An advantage 

of bulk-billing from a provider perspective is that it is a way of avoiding bad debts and entails 

lower administrative costs (15). Health consumers receiving bulk-billed Medicare services 

incur no OOPE.  

Currently the only routinely published information on OOPE in Australia covers broad 

categories of medical services (e.g. diagnostic imaging) (16). The statistics regularly reported 

for each of these broad categories are: (i) the number of services; (ii) the proportion of 

services that are bulk-billed (no OOPE); (iii) and the average OOPE for those services where 

an additional fee was charged.  

Using these published statistics, the annual OOPE per person for out-of-hospital services has 

increased by 75% in nominal terms from $59.60 in 2003 to $104.40 in 2012 and the number 

of services used has increased from 10.5 to 13.5 during the same period. This rise in OOPE 

per person could be due to: (i) a rise in the fees charged for existing services; (ii) changes in 

the level and relative use of services; or (iii) the addition of new items on the MBS schedule. 
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As we can see from Figure S1 in the supplementary materials, between the financial years 

2003-04 and 2012-13, there were considerable changes in the average per service OOPE for 

different categories of services used on the MBS. For example, the average OOPE for 

pathology services (MBS Item No. 65060-74999) dropped by 55%, while the OOPE for 

Operations (MBS Item No. 30001-50952) increased by 201%. These changes were due to 

variations in the rate of bulk-billing, since the bulk-billing trends were very different in 

different types of services, as well as the fees that were charged above the Medicare rebate. 

Alongside changes in the average OOPE, there were also changes in the relative quantity of 

different services. The quantity of operation-related services increased at a much slower rate 

compared with other MBS categories (see Figure S1), while the relative OOPE per service 

increased at a much faster relative rate.  

To better understand changes in OOPE and inform policy, there is a need to develop statistics 

that disentangle changes that are due to the fees charged, from those that are related to the 

quantity and type of services used. A potentially useful statistic is an index of OOPE which 

quantifies changes in patient charges over time, in the same way the consumer price index 

(CPI) tracks general price movements (17). It is also possible to develop a quantity index that 

takes into account the relative importance of different types of medical care in terms of their 

contribution to OOPE (18). 

2.3  Method 

2.3.1  Data 

The AusHEART study involved a nationally representative, cluster-stratified, cross-sectional 

survey in the primary health care setting carried out in 2008(19). The GPs who agreed to 

participate in the study were asked to provide clinical information on 15–20 consecutively 
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presenting, consenting patients aged 55 years and over, irrespective of their reason for the 

consultation. All participants were given an option to consent to participate in a second 

component of the study, in which each participant’s health expenditure would be tracked 

across the next 5 years through linkage with their Medicare number. 

The results presented in this paper focus on the Medicare-linked sub-sample (50.1% of the 

AusHEART participants). To account for the oversampling in rural practices in the 

AusHEART study (19), weights were generated according to age, sex and remoteness to 

ensure the sub-sample used in all analyses was representative of the Australian population 

aged 55 years and over. The method to generate the weights has been described in detail 

elsewhere (20). Participants who permanently discontinued use of Medicare services were 

assumed to have either died or migrated overseas and so were excluded from the analysis for 

the years in which they had no reported use. 

Information collected from the AusHEART questionnaire included participant demographic 

characteristics, household income and health-related status (smoking, diabetes, 

cardiovascular disease, kidney disease and self-reported health status). Participants were 

asked to classify their gross household income into one of seven categories, ranging from 

negative or nil income to $2000 or more per week. We calculated equivalised income to 

adjust for differences in household composition by applying the Organisation for Economic 

Co-operation and Development equivalence weights to the mean of the bounds of the income 

categories, where a value of 1 was assigned to the head of the household, 0.5 to each 

additional adult and 0.3 to each child (21). 

This study uses Medicare administrative records (including both MBS and Pharmaceutical 

Benefit Scheme (PBS) data) to report the use of medical services and costs. MBS item 
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number, OOPE and payment type (whether bulk–billed or not) for each MBS record from 1st 

March 2008 to 28th Feb 2013 were collected. Attendance services, which are mainly 

provided by general practitioners, specialists and physicians, were identified items with 

numbers between 3 and 10948 as professional attendances in accordance with the Medicare 

Benefits Schedule Book (12) and analysed separately as a subgroup.  

2.3.2  Statistical analysis 

Price & quantity analysis: A price index is a measure of the average price level based on a 

basket of goods. Changes in the index allow us to estimate movements in the price over time. 

As the prices of different goods and services do not all change at the same rate, a price index 

can only reflect average movements (17).In this study we employed the Fisher price index 

which is routinely used to quantify changes in macroeconomic statistics such as movements 

in consumer prices (22). We also calculated the Fisher quantity index, which measures the 

real growth in the use of MBS items per patient over time. The Fisher price index multiplied 

by the Fisher quantity index represents the ratio of the change in total OOPE (18). In this 

study we used this relationship to decompose the per patient OOPE increase into price and 

quantity changes. More information on the derivation of these indices is contained in the 

supplementary materials. 

Equity analysis: We employed the concentration curve and concentration index to evaluate 

the degree of inequality in the distribution of OOPE spending and quantity of out-of-hospital 

services from 2008 to 2012(23). The concentration curve plots the cumulative percentage of 

OOPE against the cumulative percentage of the population, ranked by socio-economic status, 

beginning with the poorest, and ending with the richest (11, 24). In this study, we used 

equivalised household income as the measure of socio-economic status. 
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A 45-degree line of perfect equality reflects a situation in which OOPE or quantity is equally 

distributed across income. A curve that lies wholly above (or below) the 45-degree line 

represents a situation where the expenditure is concentrated amongst those on lower (or 

higher) incomes. The degree of inequality increases the further the concentration curve is 

away from the 45-degree line. The concentration index, which is a relative measure of 

inequality, represents twice the area between the concentration curve and the line of perfect 

equality (24-26). It can range from -1 to 1, with an index of 0 denoting the absence of any 

systematic correlation, a positive index a pro-rich distribution, and a negative index a pro-

poor distribution.  

We employed the indirect standardisation method to control for differences in medical need 

across income groups. We standardised OOPE and quantity of services by need as 

determined by age, sex, self-reported health and established conditions including diabetes, 

cardiovascular disease, chronic kidney disease and cancer. The diagnoses of diabetes, 

cardiovascular disease and chronic kidney disease were collected from the AusHEART study. 

The diagnosis for cancer was not available in the AusHEART study so we derived an 

indicator variable for current treatment for cancer using data from the MBS and PBS, 

including item numbers for chemotherapy, radiation oncology, nuclear medicine procedures 

and prescriptions for antineoplastic and immune-modulation agents. The detailed method to 

conduct the standardisation has been documented elsewhere (20). In brief, we used multiple 

linear regression to estimate the OOPE/quantity that could not be explained by medical needs 

for each patient (i.e. the difference between observed and predicted OOPE/quantity), and 

added this to the average OOPE/quantity of the sample to derive the standardised measures.  
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Other analyses: We compared the characteristics of the sub-sample for analysis (Medicare-

linked sub-sample) with those of the patients in the broader AusHEART study using the t-test 

for the difference of means for continuous variables and the z-test for the proportions of 

binary variables. Annual per patient OOPE and quantity of services were calculated from 

2008 to 2012. We compared the changes in the price index for OOPE to the overall CPI to 

determine how the change in OOPE compares with general price inflation. The 95% 

confidence intervals for the price, quantity and concentration indices were generated by 1000 

bootstrapped replications. All expenditures are reported in Australian dollars. 

All analyses were conducted using Stata 13.1. 

2.4  Results 

A total of 5293 patients consented to participate in the AusHEART study; their 

characteristics have been previously described (20). 2653 patients were included in our 

analysis as the sub-sample for which access to linked Medicare data was available. In 

comparison to those who were dropped from the analysis, the sub-sample had significantly 

less females and more people living in regional and remote areas (Table S1 in supplementary 

materials). The sub-sample was further weighted by age, sex and remoteness to make it 

comparable to the Australian population (Table S1). Data on PBS usage in 2008 was 

available for 2400 patients, among whom the weighted proportion of concession card holders 

was 75.4%. 

In nominal terms the per patient OOPE for out-of-hospital MBS services increased between 

2008 and 2012 by 10.9% from $148.70 to $164.90, with the increase mainly coming from 

professional attendance services. The number of out-of-hospital MBS services per patient 
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increased from 33.1 to 34.8, the number of attendance services remained unchanged, and the 

number of other services increased from 17.5 to 19.0 (Table 1).   

Figure 1 and Table 1 display the changes in the Fisher price and Fisher quantity indices over 

the five-year period. The total price index, which measures the average price evolution of 

OOPE for all out-of-hospital MBS services (including both bulk-billed and billed services, 

with bulk-billed services counted as zero OOPE), increased by 7.3% (95% CI: 2.0%, 13.6%) 

between the beginning and the end of the study period. This change is slightly lower than, but 

not significantly different from the 10.4% increase in the Australian CPI during that period. 

However, decomposing the OOPE into attendance and other services reveals a significant 

divergence in trends for different categories of MBS services. The price index for attendance 

services increased by 20.2% (95% CI: 15.5%, 25.6%), while the index for all other services 

dropped by 14.0% (95% CI: -24.7%, -2.8%). The Fisher quantity index shows there has been 

no change in the use of attendance services between 2008 and 2012, but a 14.5% (95% CI: 

5.1%, 25.2%) rise in the use of other types of MBS items. 

Table 2 presents the concentration indices for annual MBS out-of-hospital utilisation and 

OOPE between 2008 and 2012. Overall, MBS out-of-hospital services were used more 

frequently by people with lower household incomes, as indicated by the concentration index 

of -0.07 (95% CI: -0.09, -0.04) in 2012. However, this inequality disappeared after 

controlling for medical need (age, sex, self-reported health and established conditions) with a 

need-adjusted concentration index of -0.01 (95% CI; -0.03, 0.01) in the same year (Figure 2). 

We further explored income-related inequality in the out-of-hospital utilisation of bulk-billed 

and non-bulk-billed service. In 2012, for bulk-billed services (no OOPE incurred) the need-

adjusted concentration index was -0.04 (95% CI: -0.06, -0.02), compared to -0.10 (95% CI: -

0.12, -0.08) for the unadjusted concentration index. For non-bulk-billed services and OOPE, 
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the need-adjusted concentration indices were 0.20 (95% CI: 0.16, 0.24) and 0.22 (95% CI: 

0.18, 0.26) respectively, which were similar to the unadjusted indices. Similar patterns of 

inequality were found when considering attendance and other services only (see 

supplementary materials). 

2.5  Discussion 

This study has explored the change in OOPE of MBS out-of-hospital medical services by 

calculating statistics that represent changes in both the price and the volume of services as 

well as the distribution of expenditure across different income groups. The results show that 

from 2008 to 2012 the per patient OOPE of out-of-hospital medical services increased by 

10.9%, which can be decomposed into a 7.3% price increase with the remainder from 

increases in the quantity of services used. The price of attendance services increased faster 

than average, but the use of these services was stable over the period. By contrast, the price of 

the totality of all other categories of out-of-hospital services declined, but with an increase in 

the use of these services over the study period. After taking into account differences in 

medical needs, the utilisation of medical services was distributed equally across different 

income groups and OOPE was distributed pro-rich indicating that higher income groups paid 

a higher proportion of above Medicare scheduled fees than lower income groups.   

While the AIHW does produce an annual price index for health care goods and services, it 

only reports changes in the fees for medical services, without separating hospital from non-

hospital services or OOPE from the Medicare scheduled fee (27). Further, the health price 

index produced by the AIHW is released annually with an 18-month time lag, which is much 

less frequent than other price series such as the CPI (28). These delays make it difficult to use 

these data for monitoring the impact of policy changes on price and quantity used of medical 

services.  
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The former Prime Minister of Australia Edward Gough Whitlam noted in a speech given in 

the Australian Parliament almost 50 years ago that “one of the problems in discussing health 

policy in Australia is the lack of reliable official information”(29). It is not clear why index 

statistics for OOPE could not be produced in a more timely fashion to allow them to be used 

in contemporary policy formation. The development and routine reporting of statistics with 

much shorter time lags (e.g. the consumer price index which in Australia is reported with 

only a 3 month lag(28)) is central to informing other aspects of government policy (e.g. 

macro-economic policy settings), as well as generating public debate. It is surprising that 

while OOPE has received much political attention, such as a recent report by a committee of 

the Australian Senate (6), there have been no recent efforts to improve the reporting of OOPE 

statistics in Australia. The increased availability of linked administrative data should enable 

this to be undertaken using national level data in the near future.  

A good example of where a regularly updated index of OOPE would be illuminating is the 

proposed changes to a previous policy of providing incentives to pathologists to provide 

bulk-billing services, which would have the effect of reducing the scheduled fees for some 

items such as MRI services (30). The regular release of price and concentration indices would 

enable the potential impact of such changes in policy to be more accurately modelled 

prospectively.  Further the regular publication of price and concentration indices is a way of 

transparently monitoring the impact of policy changes on the extent as well as the distribution 

of OOPE across socio-economic groups.  Those indices are also potentially useful for health 

evaluations like cost-of-illness studies, as they allow to separate out cost into resource use 

and price changes. 

Using the price index we are able to separate the effect of changes in the fees charged from 

the quantity of Medicare items used. Upper-level substitution bias is the most widely 
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accepted source of price index bias (17). It arises when the Laspeyres formula is employed to 

calculate the index. The Fisher ideal index was employed in this study to avoid this type of 

bias. However, like other price indices, our statistics cannot account for changes in quality 

(e.g. improvement in diagnostic accuracy of tests) and technological change that may produce 

changes in the items included on the MBS schedule. Quality adjustments for price indices 

have been previously discussed (31) in the context of goods with a high rate of technology 

improvement or substitution, such as personal computers (32), apparel (33) and 

telecommunications(34). While technological change is unlikely to be a major factor over the 

period of the few years employed in our study, it is worth exploring the impact of 

technological change on the OOPE index if it is to be routinely estimated over longer periods. 

Several previous studies have explored the equitable distribution of OOPE and health care 

utilisation in Australia, using self-reported data from the Australian Household Expenditure 

Surveys and the National Health Surveys (8, 9, 35). The results of these studies showed that 

the direct payment (OOPE plus private health insurance premiums) for the Australian health 

care system is pro-rich (8, 9), which is similar to the results in this study. In this study, we 

linked the AusHEART survey data with the original MBS records to analyse equity in the 

utilisation and OOPE of out-of-hospital services. This approach allowed us to include all 

services in the analysis and avoided uncertainty around estimates of medical use and 

spending which may arise due to recall bias potentially present in self-reported data. The 

results of this study show that after adjusting for medical need, although people in different 

income levels tend to use the same number of total services, people in poor income groups 

use more bulk-billed services that do not incur an OOPE. This results in OOPE having a pro-

rich distribution. Possible reasons include patients from lower income groups seeking out 

bulk-billing services and providers restricting eligibility for bulk-billing to those with a 

health-care concession card (which are predominantly from lower income groups).  Previous 
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studies have shown that both general practitioners and physicians tend to charge higher fees 

for their high income patients in the Australian market setting(36, 37).The use of the statistics 

proposed in this study would facilitate assessment of policy changes on the progressivity of 

OOPE.  

There has been a wide discussion of how large administrative data sets such as those 

generated through Medicare can best be used to inform research and policy (38-41). The 

difficulty in fully exploiting such “big data” often lies in the scatter of custodianship across 

different institutions and the lack of a national unique patient identifier to link them (42). In 

this study, we explored the potential of utilizing large administrative data sets on OOPE 

analyses with the Australian Medicare administrative data, which generates large amounts of 

updated health utilisation and expenditure data, covering the entire Medicare eligible 

Australian population, and can potentially be linked to other data sources (like the 

AusHEART survey in this case). We have shown that the calculation of indices of OOPE is 

feasible, and that releasing individual de-identified Medicare data to researchers has great 

potential value. The routine estimation of a concentration index would however require 

additional linkage of Medicare data with information on income from sources such as tax 

data.  

This study has several limitations. First, we had to restrict our analyses to out-of-hospital 

services, because private insurance information is not available in our dataset.  To explore 

OOPE for in hospital services, further linkage is required to determine the degree to which 

OOPE is covered by voluntary private health insurance. Second, although we have 

reweighted our data according to age, sex and remoteness to ensure the sub-sample used in all 

analyses was representative of the Australian population aged 55 years and over, there is a 

potential overestimation of the health utilisation since the study’s mode of recruitment 
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involved patients attending a general practitioner. Finally, we only have information on self-

reported income instead of actual income, and this was grouped into categorical bands. 

Actual income is hard to get as the linkage to income tax records is not available in Australia 

at this stage.  

2.6  Conclusion 

In conclusion, in this study we explored the OOPE of out-of-hospital health services in 

Australia by linking the Medicare administrative records with a nationally representative 

health survey--AusHEART. The result shows that in this broadly representative cohort of 

older Australians, the amount of OOPE was not increasing faster than inflation between 2008 

to 2012, and OOPE tends to be higher among those on higher incomes. Beyond these results, 

this study has highlighted that when it comes to understanding trends in OOPE, statistics such 

as price, quantity and concentration indices can provide a much greater degree of insight than 

the measures that are routinely reported in Australia and in many other countries.   
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Table 1 Annual per patient out-of-pocket expenditure (OOPE) and quantity and Fisher indices*, out-of-hospital services, 2008-2012 

  2008 2009 2010 2011 2012 Diff. between 
2012-2008 (95% 

CI) 

P value 
of diff. 

OOPE, nominal term  
       

Total 148.7 144.7 159 168.6 164.9 16.2 (1.0, 31.5) 0.036 
Attendance 89.5 91 99.9 105.6 106.6 17.1 (8.7, 25.4) <0.001 

Others 59.2 53.7 59.1 63 58.3 -0.8 (-11.2, 9.5) 0.876 
Quantity  

       

Total  
(bulk-billing rate, %) 

33.1  
(85.8) 

32.5  
(86.5) 

33.6  
(86.6) 

35.0  
(86.9) 

34.8  
(88.2) 

1.8 (0.2, 3.3) 0.027 

Attendance  
(bulk-billing rate, %) 

15.5  
(80.0) 

15.0  
(80.7) 

15.2  
(80.3) 

15.6  
(80.8) 

15.9  
(81.8) 

0.3 (-0.4, 1.0) 0.397 

Others  
(bulk-billing rate, %) 

17.5  
(91.4) 

17.5  
(92.0) 

18.3  
(92.3) 

19.4  
(92.3) 

19.0  
(93.7) 

1.5 (0.4, 2.5) 0.007 

Fisher price index 
       

Total 1.00 1.01 1.03 1.05 1.07 0.07 (0.02, 0.14) 0.011 
Attendance 1.00 1.05 1.11 1.15 1.20 0.20 (0.15, 0.26) <0.001 

Others 1.00 0.93 0.91 0.89 0.86 -0.14 (-0.25, -0.03) 0.019 
Fisher quantity index        

Total 1.00 0.97 1.04 1.08 1.03 0.03 (-0.01, 0.09) 0.143 
Attendance 1.00 0.97 1.01 1.03 0.99 -.0.01 (-0.05, 0.03) 0.526 

Others 1.00 0.98 1.10 1.20 1.15 0.15 (0.05, 0.25) 0.004 
* The Fisher indices were built based on all out-of-hospital services, where bulk-billing services were counted as zero OOPE 
P values of differences were based on t test for OOPE and quantity, 1000 bootstrapping for Fisher price and quantity indices 
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Table 2  Concentration indices for out-of-pocket expenditure (OOPE) and quantity, out-of-hospital services, 2008-2012 

  2008 2009 2010 2011 2012 Diff. 2012-2008 
(95% CI) 

P value of 
diff. 

Unadjusted 
concentration index 

       

Quantity -0.08 -0.08 -0.08 -0.07 -0.07 0.01 (-0.01, 0.03) 0.225 
Bulk-billing quantity -0.12 -0.13 -0.12 -0.11 -0.10 0.02 (-0.01, 0.04) 0.125 

Non bulk-billing 
quantity 0.15 0.18 0.18 0.16 0.19 0.03 (-0.01, 0.07) 0.105 

OOPE* 0.20 0.21 0.23 0.20 0.22 0.02 (-0.03, 0.07) 0.358 
Need-adjusted  
concentration index 

       

Quantity -0.02^ -0.03^ -0.02^ -0.02^ -0.01^ 0.01 (-0.01, 0.03) 0.367 
Bulk-billing quantity -0.05 -0.06 -0.06 -0.05 -0.04 0.01 (-0.01, 0.03) 0.315 

Non bulk-billing 
quantity 0.16 0.18 0.19 0.17 0.20 0.04 (0.00, 0.08) 0.039 

OOPE* 0.18 0.20 0.22 0.19 0.22 0.04 (-0.01, 0.09) 0.133 
*Bulk-billing services were included and counted as zero OOPE 
^no significant difference from 0 at the 5% level of significance 

P values of differences were based on 1000 bootstrapping 
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Figure 1  Fisher price and quantity index for annual out-of-pocket expenditure, out-of-hospital 
services, 2008-2012.  

Notes: Attendance were identified as with services item numbers between 3 and 10948 (all items 
under category 1-- professional attendances in the Medicare Benefits Schedule B 

 

 

 

Figure 2  Concentration curves for annual out-of-pocket expenditure and services in 2012, 
without and with need adjusted  

Adjusted by age, sex, self-reported health and established conditions including diabetes, 
cardiovascular disease, chronic kidney disease and treatment for cancer) 
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Supplementary material 1: Relative quantity and price change in the published MBS 

statistics 

 

 

Figure S1 Relative quantity and price of selected categories of out-of-hospital medical services 
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Supplementary material 2: Calculation of the Fisher indices 

The properties of various types of indexes for measuring changes in price and quantities are 

well established (ABS 2011).  As limited change on weights were found during the five-year 

study period, here we employ a fixed base Fisher price index (PF), which is the geometric 

average of the Laspeyres (PL) and Paasche (PP) indices and has been viewed as the “ideal” 

price index (Consumer price index manual, 2004), to evaluate the year-to-year average 

change of patients’ out-of-pocket expenditures.  The Fisher price index takes into account the 

changing composition of the basket, which avoids the upper-level substitution bias that might 

be found by using the Laspeyres formula. It is calculated in the following way:  

𝑃𝑃𝐿𝐿𝑡𝑡 =
∑ 𝑝𝑝𝑖𝑖𝑡𝑡𝑞𝑞𝑖𝑖0𝑛𝑛
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖
0𝑞𝑞𝑖𝑖

0𝑛𝑛
𝑖𝑖=1

 

𝑃𝑃𝑃𝑃𝑡𝑡 =
∑ 𝑝𝑝𝑖𝑖𝑡𝑡𝑞𝑞𝑖𝑖𝑡𝑡𝑛𝑛
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖
0𝑞𝑞𝑖𝑖

𝑡𝑡𝑛𝑛
𝑖𝑖=1

 

𝑃𝑃𝐹𝐹𝑡𝑡 =  �𝑃𝑃𝐿𝐿𝑡𝑡𝑃𝑃𝑃𝑃𝑡𝑡 

Where n is the number of items in the basket, 𝑝𝑝𝑖𝑖𝑡𝑡 is the price for item i in year t, and 𝑞𝑞𝑖𝑖𝑡𝑡 its 

quantity,  𝑃𝑃𝐹𝐹𝑡𝑡 is the Fisher price index in year t  

A quantity index 𝑄𝑄𝐹𝐹𝑡𝑡  can be similarly defined summarizes quantities of Medicare items 

consumed after adjusting for changes in price. It is calculated as: 

𝑄𝑄𝐿𝐿𝑡𝑡 =
∑ 𝑝𝑝𝑖𝑖0𝑞𝑞𝑖𝑖𝑡𝑡𝑛𝑛
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖
0𝑞𝑞𝑖𝑖

0𝑛𝑛
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∑ 𝑝𝑝𝑖𝑖
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𝑄𝑄𝐹𝐹𝑡𝑡 =  �𝑄𝑄𝐿𝐿𝑡𝑡𝑄𝑄𝑃𝑃𝑡𝑡  

It has been long established (Persons 1921) that the Fisher price index multiplied by the 

Fisher quantity index represents the ratio of the change in total OOPE in year t to the base 

year 0, or: 

𝑄𝑄𝐹𝐹𝑡𝑡𝑃𝑃𝐹𝐹𝑡𝑡 =
𝑉𝑉𝑡𝑡

𝑉𝑉0
 

Where Vt is the total OOPE in year t. 
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Supplementary material 3: Characteristics of patients 

Table S1 Characteristics of patients in the study 

  Sample dropped 

from analysis 

(unweighted) 

n=2640 

Sub-sample used 

in analysis 

(unweighted)  

n=2653 

Sub-sample used 

in analysis  

(weighted)  

n=2653 

Female  1540 (58%) 1428 (54%)# 1412 (53%) 

Age (years) 68 ± 9 67 ± 8 67 ± 9 

Aboriginal /Torres strait islander/ 

Maori/Pacific islander 
24 (1%) 34 (1%) 32 (1%) 

Regional/remote 947 (36%) 1057 (40%)# 833 (31%) * 

Weekly equalised household income $517.7 ± 417.2 $502.4 ± 398.8 $524.7 ± 418.3 

Married or de facto 1713 (68%) 1830 (69%)  1782 (67%) 

Current smoker 209 (8%) 216 (8%) 217 (8%) 

Diabetes 565 (21%) 598 (22%) 563 (22%) 

Established cardiovascular disease 771 (29%) 777 (29%) 802 (30%) 

Previously documented chronic 

kidney disease 
172 (6%) 140 (5%) 144 (5%) 

Below-average self-reported health  

('poor' or 'fair') 
689 (26%) 678 (26%) 684 (26%) 

# significant difference from dropped sub-sample of the AusHEART study at the 5% level of 
significance 

*significant difference from the unweighted used sub-sample at the 5% level of significance 

 

Weights were generated to ensure the sample used in the analysis representative of the 
Australian population aged 55 years and over, according to age (by 5-year age groups), sex 
and remoteness (city, regional or remote) classes. For each age–sex–remoteness class, the 
weight was generated as the ratio between the Australian estimated resident population count 
from the year the survey was conducted (2008) for that age–sex–remoteness class, and the 
associated sample count for the same class using the sub-sample used in the analysis.
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Supplementary material 4: Equality analysis for attendance and other services 

Table S2 Need adjusted concentration indices for attendance and other services, 2008-2012 

  2008 2009 2010 2011 2012 

OOP 0.18 0.20 0.22 0.19 0.22 

Attendance services 0.17 0.20 0.21 0.21 0.23 

Other services 0.21 0.22 0.23 0.16 0.21 

Quantity -0.02 -0.03 -0.02 -0.02 -0.01 

Attendance services -0.03 -0.03 -0.03 -0.02 -0.02 

Other services -0.02 -0.03 -0.02 -0.02 -0.01 

Bulk bill quantity -0.05 -0.06 -0.06 -0.05 -0.04 

Attendance services -0.08 -0.08 -0.08 -0.07 -0.07 

Other services -0.03 -0.04 -0.04 -0.03 -0.02 

Non-bulk bill quantity 0.16 0.18 0.19 0.17 0.20 

Attendance services 0.16 0.18 0.19 0.20 0.22 

Other services 0.16 0.19 0.18 0.11 0.16 
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Supplementary material 5: An application of the price index method on chronic disease                                                                                                                                                                                                                                                                                                                                                                                                                                                                               

In the main text it was demonstrated that price index can be a useful tool on understanding 

the changes in out-of-pocket expenditure (OOPE) as it disentangled changes that were due to 

the fees charged from those that were related to the quantity and type of services used. It was 

found that in the study sample, from 2008 to 2012 the average price evolution of OOPE for 

all out-of-hospital MBS services increased at a similar rate with CPI during that period. 

However, decomposing the OOPE into attendance and other services revealed a significant 

divergence in trends for different categories of MBS services, with the price index for 

attendance services increased at a much quicker rate. 

People with chronic disease usually heavily rely upon primary health services for regular 

consultations and medical checks to manage the disease. As a result, this population could be 

more sensitive to the price change of OOPE on out-of-hospital health services. In this 

supplementary material, I applied the price index method on four chronic disease 

subgroups—diabetes, cardiovascular disease (CVD), chronic kidney disease and cancer, to 

explore the price change of OOPE on a standard basket of out-of-hospital medical services 

for these four chronic diseases respectively.  

The sample size for the four chronic disease subgroups in each study year were reported in 

Table S3. The establishment of diabetes, CVD and chronic kidney disease were collected in 

the AusHEART survey in 2008 and were carried forward to the following years. As a result, 

new cases happened in the following years were not identified and included in the analysis 

for these three diseases. As in the main text, people who permanently discontinued use of 

Medicare services were assumed to have either died or migrated overseas and so were 

excluded from the analysis for the years in which they had no reported use. This contributed 

to a decrease on the sample size for the three above chronic disease subgroups. Cancer 
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patients were identified using data from the MBS and PBS by item numbers specific for this 

type of disease (chemotherapy, radiation oncology, nuclear medicine procedures and 

prescriptions for antineoplastic and immune-modulation agents). As a result, new cancer 

patients from 2009 to 2012 were also able to be included in the analysis, which gives an 

increasing sample size for this subgroup (Table S3). 

Table S3 and Figure S2-S3 display the average annual OOPE (in nominal term) and quantity 

for different types of chronic disease patients from 2008 to 2012. The per patient annual 

OOPE for diabetes, CVD and kidney disease patients were close (between $140 and $180) 

and didn’t change much from 2008 to 2012 (Table S3, Figure S2). The average annual OOPE 

for cancer patients were much higher and decreased from $356.9 to $261.6 from 2008 to 

2012. On average, cancer patients used the largest number of MBS out-of-hospital medical 

services annually (above 60); diabetes and CVD patients used around 40 services annually; 

the quantity used by patients with kidney disease were in the middle and decreased from 53.8 

to 47.5 in the study period (Table S3, Figure S3). 

The OOPE for a standard basket of medical services for diabetes and chronic kidney disease 

patients increased at a similar rate to the CPI from 2008 to 2012. While the OOPE for a 

standard basket of medical services for CVD patients increased at a slower rate than the CPI 

with only 3% increase during the same period. The OOPE for a standard basket of medical 

services for cancer patients decreased by 18% in the five years’ time (Table S3, Figure S4).  

In conclusion, in this analysis which applied the price index method on people with chronic 

diseases, it’s found that the price evolution of OOPE for MBS out-of-hospital services 

increased at a similar or smaller rate to the CPI for diabetes, CVD, kidney disease and cancer 

patients. The average annual OOPE for cancer patients was higher compared to the other 
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three chronic diseases, but the price of it dropped 18% during the study period which made 

the services more affordable for the patients.  

 

Table S3 Annual per patient out-of-pocket expenditure (OOPE) and quantity and Fisher 
indices, by chronic disease patients groups, out-of-hospital services, 2008-2012 

  2008 2009 2010 2011 2012 
Sample size           

Total 2653 2653 2632 2593 2525 
Subgroup: Diabetes 598 598 594 578 562 

Subgroup: CVD 777 777 766 747 716 
Subgroup: Kidney 140 140 138 130 118 
Subgroup: Cancer 101 131 135 146 149 

OOPE, nominal term           
Subgroup: Diabetes 142.0 142.5 161.7 175.4 164.3 

Subgroup: CVD 163.4 151.7 160.1 182.9 172.8 
Subgroup: Kidney 177.5 169.6 140.5 180.4 166.5 
Subgroup: Cancer 356.9 298.8 311.8 318.2 261.6 

Quantity           
Subgroup: Diabetes 41.8 40.8 43.0 44.0 43.8 

Subgroup: CVD 42.6 41.2 41.4 42.2 41.3 
Subgroup: Kidney 53.8 50.5 48.9 49.1 47.5 
Subgroup: Cancer 64.9 61.4 59.5 68.6 65.1 

Price index           
Subgroup: Diabetes 1.00 1.00 0.98 1.06 1.07 

Subgroup: CVD 1.00 0.97 1.00 1.04 1.03 
Subgroup: Kidney 1.00 1.01 1.01 1.05 1.12 
Subgroup: Cancer 1.00 0.89 1.04 0.82 0.82 

Quantity index           
Subgroup: Diabetes 1.00 1.00 1.16 1.17 1.08 

Subgroup: CVD 1.00 0.96 0.98 1.07 1.03 
Subgroup: Kidney 1.00 0.94 0.78 0.97 0.84 
Subgroup: Cancer 1.00 0.94 0.84 1.08 0.89 
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Figure S2 Per patient annual out-of-pocket expenditure on out-of-hospital services, by chronic 
disease patient groups 

 

 

 

Figure S3 Per patient annual quantity on out-of-hospital services, by chronic disease patient 
groups 
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Figure S4 Fisher price index for annual out-of-pocket expenditure, , by chronic disease patient 
groups 
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Chapter 3 Expenditures and prices of 

antihyperglycemic medications in the United States: 

2002-2013  

Published in Journal of the American Medical Association 2016 315(13):1400-2.  

(doi:10.1001/jama.2016.0126) 

 

3.1  Introduction 

A recent study demonstrated widespread substitution of analog for human insulin and rising 

out-of-pocket costs in privately insured people with Type 2 diabetes in the United States (US) 

(1). Medicaid reimbursements have increased for both human and more costly analog insulins 

(2). Although studies have described per-person changes in excess medical spending of US 

adults with diabetes on prescription medications (3), they have not reported trends in 

expenditures for different classes of antihyperglycemic medications that simultaneously 

consider changes in use and price.  

3.2  Methods 

We analysed individual and prescription level data from the Medical Expenditure Panel 

Survey (MEPS) to describe and compare trends in expenditure and price of 

antihyperglycemic medications in the US between 2002 and 2013. MEPS involves de-

identified, publicly available data of a nationally representative household survey of 

noninstitutionalized residents (4). The in-person interview response rate ranged from 69.2% 

to 58.0%. We first describe the prevalence of treated patients with diabetes, their 
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characteristics, and use of antihyperglycemic medications. We then estimate per patient 

inflation-adjusted expenditures for insulin (combining both human and analog) compared 

with other classes of antihyperglycemic medications. Medications were identified using 

Multum Lexicom therapeutic class codes. Drug expenditures from all sources (including 

patient co-payments) and quantity used came from household surveys, with data verified by 

pharmacies. Relative and absolute mean drug prices were calculated by dividing expenditure 

per prescription by quantity. All analyses were conducted in Stata13.1 accounting for MEPS 

sampling weights and the complex survey design. 95% confidence intervals were calculated 

and compared to determine statistically significant differences. 

3.3  Results 

The sample consisted of 27,878 people treated for diabetes with mean age of 60.4 years (SD, 

14.7) and 44.4% male. During the entire study period, the prevalence of treated diabetes 

increased from 5.2% (95%CI, 4.9-5.4) to 7.7% (95%CI, 7.4-8.0) (see Table 1). For those with 

recorded insulin use, the quantity per year increased from 171 ml (160-181) in 2002 to 206 

(193-220) in 2013; over the same period per patient estimated spending for insulin increased 

from $231.48 (95%CI, 190.40-272.55) to $736.09 (95% CI, 639.72-832.47) (Figure 1). In 

2013, per patient estimated expenditure on analog insulin amounted to $507.89 (95%CI, 

422.34-593.44) and human insulin $228.20 (95%CI, 183.98-273.42). The total expenditure 

on insulin in 2013 was significantly greater than the combined expenditure on all other 

antihyperglycemic medications of $502.57 (95%CI, 430.37-574.78). 

The mean price per millilitre of insulin increased by 197% from $4.34 per ml (95%CI, 4.19-

4.51) in 2002 to $12.92 per ml (95%CI, 12.34-13.50) in 2013, the mean price of DPP-4 

inhibitors increased by 34% from $6.67 (95%CI, 6.26-7.09) per tablet in 2006 to $8.92 
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(95%CI, 8.43-9.41) in 2013. The mean price of metformin decreased by 93% from $1.24 per 

tablet (95%CI, 1.19-1.29) in 2002 to $0.31 per tablet (95%CI, 0.25-0.36) in 2013. 

3.4  Discussion 

Based on a nationally representative survey the mean price of insulin increased from $4.34 

per ml in 2002 to $12.92 in 2013. The estimated per patient expenditure on insulin in the 

United States in 2013 was greater than all other antihyperglycemic medications combined.  

Another factor contributing to the rise in expenditures on insulin was increased treatment 

intensity. 

The mean price of insulin increased at a much faster rate than oral medications including 

DPP-4 inhibitors. We were unable to separate out generics from branded medications, 

however, unlike oral therapies, the mean price of insulin is unlikely to decline as a result of 

generic competition (5) because of the stringent regulations and substantial costs of bringing 

biosimilar insulins to market.  

Limitations of our study included changes in editing rules for improved price benchmarking 

of MEPS prescribed medicines data from 2007 (6). This may have artificially increased the 

reported drug expenditures by an estimated 10% (6). Our reported estimates of expenditure 

and price did not include the cost of the various insulin delivery devices except prefilled pens.   

Significant changes in mean price of insulin, relative to comparator therapies, suggest a need 

to re-assess the effectiveness and cost-effectiveness of alternative antihyperglycemic 

therapies. 
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Table 1 Characteristics of treated diabetes patients in the Medical Expenditure Panel Survey 
(MEPS), 2002 to 2013 

 
2002-2004 
(n=5799)c 

2005-2007 
(n=6486) 

2008-2010 
(n=7237) 

2011-2013 
(n=8356) 

Treated diabetesa, weighted % 
(95% CI) 

5.2 (4.9-5.4) 6.2 (5.9-6.5) 7.1 (6.8-7.4) 7.7 (7.4-8.0) 

Mean age, y (SD) 60.2 (15.0) 60.3 (14.6) 60.3 (14.8) 60.7 (14.6) 
Male sex, No. (Weighted %) 2496 (47.7) 2850 (48.3) 3182 (47.9) 3845 (50.0) 
Raceb, No. (Weighted %)    

 

    White 2951 (65.3) 3209 (65.0) 3089 (64.9) 3210 (62.0) 
    Black 1202 (16.2) 1350 (15.1) 1805 (15.0) 2197 (15.5) 
    Hispanic 1334 (12.5) 1533 (13.5) 1699 (12.9) 2202 (15.1) 
    Others 312 (6.1) 394 (6.5) 644 (7.2) 747 (7.4) 
Usage of medications, 
weighted % (95% CI) 

    

    Insulin 28.1 (26.2-29.8) 24.1 (22.4-25.8) 25.3 (23.7-27.0) 29.2 (27.6-30.8) 
     Metformin 36.1 (34.2-38.0) 43.6 (41.6-45.5) 47.3 (45.4-49.2) 51.5 (49.8-53.1) 
     Sulfonylureas (SU) 38.2 (36.2-40.1) 35.1 (33.2-36.9) 30.7 (28.9-32.4) 27.5 (25.8-29.3) 
     Thiazolidinedions (TZDs) 21.1 (19.5-22.7) 23.2 (21.5-24.9) 13.0 (11.6-14.3) 5.8 (5.0-6.6) 

 α-glucosidase inhibitors and 
non-SU secretagogues 

2.6 (2.0-3.2) 2.8 (2.2-3.4) 1.4 (1.0-1.8) 0.7(0.5-1.0) 

     DPP-4 inhibitors  - 1.2 (0.8-1.5) 5.6 (4.7-6.5) 7.7 (6.8-8.7) 
     Combinations 6.8 (5.8-7.7) 8.9 (7.8-9.9) 8.0 (7.0-9.0) 6.0 (5.1-6.9) 
    All oralsd 68.9 (66.9-70.8) 72.6 (70.9-74.4) 70.8 (69.2-72.5) 69.5 (67.9-71.1) 
     Amylin analogs - 0.1 (0-0.1) 0.2 (0.1-0.4) 0.1 (0-0.2) 
     GLP-1 receptor agonists - - 2.2 (1.6-2.8) 2.7 (2.1-3.4) 
    All non-insulin injectablese -  - 2.4 (1.8-3.1) 2.8 (2.1-3.4) 
Quantity of medicationsf, 
weighted (95% CI) 

    

Insulin,  
millilitres (ml) 

171 (160-181) 150 (137-164) 205 (191-218) 206 (193-220) 

All orals, tablets  611 (580-641) 632 (607-657) 775(746-804) 800 (772-828) 
All non-insulin injections, ml -  - 21 (16-25) 36 (30-42) 

Abbreviations: MEPS= Medical Expenditure Panel Survey; CI=confidence intervals; SD=standard deviation; 
SU= sulfonylureas; TZDs=thiazolidinedions; DPP-4= Dipeptidyl peptidase-4; GLP-1= Glucagon-like peptide-1; 
ml=millilitres 
a Percentage of all survey respondents. People treated for diabetes were identified using three-digit ICD-9-CM 
diagnosis codes. 
b Race is included here as part of the descriptive analysis. As defined by MEPS, classification by race and 
ethnicity is mutually exclusive and based on information reported for each family member.  All persons whose 
main national origin or ancestry was reported as Hispanic, regardless of racial background, are classified as 
Hispanic. 
c The reported statistics are based on pooled sample across three waves of MEPS. 
d Includes metformin, SU, TZDs, α-glucosidase inhibitors and non-SU secretagogues, combinations, and DPP-4 
inhibitors 
e Includes Amylin analogs and GLP-1 receptor agonists from 2008.  
f Quantity of medication use are means per patient per year, conditional on some recorded use of the drug over 
the given period 
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Figure 1 Mean expenditure per patient for anti-hyperglycemic medications between 2002 and 
2013 

Medications were classified as follows: insulin (human and analog); newer oral therapies (thiazolidinediones, 

dipeptidyl peptidase-4 inhibitors, and combinations); older oral therapies (metformin, sulfonylureas, α-

galactosidase inhibitors, and nonsulfonylurea secretagogues); noninsulin-based injectable therapies (glucagon-

like peptide-1 receptor agonists and amylin analogs). 
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Supplementary material 1: Price of selected classes of anti-hyperglycemic medications 

Notes: For DPP-4 inhibitor prices are relative to 2006, the year DPP-4 inhibitors were introduced 
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Supplementary material 2: Reply letter on JAMA: Cost of Antihyperglycemic Medications 

in the United States  

 

Published in Journal of the American Medical Association 2016 316(6):665-666.  

(doi:10.1001/jama.2016.8596) 

 

Like many other analyses of the costs of diabetes in the United States (1), our study relied on 

MEPS, which collects data from pharmacies on the costs of medications. The survey does not 

account for rebates, which involve payments by pharmaceutical companies to payers and 

intermediaries including pharmacy benefit managers (2), as these rebates are generally not 

publicly disclosed. 

Adjusting for rebates would have a complex effect on the results, as it is not only the amount 

of money returned, but the party receiving the rebates that determines the net expenditure for 

a drug like insulin. Importantly, rebates would only have an effect on the results of the study 

if the medications covered and the level of the rebates changed over time.  

Unfortunately, the only information provided by Dr Alatorre and colleagues falls outside the 

period considered in the study (2002-2013). However, the reported declines in the net price of 

insulin of between 5.6% and 17.8% in 2014-2015 are relatively modest compared with the 

197% increase in the price of insulin reported in the study.    

With regard to other factors that may be associated with the rise in expenditures, the Table in 

the article provided considerable information on the characteristics of people with diabetes 

and the level of use diabetes medications over time. While both the increase in use and the 

intensity of use of insulin contributed to the increasing expenditure per patient, the increase in 
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price has played a much more substantial role.  One way to explore this issue is to estimate 

what insulin expenditures would have been in 2013 had the average price remained at 2002 

levels. These calculations indicate that the average expenditure in 2013 would have been 

$247.84 per patient rather than $736.09 per patient. Hence the net effect of the price increases 

is $488.25 per patient.  

With regard to expressing the cost of insulin in units rather than milliliters, we opted for the 

latter approach as the concentration was not recorded for all prescriptions. Using available 

information on units, the average price per unit increased from 4.3 cents per unit to 12.8 cents 

per unit.  Using these figures, the overall price increase would have been 194% rather than 

197% as reported. 

It is important to ensure that everyone who needs insulin can access it affordably. We would 

contend that a key part of the solution will be to make the price of insulin more transparent. 

In this regard, manufacturers of insulin could commit to fully disclose all rebates, or better 

still, stop providing rebates and reduce the retail price of insulin for all.     
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Chapter 4 Validation and recalibration of the 

Framingham cardiovascular disease risk models in 

an Australian Indigenous cohort 

Published in European journal of preventive cardiology 2017 24(15):1660-9.  

(doi: https://doi.org/10.1177/2047487317722913) 

 

Abstract  

Background: In Australia, clinical guidelines for primary prevention of cardiovascular 

disease (CVD) recommend the use of the Framingham model to help identify those at high 

risk of developing the disease. However, this model hasn’t been validated for the Indigenous 

population. 

Design: Cohort study. 

Methods: Framingham models were applied to the Well Person’s Health Check (WPHC) 

cohort (followed 1998-2014), which included 1448 Aboriginal and Torres Strait Islanders 

from remote Indigenous communities in Far North Queensland. CVD risk predicted by the 

original and recalibrated Framingham models were compared with the observed risk in the 

WPHC cohort. 

Results: The observed 5- and 10-year CVD probability of the WPHC cohort was 10.0% (95% 

CI:8.5-11.7) and 18.7% (95% CI:16.7-21.0), respectively. The Framingham models 

significantly underestimated the CVD risk for this cohort by around a third, with a 5-year 
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CVD risk estimate of 6.8% (95% CI:6.4-7.2) and 10-year risk estimates of 12.0% (95% CI: 

11.4-12.6) and 14.2% (95% CI:13.5-14.8). The original Framingham models showed good 

discrimination ability (C-statistics of 0.67) but a significant lack of calibration (χ2 between 

82.56 and 134.67). After recalibration the 2008 Framingham model corrected the 

underestimation and improved the calibration for 5-year risk prediction (χ2 of 18.48). 

Conclusions: The original Framingham models significantly underestimate the absolute CVD 

risk for this Australian Indigenous population. The recalibrated 2008 Framingham model 

shows good performance on predicting 5-year CVD risk in this population and was used to 

calculate the first risk chart based on empirical validation using long-term follow-up data 

from a remote Australian Indigenous population. 

4.1  Introduction 

Indigenous Australians have substantially poorer health outcomes and have a life expectancy 

of approximately 10 years lower than that of the non-Indigenous population (1). In this 

population, cardiovascular disease is the leading cause of death, with an age-adjusted death 

rate 1.3 times higher than non-Indigenous Australians (2). In Australia, clinical guidelines for 

primary prevention of CVD recommend the 1991 Framingham CVD model (3) as an 

important component of guidelines used to identify those at high risk of developing CVD 

over a 5-year period (4). The development of CVD risk prediction models using Framingham 

study data dates back to the late 1960s (5, 6). The most widely used model was developed by 

Anderson and colleagues to predict the risk of developing CVD and its component diseases 

(coronary heart disease (CHD), myocardial infarction, and stroke) for people aged 30-75 

years (3). In 2008 an updated sex-specific Framingham model was published to predict 10-

year CVD risks (7).  
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The Framingham CVD models have been validated and recalibrated in various countries and 

ethnicities (8-10), as well as in the Australian general population (11, 12). However, it has 

not been validated or recalibrated for an Australian Indigenous population. One previous 

study (2005) compared the predicted and observed CHD rates in an Australian Aboriginal 

remote community sample and found that the 1991 Framingham model substantially 

underestimated CHD rates across all age groups and both sexes (13). In the current Australian 

CVD management guidelines, people with the following characteristics are automatically put 

into the high risk category: diabetes and aged over 60 years, diabetes with microalbuminuria, 

eGFR<45mL/min/1.73m2, familial hypercholesterolemia, high blood pressure and serum total 

cholesterol >7.5mmol/L, and any Aboriginal or Torres Strait Islander over the age of 74 (4). 

However, the developers of these guidelines acknowledge that there is little empirical 

evidence supporting this classification system (a combination of level D weak evidence plus 

a consensus-based recommendation) (4). Further, for Aboriginal and Torres Strait Islander 

adults aged between 35 and 74 years who are not in this clinically determined high risk 

category, the guidelines recommend the use of the 1991 Framingham CVD model to estimate 

5-year absolute CVD risks while acknowledging that it might result in an underestimation of 

these risks (4). 

In this study, we validated both the 1991 and 2008 Framingham CVD models using a cohort 

of Aboriginal and Torres Strait Islander adults drawn from remote Indigenous communities in 

Far North Queensland.  Recalibration was also conducted to help generate more accurate 

CVD risk predictions for this population. Finally, we developed a CVD risk chart that could 

help improve the assessment and management of CVD in the Australian Indigenous 

population, particularly those in remote regions of Australia. 

4.2  Methods 
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4.2.1  Participants 

The source population of the present study were obtained from the Well Person’s Health 

Check (WPHC), which was conducted between 1998 and 2000 and consisted of 3508 people 

in 26 remote Indigenous communities in Far North Queensland (14). The study was approved 

by the Cairns Institutional Health Ethics Committee with support from Apunipima Cape York 

Health Council (HREC/141QCH/121-936). Participation in the WPHC study was open to all 

people residing in these communities and involved a broad range of recruitment strategies 

including printed media and local radio as well as through health services and community 

groups (14). Information collected in the WPHC survey can be found in supplementary 

materials. Baseline data of the participants were linked to hospitalisation and death records in 

the Queensland Hospital Admitted Patient Data Collection dataset from the initial screening 

date to the end of 2014, using linkage software applying deterministic & probabilistic 

methodologies, as well as manual clerical reviews where required. For our study, we included 

1684 (98.8%) people aged between 30 and 74 years who have a uniquely link to their 

hospitalisation and death records. We excluded people with previous CVD events (n=101) or 

whose baseline characteristics were missing (n=135).  

Baseline risk factors were collected from the WPHC screening data, including systolic blood 

pressure, total cholesterol level, high-density lipoprotein (HDL) cholesterol level, fasting 

glucose level and smoking status. Details of the methods used to collect these indicators have 

been published elsewhere (14). People with diabetes were identified if they self-reported 

(confirmed through medical record check) or had a baseline fasting glucose >7.8 mmol/L.  

One hundred and forty (8.3%) people had 1 or more baseline risk factors missing (6 with 

missing systolic blood pressure value; 49 with missing total cholesterol and 134 with missing 

HDL cholesterol), which were excluded from the main analysis. Sensitivity analysis was 
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conducted where we replaced the missing values with estimated values from multiple 

imputation by chained equations on five occasions and used standard statistical rules to 

produce reported results (15). ECG-LVH (required for the 1991 Framingham model) and 

hypertension treatment (required for the 2008 Framingham model) were not collected during 

WPHC screening. We presumed these values to be the average of the Framingham population 

and used hypothetical values in the sensitivity analysis. 

4.2.2  Outcomes 

CVD events were identified using the International Classification of Disease (ICD) diagnosis 

and procedure codes (version 9 &10; see supplementary materials) for the following 

outcomes in hospitalisation and death records: CHD (including myocardial infarction, angina 

pectoris and coronary insufficiency), CHD death, stroke, congestive heart failure and 

peripheral vascular disease as defined by Anderson et al in the Framingham study (3).  

The start date of follow-up was the screening date of the WPHC and the censor date was the 

date of first CVD event or death, whichever came first, or otherwise the date of last known 

admission. If neither admission nor death occurred during follow-up, the censor date was the 

1st December 2014, which was the last known admission date of the study. 

4.2.3  Statistical analysis 

We used 3 models to predict 5-year and 10-year CVD risks in our study cohort. The first two 

were the original 1991 and 2008 Framingham models (3, 7). As only the 10-year baseline 

survival rate was reported in the 2008 Framingham model, this model predicted 10-year CVD 

risk only. The third model was a recalibrated 2008 Framingham equation, in which both the 

baseline 5-year and 10-year survival rates and mean values of the risk factors were estimated 
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using the WPHC sample and coefficients on risk factors were obtained from the original 2008 

Framingham model. In detail, the 2008 Framingham model (Cox equation): 

𝑃𝑃 = 1− 𝑆𝑆0(𝑡𝑡)𝑒𝑒𝑒𝑒𝑒𝑒(∑𝛽𝛽𝑖𝑖𝛽𝛽𝑖𝑖−∑𝛽𝛽𝑖𝑖𝛽𝛽𝑖𝑖) 

, where βi represents the regression coefficients, xi represents an individual’s risk factors, Mi 

represents the means of the risk factors of the Framingham cohort, S0(t) represents the 

Framingham baseline CVD rate at year 10. To recalibrate this Framingham equation, we 

replaced the Framingham means of the risk factors (Mi) with the means in our own cohort, 

while the Framingham baseline CVD rate S0(t) was replaced with the cohort’s baseline 5-year 

or 10-year CVD rate. The coefficients were kept the same as in the Framingham model 

(Table S1 in supplementary materials). 

Age- and sex-specific predicted 5-year (original 1991 and recalibrated 2008 models) and 10-

year (all 3 models) CVD risks for people aged between 30 and 74 years were calculated and 

compared with the observed CVD probabilities (estimated using the Kaplan-Meier method). 

The 95% confidence intervals of the differences between the predicted and observed 

probabilities were estimated using the bootstrap method with 1000 bootstrapped replications. 

Discrimination 

Discrimination refers to the ability of a prediction model to correctly distinguish those who 

will develop an event from those who will not. We quantified this by calculating the Harrell’s 

C-statistic (16), which represents the probability of concordance amongst all pairs of subjects 

in which at least one had an event. Concordance refers to 2 subjects’ predicted probabilities 

of survival and survival times going in the same direction, e.g. the person who has higher 

predicted probability of survival also survives longer in reality. 
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Calibration 

Calibration describes how closely the predicted probabilities agree with observed outcomes. 

We used two χ2 statistics to evaluate calibration. The first method was proposed by 

D'Agostino and Nam (17), which compared the predicted and observed probabilities by 

deciles based on the predicted risk. Plots were constructed showing predicted and actual 

probabilities of CVD events in each decile. A χ2 statistic exceeding 20 was used to indicate a 

significant lack of calibration (P<0.01) (8). The second method used the χ2 statistics with 

cross-classified categories proposed by Cook (18), in which a reclassification table was built 

to divide participants into different risk categories based on predictions from both original 

and recalibrated Framingham models. The observed and predicted probabilities were 

compared for all cells with at least 20 individuals (18).  

To investigate the validity of the recalibrated model, the repeat data-splitting (cross 

validation) method were used for internal validation. This method has been viewed as a 

powerful tool for internal validation when external validation is not feasible. The original 

sample was randomly divided into 5 samples; the recalibration was conducted on all sets of 4 

of these samples, and the resulting five recalibrated models were used to estimate the risk in 

the 5th omitted sample (i.e. those individuals not used in the model development).  The C-

statistic and Nam-D’Agostino chi-square were computed on the estimated results. This data-

splitting procedure was repeated 200 times to obtain stable results. 

All statistical analyses were performed in Stata version 13.1(StataCorp LP, College Station, 

TX, USA). 

CVD risk chart 
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A 5-year CVD risk chart for the Australian Indigenous population was generated based on the 

recalibrated 2008 Framingham model. To keep the chart simple and comparable to the 

existing Australian CVD charts (19) we retained stratification by the total cholesterol: HDL 

ratio. This was achieved by fixing HDL at 1.2 mmol/L, the average level in this sample. We 

varied the HDL level by ±0.6 mmol/L (covering the maxim values of HDL in the study 

cohort) to test its effect on the predicted risk levels in a sensitivity analysis. 

4.3  Results 

The study cohort consisted of 1448 people from the WPHC cohort (see flowchart in the 

supplementary materials). Baseline risk factors of this cohort are provided in Table 1. 

Compared to the cohort used to estimate the 2008 Framingham model (7), our study cohort is 

slightly younger and has a higher proportion of smokers and diabetes patients at baseline. The 

10-year baseline survival rates in the study cohort is much lower compared to the 

Framingham cohort (Table 1). 

The 1448 people contributed 15,221 person-years of follow-up in total, with a mean and 

maximal follow-up time of 10.5 and 16.4 years, respectively. 369 (25.5%) people developed 

at least one CVD event during the follow-up. The 5- and 10-year probabilities of CVD events 

were 10.0% (95% CI: 8.5-11.7) and 18.7% (95% CI: 16.7-21.0), respectively (Table 2). 

The overall predicted 5-year CVD risk using the 1991 Framingham model was 6.8% (95% 

CI: 6.4-7.2). The predicted 10-year risk was 14.2% (95% CI: 13.5-14.8) and 12.0% (95% CI: 

11.4-12.6) using the 1991 and 2008 Framingham models, respectively. All predictions 

significantly underestimated the observed CVD probabilities in the WPHC cohort by around 

a third, with differences being 3.2% (95% CI: 1.9-4.5) for 5-year risk and 4.5% (95% CI: 2.9-

6.3) to 6.7% (95% CI: 5.0-8.5) for 10-year risk. Sensitivity analyses which estimated 
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predicted risk by adjusting the prevalence of ECG-LVH or hypertension produced similar 

results and were reported in supplementary materials.  

After baseline risk recalibration, 5-year total and age- sex-specific predicted risks were 

similar to the observed results (Table 2). The predicted 10-year probability of CVD events 

using the recalibrated model was higher than the observed risk, mainly because of 

overestimation in the 55-74 year age group (Table 2). Compared to the predictions from the 

original 1991 Framingham model, after recalibration 165/1096 people in the low 5-year CVD 

risk (<10%) category and 146/186 people in the moderated 5-year CVD risk (10%-15%) 

category moved to a higher risk category; the predicted number of people with high 5-year 

CVD risk (>15%) almost doubled from 166 to 322 in the cohort (P<0.001). The probabilities 

of CVD events using the imputed data was similar and reported in supplementary materials.  

Table 3 contains the C-statistics and χ2 estimates for different models. The C-statistics were 

between 0.668 and 0.674, with no significant differences. We found a significant lack of 

calibration (P<0.001) for the original (5- and 10-year) and recalibrated (10-year) Framingham 

risk estimations. The recalibrated 5-year risk prediction showed improvement on calibration 

(Nam-D’Agostino χ2=18.48, p=0.03, Cook χ2 =11.82, p=0.07). Figure 1 compares predicted 

risks using the 2008 Framingham model and actual risks of CVD events for each decile of 

predicted risk. The original model (Figure 1A) shows poor calibration between estimated and 

observed risk in all deciles, except for the last decile. This was greatly improved after 

recalibration (Figure 1B); however, for the recalibrated 10-year risk large differences are still 

evident between the estimated and observed risks in the last decile. The performance of the 

recalibrated model on 5-year risk prediction did not change after internal validation, with a C-

statistic of 0.678 (95% CI: 0.616-0.728) and Nam-D’Agostino χ2 of 14.4 (95% CI: 10.0-

20.9). 
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Based on the recalibrated 2008 Framingham model, a 5-year absolute CVD risk chart was 

built for the Australian Indigenous population (Figure 2). Predictions for people aged 

between 30 and 34 years were included because of the high CVD risk levels for certain 

populations in this age range (e.g. smokers with diabetes). A sensitivity analysis (reported in 

the supplementary material) showed that varying HDL levels by ±0.6 mmol/L produced only 

a small change of risk scores that would have a minimal impact on the classification of 

standard risk charts. 

4.4  Discussion 

The 1991 and 2008 Framingham CVD models substantially underestimated the absolute 

CVD risk in the Australian Indigenous cohort used in our study. Both models showed a lack 

of calibration to the observed CVD probabilities. Using the baseline risk from our study 

population we recalibrated the 5-year CVD risk to a level considered acceptable by the 

developers of the Framingham model (8). The recalibrated equation was used to calculate the 

first CVD risk chart based on empirical validation using long-term follow-up data from an 

Indigenous Australian population. 

The high CVD risk among Indigenous people presented in this study is not unique in 

Australia. The Strong Heart Study found that CHD rates in American Indians exceed rates in 

other US population and may more often be fatal (20). A study in Canada found that 

Aboriginal people had a significantly higher frequency of CVD compared with Europeans 

(18.5% vs 7.6%) (21). Although a variety of CVD risk models are available, few have been 

based on or calibrated using Indigenous-specific observed data. In the Strong Heart Study, 

both recalibration of the Framingham model and development of specific risk equation for 

the American Indians have been conducted to help better stratify the CHD risk in this 

population (8,22). As far as we are aware there is no similar study for Indigenous Australians. 
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So, instead of trying more CVD risk models which were built based on other populations, we 

feel it is important to generate/recalibrate a prediction tool based on Indigenous Australian 

data. We hope this study represents a first step to producing a more accurate estimate of CVD 

risk for Indigenous Australians.  

Implications 

There is an important practical application of this research, as a previous study on CVD risk 

identification and management in Indigenous Australians showed that more than half of this 

population were not screened for CVD as recommended in national guidelines for 

cardiovascular risk management (23).  Current guidelines for remote health services in 

Indigenous communities use a CVD Risk Assessment tool which is an adaptation of the 

general Australian CVD charts based on the 1991 Framingham model (19), with a 5% 

upwards adjustment and additional estimates for a younger cohort aged 20-44 (24). In this 

study we provide a risk chart derived from the recalibrated Framingham model based on the 

actual risk observed in a remote Indigenous population and so provides evidence that enables 

prediction of risk to be refined.  

The more accurate calculation of CVD risk will enable better identification for Indigenous 

Australians in primary prevention. However, the assessment of CVD risk is just one 

component of a wide range of strategies to improve Indigenous health and thereby achieve 

the Council of Australian Governments’ target on closing the gap in life expectancy (25). To 

tackle the large numbers of high CVD risk patients more resources are required. This will 

need co-ordination with a range of primary care and allied health practitioners. Key to this 

will be the development of early risk intervention teams as well as broader community 
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strategies such as improving infrastructure to promote healthy behaviours in Indigenous 

communities.  

Future studies 

After baseline calibration, there was no significant difference between the predicted and the 

observed 5-year CVD risks. However, overestimation occurred when using the recalibrated 

10-year prediction model, mainly because of overestimation in the older age group. Hence we 

produced 5-year absolute CVD risk charts only. Unlike most guidelines in other countries 

that dictate therapeutic intervention strategies be based on 10-year CVD risk predictions (26), 

currently Australian guidelines for primary prevention of cardiovascular disease are based on 

5-year CVD risk predictions. We believe the 5-year risk charts produced in this study can 

provide a reference to identify Indigenous Australian with high CVD risk. However, future 

research should focus on generating more accurate predictions for 10-year CVD risk, so 

clinical decisions can be made based on both short term and long term risk predictions. 

According to the data released by the Australian Bureau of Statistics, it was estimated that in 

2011 there were 669,900 Indigenous people in Australia, accounting for 3% of the total 

Australian population; the largest population of Indigenous Australians lived in New South 

Wales (31.1%) and Queensland (28.2%); 34.8% of all Indigenous Australians lived in major 

cities of Australia, 43.8% people lived in inner or outer regional Australia and 21.4% lived in 

remote Australia (27). Based on the Australian Aboriginal and Torres Strait Islander Health 

Survey in 2013, there was no significant difference on various health conditions and risk 

factors for Indigenous people across different states/territories in Australia (28). While the 

study used a cohort from North Queensland, our results are consistent with a previous study 

that used an Indigenous cohort from remote regions of central Australia that also showed the 
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Framingham model underestimated CHD rates (13). Currently there is no corresponding 

study available on the CVD risk of Indigenous Australians in non-remote areas and so further 

external validation of our recalibrated model is required to determine the clinical utility of 

these risk charts in other Indigenous populations.  

After adjustment of the baseline risk of the Framingham model in this study, calibration of 

the model largely improved but discrimination had no significant change. Previous studies 

have showed that other risk factors like urinary albumin creatinine ratio, waist circumference 

and triglycerides also contributed to the development of CVD in a population with a high 

prevalence of diabetes (22, 29-30). Social determinants like education have also been 

reported as relevant to CVD risks (31, 32). Another possible risk factor is rheumatic heart 

disease, which can increase the risk for certain types of CVD (heart failure and stroke) and 

has high prevalence and mortality rate among Australian Indigenous people (33, 34). This 

suggests that further recalibration which includes other predictors of CVD risk or the 

development of a new model specifically for the Australian Indigenous population which 

incorporates these risk factors should be a research priority. It would also be interesting to 

look at the population attributed risk for each of the traditional and new risk factors in the 

Indigenous population, which would provide evidence to promote more targeted strategies to 

reduce CVD risks. 

As in most of the original Framingham models which predict a relatively short / medium term 

(≤10 year) risk of CVD, competing risk of non-CVD death was not corrected in this study. 

Competing risk has been acknowledged as an important issue to consider for elderly 

population or when the follow-up period is very long. It is worth to be considered in future 

risk prediction studies when longer follow-up on this cohort is available. 
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Strengths and limitations 

Strengths of the present study include the use of relatively large baseline sample, long follow-

up and objective measures (rather than self-reported) of baseline risk factors. There are also 

some limitations of our study. The participants of this study were from remote Indigenous 

communities in Far North Queensland who volunteered to participate in a population 

screening program. The mode of recruitment may have influenced the representativeness of 

the sample, which would impact on generalizability if other factors not contained in the 

Framingham models influences risk (e.g. body mass index) and differs between the sample 

and the population. External validation on our recalibrated Framingham model should be 

conducted in future studies involving other Indigenous populations (e.g. Indigenous 

Australians living in urban areas). Second, parametric uncertainty was not considered in this 

study when comparing observed and predicted CVD probabilities, as no variance-covariance 

matrices were reported for the original Framingham CVD models (35).  

Conclusion 

In conclusion, we found that both the 1991 and 2008 Framingham model underestimated the 

CVD risk in the Australian Indigenous population by about a third on average. A recalibrated 

equation was used to calculate the first risk chart based on empirical validation using long-

term follow-up data from remote Indigenous communities in Far North Queensland. 
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Table 1 Baseline risk factors and survival rates for people 30-75 years old in the Framingham 
(D’Agostino 2008) and WPHC Indigenous cohort 

 Framingham* WPHC cohort (30-75) † 

Risk factors 

Women 

n=4522 

Men 

n=3969 

Women 

n=748 

Men 

n=700 

Age, mean (SD), y 49.1 (11.1) 48.5 (10.8) 45.2 (11.6) 44.9 (11.0) 

Total-C, mean (SD), mmol/L 5.6 (1.1) 5.5 (1.0) 5.0 (1.0) 5.3 (1.1) 

HDL-C, mean (SD), mmol/L 1.5 (0.4) 1.2 (0.3) 1.1 (0.3) 1.2 (0.3) 

Systolic BP, mean (SD), mm Hg 125.8 (20.0) 129.7 (17.6) 133.0 (21.7) 136.8 (17.9) 

Smoking, n (%) 1548 (34.2)  1398 (35.2) 352 (47.1) 442 (63.1) 

Diabetes, n (%) 170 (3.8) 258 (6.5) 187 (25.0) 134 (19.1) 

Baseline 5-year survival rate NA NA 0.931 0.916 

Baseline 10-year survival rate 0.950 0.889 0.846 0.811 

WPHC, Well Person’s Health Check; SD, standard deviation; Total-C, total cholesterol; HDL-C, 
high-density lipoprotein cholesterol; BP, blood pressure; NA, not applicable. 

* Adapted from data in D’Agostino 2008 

† The WPHC values were used for recalibration of the 2008 Framingham model 
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Table 2 Five-year and 10-year probability of CVD events in the WPHC indigenous sample, 
observed and predicted probabilities using three different Framingham models 

  Sample 
size, n 

Observed 
probability,  
% (95% CI)  

Predicted probability, % (95% CI) 

  

Framingham 
1991 

Framingham 
2008 

Recalibrated 
Framingham 
2008 

5-year risk           
Total  1448 10.0 (8.5-11.7) 6.8 (6.4-7.2) NA* 10.4 (9.9-10.9) 

Gender      
Female 748 9.2 (7.3-11.6) 5.7 (5.2-6.2) NA* 9.6 (8.9-10.3) 

Male 700 10.8 (8.7-13.4) 8.0 (7.4-8.5) NA* 11.3 (10.5-12.1) 
Age group      

30-34 301 3.5 (1.9-6.5) 1.3 (1.2-1.5) NA* 2.8 (2.6-3.1) 
35-44 486 3.9 (2.5-6.2) 3.8 (3.4-4.1) NA* 6.2 (5.8-6.6) 
45-54 354 13.5 (10.3-17.6) 8.0 (7.5-8.6) NA* 11.9 (11.1-12.7) 
55-74 307 21.7 (17.4-26.8) 15.5 (14.5-16.5) NA* 22.7 (21.2-24.2) 

10-year risk           
Total  1448 18.7 (16.7-21.0) 14.2 (13.5-14.8) 12.0 (11.4-12.6) 21.2 (20.3-22.1) 

Gender      
Female 748 17.3 (14.7-20.5) 12.2 (11.3-13.0) 8.9 (8.2-9.5) 19.6 (18.3-20.8) 

Male 700 20.2 (17.2-23.6) 16.3 (15.3-17.3) 15.4 (14.3-16.4) 22.9 (21.5-24.3) 
Age group      

30-34 301 8.1 (5.4-12.2) 3.5 (3.2-3.9) 3.3 (3.0-3.6) 6.5 (6.0-7.0) 
35-44 486 12.0 (9.2-15.5) 8.9 (8.3-9.5) 7.3 (6.8-7.8) 13.7 (12.8-14.5) 
45-54 354 24.5 (20.1-29.6) 17.2 (16.2-18.2) 14.1 (13.1-15.1) 25.0 (23.6-26.5) 
55-74 307 32.8 (27.6-38.7) 29.5 (28.0-31.0) 25.6 (23.9-27.4) 43.1 (40.9-45.3) 

CVD, cardiovascular disease; WPHC, Well Person’s Health Check; NA, not applicable 

* The baseline 5-year survival rate was not reported in the D’Agostino 2008 study. Therefore, we 
were unable to calculate 5-year risk using the original Framingham 2008 model 
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Table 3 Performance of the original and recalibrated Framingham models in predicting 5-year 
and 10-year CVD events 

  Original Framingham Recalibrated  
Framingham 2008   1991 2008 

5-year risk     
Discrimination     

C 0.671 NA† 0.674 
95 % CI of C (0.643-0.699) NA† (0.646-0.702) 

Calibration 
Nam-D’Agostino χ2 (9) 85.44 NA† 18.48 

P value for Nam-D’Agostino χ2  <0.001*** NA† 0.03* 
Cook χ2 (6) 43.84 NA† 11.82 

P value for Cook χ2 <0.001*** NA† 0.07* 
10-year risk     
Discrimination     

C 0.671 0.668 0.674 
95 % CI of C (0.643-0.699) (0.640-0.696) (0.646-0.702) 

Calibration  
Nam-D’Agostino χ2 (9) 82.56  134.67  51.09  

P value for Nam-D’Agostino χ2  <0.001*** <0.001*** <0.001*** 
Cook χ2 (6) 65.91 116.13 34.65 

P value for Cook χ2 <0.001*** <0.001*** <0.001*** 
CVD, cardiovascular disease; C, C-statistics; CI, confidence interval; NA, not applicable. 

† The baseline 5-year survival rate was not reported in the D’Agostino 2008 study. Therefore, we 
were unable to calculate 5-year risk using the original Framingham 2008 model 
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Horizontal-axes refer to decile of predicted risk based on the 2008 Framingham CVD model; vertical-axes refer to observed and model-based predicted 
probabilities of CVD event. 

Figure 1 Calibration by decile for CVD risk of the original and recalibrated 2008 Framingham model. 
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Figure 2 Five-year cardiovascular risk charts based on the recalibrated Framingham model. 

*This chart is based on 2008 Framingham model that has been recalibrated using information on 
Aboriginal and Torres Strait Islander participants from the Well Persons Health Check study which 
recruited people from 26 remote communities from Far North Queensland. It has not been validated 
for use in other Indigenous populations. †For people under treatment for high blood pressure, 5% 
should be added to the risk on the chart.    
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Supplementary material 1: Information collected in the Well Person’s Health Check  

The WPHC was a cross-sectional survey conducted in 26 rural and remote Indigenous 

communities in the Bowen, Cairns, Cape York, Torres Strait and Mount Isa Health Service 

Districts in north Queensland between March 1998 and December 2000. The information 

collected in the WPHC screening including: 

Demography: Participants provided their full name, date of birth, residential address, and 

self-identified as Indigenous or non-Indigenous. 

Anthropometry: Participants were weighted and measured for height, waist and hip 

circumference.  

Blood pressure: Blood pressure was measured using a Dinamap model 800 automated blood 

pressure monitor. Three separate measurements were recorded over approximately a 10-

minute period. 

Interview questions: Participants were assisted to recall food eaten in the 24 hours prior to the 

screen, and the number of serves of fruit and vegetables was recorded. Physical activity was 

measured using a seven day recall method. Participants were asked if they had diabetes 

diagnosed by a doctor, chronic heart, lung or kidney conditions, and the year in which these 

conditions were diagnosed. All participants were asked if they were taking vitamin 

supplements, any medication and whether they had symptoms indicative sexually transmitted 

infections. Tobacco smoking and alcohol consumption information were asked. 

Specimen collection and analysis: Fasting venous blood samples were collected. The 

following biochemical measurements were made: triglycerides, total cholesterol, high density 

lipoprotein cholesterol, low density lipoprotein, gamma-glutamyl transferase, red cell folate, 
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fasting glucose and rapid plasma regain. Participants were asked to provide urine sample. A 

range of testing were conducted using the sample, including protein, pH, leucocytes, albumin 

creatinine ration, etc. 

More information about the WPHC could be found in the paper: 

Leonard D, McDermott R, Miller G, Muller R, McCulloch B, Arabena K. The Well Person's 

Health Check: a population screening program in indigenous communities in north 

Queensland. Australian Health Review. 2002;25(6):136. 
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Supplementary material 2: ICD and procedure codes used to identify CVD events 

• CHD, including  

MI 

angina pectoris                         

coronary insufficiency  

CHD death           → death of cause          

 

• Stroke    → 

 

 

 
• Congestive heart failure             

→  
 

 

• Peripheral vascular disease       
→  
 
 

 

 

Procedure codes for CVD    
→ 

 

 

*ICD 9 codes were used for diagnosis in 1998 and part of diagnosis in 1999 in the dataset, so 

we have used both ICD version 9 and 10 to identify CVD events. 

icd9: 4100-4149 (except 4110)    
icd10: I200-I259 (except I241) 

 

icd9: 4330-4359, 4370  
icd10: G450-G468 (except G454) 
            I600-I672 (except I620-I629, I671) 
 
 

icd9: 4280-4289 
icd10: I500-I509 
            I110, I130, I132 
 

icd9: 4400-4417 (except 4412, 4414, 4416) 
          4439, 4440-4449 
icd10: I700-I718 (except I712, I714, I716) 
            I739-I749 
 
 

icd9: 3600-3699 
icd10: 3270000-3271801, 3273000-3275701, 3276300-3276303,  
3276305- 3276314, 3276316-3276319, 3305000-3305500, 3307500-
3310000, 3311200 -3313000, 3315100-3316300, 3317800-3355400, 
3530306-3530501, 3530906 -3531501, 3845619, 3849700-3850900, 
3863700, 9020100-9020103 
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Supplementary material 3: An example of using the recalibrated 2008 Framingham CVD 

model 

 
Table S1 Regression coefficients in the Framingham study 

 Women Men 

Log of age 2.32888 3.06117 

Log of total cholesterol 1.20904 1.12370 

Log of HDL -0.70833 -0.93263 

Log of SBP if not treated* 2.76157 1.93303 

Log of SBP if treated 2.82263 1.99881 

Smoking 0.52873 0.65451 

Diabetes 0.69154 0.57367 

SBP, systolic blood pressure  
*High blood pressure treated rate in the Framingham cohort is 0.1176 and 0.1013 for women and men 
respectively.  

 

For a 50-year-old Indigenous woman who is not treated for high blood pressure, with total 

cholesterol of 4.65 mmol/L (180 mg/dL), HDL of 1.16 mmol/L (45 mg/dL), systolic blood 

pressure of 140 mm Hg, who is a current smoker and has no diabetes, the calculation of 5-

year absolute CVD risk based on the recalibrated 2008 Framingham equation is: 

∑βiXi=2.32888*log(50) + 1.20904*log(180) - 0.70833*log(45) + 2.76157*log(140) + 

2.82263*0 + 0.52873*1 + 0.69154*0 = 26.8682 

∑βiMi=2.32888*log(45.2) + 1.20904*log(194.0) - 0.70833*log(44.0) + 

2.76157*log(133.0)*(1-0.1176)  + 2.82263*log(133.0)*0.1176 + 0.52873*0.471 + 

0.69154*0.250 = 26.5263 

P=1-0.931^exp(26.8682-26.5263) ≈ 9.6% 
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Supplementary material 4: Flow chart of the sample selection process and final sample 

used to validate and recalibrate the Framingham models  

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3508 people  
in the WPHC study 

1705 people  

-560 non-Indigenous; 
-1243 younger than 30 years 
old or older than 75 

1684 people  

1583 people  

-101 people with previous CVD 
events 

-21 (1.2%) duplicates from 
probabilistic linkage 

1448 people  

-135 (8.5%) people with missing 
baseline risks 
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Supplementary material 5: Sensitivity analysis on the probability of CVD events 

ECG-LVH: 

The prevalence of ECG-LVH is 1% in the Framingham cohort. If we presume the prevalence 

in our sample is 10 times greater than in the Framingham cohort, the Framingham 1991 

model predicted 5-year and 10-year CVD risk would be 7.1% (95% CI: 6.7-7.5) and 14.8% 

(95% CI: 14.1-15.4) respectively. This is slightly higher compared to the results in main 

results (6.8% and 14.2%) but still significantly underestimated compared to the observed 

probability of CVD in the WPHC cohort. 

Hypertension treatment: 

The prevalence of hypertension treatment is 11.76% for women and 10.13% for men in the 

Framingham cohort. If we presume all people in our cohort were treated for hypertension, the 

Framingham 2008 model predicted 10-year CVD risk would be 12.1% (95% CI: 11.4-12.7), 

which is similar to the result in main text (12.0%) and still significantly underestimated 

compared to the observed probability of CVD in the WPHC cohort. 

Multiple imputation: 

Results with multiple imputation are similar to the ones in the main text: 
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Table S2 Five-year and 10-year probability of CVD events in the WPHC indigenous sample, 
with multiple imputation 

  Sample 
size, n 

Observed 
probability,  
% (95% CI)  

Predicted probability, % (95% CI) 

  
Framingham 
1991 

Framingham 
2008 

Recalibrated 
Framingham 2008 

5-year risk           
Total  1583 9.4 (8.0-11.0) 6.7 (6.4-7.1) NA* 10.4 (9.9-10.9) 

Gender      
Female 822 8.7 (7.0-10.9) 5.7 (5.2-6.1) NA* 9.6 (8.9-10.3) 

Male 761 10.1 (8.1-12.5) 7.8 (7.3-8.4) NA* 11.3 (10.5-12.1) 
Age group      

30-34 327 3.2 (1.8-5.9) 1.3 (1.8-5.9) NA* 2.9 (2.7-3.1) 
35-44 541 3.7 (2.4-5.8) 3.7 (3.4-4.0) NA* 6.2 (5.8-6.6) 
45-54 377 13.0 (9.9-16.9) 7.9 (7.3-8.5) NA* 11.8 (11.1-12.6) 
55-74 338 20.3 (16.3-25.1) 15.4 (14.5-16.4) NA* 22.9 (21.4-24.3) 

10-year risk         
Total  1583 17.7 (15.8-19.8) 14.0 (13.4-14.7) 11.9 (11.3-12.5) 21.2 (20.3-22.1) 

Gender      
Female 822 16.7 (14.1-19.6) 12.1 (11.3-12.9) 8.8 (8.2-9.5) 19.6 (18.4-20.8) 

Male 761 18.9 (16.1-22.0) 16.1 (15.1-17.1) 15.2 (14.2-16.2) 22.9 (21.6-24.3) 
Age group      

30-34 327 7.8 (5.2-11.7) 3.6 (3.2-4.0) 3.3 (3.1-3.6) 6.6 (6.1-7.1) 
35-44 541 11.3 (8.7-14.6) 8.7 (8.2-9.3) 7.2 (6.7-7.7) 13.6 (12.8-14.4) 
45-54 377 23.7 (19.5-28.6)  17.0 (16.0-17.9) 13.9 (12.9-14.8) 24.9 (23.5-26.3) 
55-74 338 30.9 (26.0-36.4) 29.4(27.9-30.8) 25.5 (23.8-27.2) 43.3 (41.2-45.4) 
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Supplementary material 6: Recalibrated 5-year risk scores under different HDL levels  

Using the recalibrated 2008 Framingham CVD model, the 5-year CVD risk of an “average” 

male or female (with risk factors equal to those reported in Table 1, total cholesterol 5 times 

of HDL level) can be found in Table S3. 

Table S3 Recalibrated risk score of an average person using different HDL levels 

HDL, 
mg/dL 

Risk score for 
females 

Difference from 
HDL of 45 mg/dL, 

females 

Risk score for  
males 

Difference from 
HDL of 45 mg/dL, 

males 
20 6.2% -2.9% 7.3% -1.2% 
25 6.9% -2.2% 7.7% -0.8% 
30 7.5% -1.6% 7.9% -0.6% 
35 8.1% -1.0% 8.1% -0.4% 
40 8.6% -0.5% 8.3% -0.2% 
45 9.1% 0.0% 8.5% 0.0% 
50 9.6% 0.5% 8.7% 0.2% 
55 10.0% 0.9% 8.8% 0.3% 
60 10.4% 1.3% 9.0% 0.5% 
65 10.8% 1.7% 9.1% 0.6% 
70 11.2% 2.1% 9.2% 0.7% 

   

We used the fixed HDL level of 45 mg/dL (1.2mmol/L) to build the Indigenous CVD chart. 

By varying HDL levels by ± 25 mg/dL (0.6 mmol/L), the change in risk score ranged from -

2.9% to 2.1%, and -1.2% to 0.7% for females and males respectively, which would have a 

minimal impact on the risk classifications for the chart. 
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Chapter 5 Do self-rated scores health predict risk of 

all-cause mortality the same in patients with type 2 

diabetes across different countries of the world?  

 

Under review  

 

 

Abstract  

Objective: To explore whether there is a different strength of association between self-rated 

health (SRH) and all-cause mortality in type 2 diabetes patients across three country 

groupings (Established Market Economies (EMEs), Asia, Eastern Europe).  

Study Design and Setting: The ADVANCE trial and its post-trial follow-up were used in this 

study, which included 11,140 type 2 diabetes patients from 20 countries with a median 

follow-up of 9.9 years. SRH were reported on a 0-100 visual analogue scale (VAS). Cox 

proportional hazard models were fitted to estimate the relationship between SRH and all-

cause mortality controlling for a range of demographic and clinical risk factors. Interaction 

terms were used to assess whether the association between SRH and mortality varied across 

country groupings.  

Results：The VAS score has different strength of association with mortality in the three 

country groupings. A 10-point increase was associated with a 15% (95% CI 12-18) lower risk 

on mortality in EMEs, a 25% (95% CI 21-28) lower risk on mortality in Asia, and a 8% (95% 

CI 3-13) lower risk on mortality in Eastern Europe.  
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Conclusions：SRH appears to predict 10-year all-cause mortality for type 2 diabetes patients 

worldwide, with a different strength of association across countries. 

5.1  Introduction 

Self-rated health (SRH) is a measure that reflects a person’s perception of his or her own 

health. The simplest way to measure SRH is through a single question asking patients to rate 

their overall health on a scale from excellent to very poor. SRH is widely used in clinical 

settings since it is a convenient tool that sensitive to the patient’s perspective, which provides 

valuable information alongside other more specific objective health measures. 

Previous studies have consistently shown that SRH is an independent predictor for mortality, 

even after controlling for other objective health measures(1-4). Thus, SRH is recommended 

to be used as a routine indicator in clinical practice and risk assessment(5, 6) as well as a 

complementary outcome variable in clinical trials(7, 8). 

SRH has been viewed as an important measure for patients with diabetes(9). The association 

between SRH and mortality has also been reported in diabetes patients(10-12). Not only has 

this been demonstrated for SRH categories (e.g. “poor” health), but also when health is 

measured on a 0-100 Visual Analog Scale (VAS) with a 10-point movement having been 

shown to be associated with 22% reduction in diabetes complications(13). The VAS score is 

widely collected amongst people with diabetes, as it forms a component of the quality 

assessment instrument EuroQol-5D (EQ-5D) which is routinely administered as part of many 

large multinational diabetes randomised controlled trials, including the Fenofibrate 

Intervention and Event Lowering in Diabetes (FIELD) trial (13), the Action in Diabetes and 

Vascular Disease: Preterax and Diamicron Modified Release Controlled Evaluation 

(ADVANCE) trial (14), the Saxagliptin Assessment of Vascular Outcomes Recorded in 



Chapter 5 

97 
 

Patients with Diabetes Mellitus (SAVOR)-TIMI 53 trial (15),  the Liraglutide Effect and 

Action in Diabetes: Evaluation of cardiovascular outcome Results (LEADER) trial(16), and 

the EXenatide Study of Cardiovascular Event Lowering (EXSCEL) trial(17).  While VAS 

information is collected, it is often not routinely reported or analysed, despite being a 

potentially useful risk predictor in diabetes patients. 

Some previous studies have shown substantial variation across countries and regions in 

reporting on SRH, which cannot be fully explained by differences in clinical risk factors and 

other patient characteristics(18-20). It was found in one study that for type 2 diabetes 

patients, people in Asia were less likely to report problems when measuring health-related 

quality of life using the EQ-5D(20). However, it is less clear how the reporting differences 

impact on the relationship between SRH (including the VAS) and mortality when compared 

across different countries of the world.  

In this study, we used the ADVANCE trial and ADVANCE Observation Study (ADVANCE-

ON), its post-trial follow-up to examine the association between SRH, administered using the 

VAS, and all-cause mortality for type 2 diabetes patients across different country groupings.  

5.2  Research Design and Methods 

5.2.1  Data source 

The ADVANCE trial (clinical trial reg. no. NCT00145925, clinicaltrials.gov) was a double-

blind randomized controlled trial (RCT) conducted by 215 collaborating centres in 20 

countries between July 2001 and January 2008, involving 11 140 patients with type 2 

diabetes mellitus (21). Participants were eligible for the study if they had type 2 diabetes 

diagnosed at 30 years of age or older, were 55 years of age or older at entry to the study, and 

had at least one additional risk factor for cardiovascular disease. Patients were randomized 



Chapter 5 

98 
 

both to either intensive blood pressure lowering or placebo and to either intensive glucose 

control or usual care, in a two-by-two factorial design. The study outcomes consisted of 

macrovascular events, microvascular events and all-cause mortality. Details of the design of 

the ADVANCE trial have been published previously(21). ADVANCE-ON was a follow-up 

study that continued observation of patients whom were alive after their randomized therapies 

ceased(22). Post-trial follow-up was obtained from 8849 (84%) patients out of a possible total 

of 10 082 participants alive when the trial finished from the sites that were not closed during 

the trial. Patients were censored at their last know alive date. This gave a median follow-up of 

9.9 years in total (in-trial plus post-trial).  

In this study, analysis was based on all participants in the ADVANCE trial, regardless of 

treatment assignment. A range of patient characteristic and clinical risk factors were obtained 

from the ADVANCE trial, including age, gender, duration of diabetes, years of education, 

glycated haemoglobin (HbA1c), systolic blood pressure, body mass index (BMI), total 

cholesterol, high-density lipoprotein (HDL) cholesterol, smoking and drinking status, history 

of major macrovascular or microvascular events, and whether in the glucose or blood 

pressure treatment group. Clinical risk factors (HbA1c, blood pressure, lipids) were collected 

at week 2 after randomization, then at months 1, 2, 3, 4 and 6 and every 3 months thereafter 

in the treatment group; and at 3, 4, and 6 months after randomization and every 6 months 

thereafter in the control group(21). Patient-reported health status was measured using 

EuroQol VAS(23), a questionnaire based thermometer- like scale with zero representing the 

worst and 100 the best imaginable health state. Patients were asked to drawing a line on the 

scale to indicate “how good or bad your health state is today”(23). VAS was administered on 

4 occasions in the ADVANCE trial: at baseline, at 24-month and 48-month visits, and on the 

final visit, occurring on average five years after randomization. Six patients out of 11 140 
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who didn’t report a VAS value at baseline were dropped from the analysis. The outcome 

interested in this study was all-cause mortality.  

As in previous analyses based on ADVANCE(20, 24), the primary comparison in this study 

was between 3 groupings of countries based on geography and economic development: Asia, 

comprising China, India, Malaysia, and the Philippines; Eastern Europe, comprising Czech 

Republic, Estonia, Hungary, Lithuania, Poland, Russia, and Slovakia; and Established Market 

Economies (EMEs), comprising Australia, Canada, France, Germany, Ireland, Italy, The 

Netherlands, New Zealand, and the United Kingdom. This classification was made according 

to a standard definition which were based on advice of the WHO regional officers and 

applied a combination of criteria including geographical proximity, ethnic, and 

socioeconomic similarities(25). 

5.2.2  Statistical analysis 

We first used linear regression to estimate country grouping’s effect on VAS score reporting. 

A multiple linear regression model for the VAS score was fitted to control for country 

groupings and a wide range of patient characteristics and clinical risk factors. To allow for 

correlations among repeated measures in the same individuals, we clustered the regression on 

patients to get the cluster-robust standard errors for coefficients. To capture possible declines 

in health at the end of life not explained by other covariates, we included an indicator 

variable for patients dying within 90 days after the VAS survey. 

We next analysed the association between VAS score and all-cause mortality. The 

cumulative incidence of all-cause mortality for people reporting different levels of VAS score 

were plotted with VAS score split into low and high two levels based on the median value 

reported at baseline. We applied Cox proportional hazard (PH) models to examine the 
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association between a 10-point change on VAS score and all-cause mortality after controlling 

for other risk factors (age, sex, duration of diabetes, education, HbA1c, systolic blood 

pressure, BMI, total cholesterol/HDL, smoking, drinking, history of major macrovascular or 

microvascular events, treatment groups). The linearity assumption of the VAS score was 

checked and confirmed with a smooth Martingale residuals plot. The PH assumption for all 

predictors was examined using Schoenfeld residuals. History of major macrovascular or 

microvascular events did not fit the PH assumption, so was used as a stratification factor in 

the survival analysis. The no-interaction assumption (between the stratification factor and 

other variables) was examined using a likelihood ratio test before stratification(26). All 

variables in the regressions were time varying based on the records in the ADVANCE trial. 

Adjusted hazard ratios (HR) and 95% confidence intervals (CI) were estimated. Relative risk 

reduction was computed as (1-HR)*100. To evaluate whether the VAS score has different 

strength of association with mortality across countries, we included interaction terms between 

VAS score and country groupings into the regression and  performed Wald test to investigate 

homogeneity of HRs for the interaction terms. 

We further standardised the VAS score based on each country grouping’s mean value and 

standard deviation (SD). The standardized VAS score was then used in the above Cox 

regression instead of the origin score to remove the potential effect of different distributions 

of the VAS score on its cross-country association with mortality.  

Five-year survival probabilities for people from different country groupings and with 

different VAS scores were predicted based on the estimated Cox regression.  Other risk 

factors were fixed at their mean levels in the sample to represent a general population. To 

compare the strength of association between VAS score and mortality with other risk factors, 

five-year survival probabilities for cigarette (and pipe) smoking were also estimated for each 
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country grouping (with VAS score and other risk factors fixed at their mean level). 95% CI of 

five-year survival probabilities were estimated through bootstrapping for 1000 times. 

All analyses were conducted using Stata 14.1 (StataCorp LP, College Station, TX, USA). 

5.3  Results 

The characteristics of people from EMEs (n=4862), Asia (n=4136) and Eastern Europe 

(n=2142) in the ADVANCE sample have been reported previously(24), with the exception of 

years of education. The mean education years in these three country groupings were 17.8 (SD 

7.3), 18.3 (SD 7.5) and 20.2 (SD 6.5), respectively. The average VAS score reported at 

baseline was 76.4 (SD 15.6), with the highest score reported in Asia (mean 79.9, SD 13.5), 

lowest reported in Eastern Europe (mean 67.7, SD 16.2), and EMEs in between (mean 77.3, 

SD 15.6). After controlling for age, gender, previous vascular events and a range of clinical 

risk factors, country grouping remained as an independent factor associated with VAS score 

reporting. Compared to people in EMEs, people in Asia on average reported 3.0 (95% CI: 

2.4-3.6) points higher on VAS score, while people in Eastern Europe on average reported 9.0 

(95% CI: 8.3-9.7) points lower (Table 1). Besides country grouping, age, being female, 

longer diabetes duration, higher level of HbA1c or BMI, smoking, with a history of major 

vascular events, within 90 days to death were associated with a lower reporting on VAS 

score, while higher education years, drinking and being in any of the trial treatment groups 

were associated with a higher reporting on VAS score (Table 1). 

During the follow-up, in total 2265 (20.3%) deaths were observed—1136 from EMEs, 720 

from Asia, and 409 from Eastern Europe. The mean follow-up years in these three country 

groups were 8.8, 9.3 and 6.5 respectively. Figure 1 gives the observed cumulative incidence 

of all-cause mortality for people reporting different levels of VAS score. People who reported 
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a VAS score equal or larger than 80 (the median value) had a significantly lower risk of 

mortality over time relative to people who reported it below 80 (HR=0.62, 95% CI 0.55-0.70, 

P<0.001 in EMEs; HR=0.48, 95% CI 0.42-0.56, P<0.001 in Asia; HR=0.67, 95% CI 0.54-

0.80, P=0.001 in Eastern Europe). After controlling for other risk factors, a 10-point change 

in the VAS score was found  significantly associated with all-cause mortality in all the three 

country groupings-- it was associated with a 15% (95% CI 12-18, P<0.001) lower risk on 

mortality in EMEs, a 25% (95% CI 21-28, P<0.001) lower risk on mortality in Asia, and a 

8% (95% CI 3-13, P=0.004) lower risk of mortality in Eastern Europe (Figure 2). The VAS 

score had a stronger association with mortality in Asia (Wald test P<0.001) and a weaker 

association in Eastern Europe (Wald test P=0.024) when compared to EMEs.  A similar 

cross-country difference was found by using the standardized VAS score (Figure 2).  

Based on the estimated Cox regression, with VAS score varying between 30 to 100 the five-

year survival probabilities were predicted as from 93.2% to 97.7% in EMEs, 90.0% to 98.6% 

in Asia, and 93.2% to 96.2% in Eastern Europe (Figure 3). The average five-year survival 

probabilities for a representative smoking and non-smoking patient in EMEs were 95.7% and 

96.7%, which was equivalent to a person with VAS score of 60 and 77 respectively. The 

corresponding smoking/non-smoking equivalent VAS score was 66 and 76 in Asia, and 45 to 

80 in Eastern Europe (Figure 3). 

5.4  Conclusions 

In this study, we used data from the ADVANCE trial to examine the reporting of VAS score 

and its relationship with all-cause mortality across different country groupings in the world. 

We found that after controlling for other clinical risk factors and patient characteristics, 

people in Asia tend to report their VAS score higher compared to people in EMEs, while 

people in Eastern Europe tend to report it lower. The VAS score is an independent predictor 
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of mortality across all three country groupings, whilst its association with mortality is 

stronger in Asia and weaker in Easter Europe when compared to EMEs.  

Several studies have examined the relationship between SRH and mortality in individuals 

with diabetes (11, 12, 27, 28). SRH was found to be a predictor on mortality in diabetes 

patients from Australia and New Zealand(27), US(11), Germany, Netherlands and 

Sweden(12), but not in an elderly type 2 diabetes population from Israel(28). The variation on 

study design, methodology and cohort characteristics in these studies makes direct 

comparison of the strength of association between SRH and mortality across these studies 

difficult. To our knowledge, this is the first study based on a large multi-country RCT that 

compared the relationship between a specific SRH measure (the VAS) and mortality in type 2 

diabetes patients across countries. 

This study highlights the difference across country groupings when people report the same 

VAS score. As shown by the five-year survival probabilities, due to the different strength of 

association between VAS score and mortality across countries, people from different 

countries reporting the same VAS score can face different future survival probabilities. For 

example, people in Asia who report a relative low VAS score can have a lower survival 

probability compare to people in EMEs and Eastern Europe, which is worth paying more 

attention to in clinical settings. As a result, further recalibration is required on the VAS score 

before it can be used as a measure for global health and compared directly across countries 

and regions. Given that patient reported outcomes are now being advocated for use in 

medical research(29) and clinical practice(30), this should become a research priority for 

future studies.  

As a measure of SRH that can be applied globally, the VAS has some advantages over other 

health status descriptors (e.g. rating of health as “good”) as it does not require translation into 
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different languages. It has been used to collect information on health status even in very low 

income countries(31). Further, as previously mentioned, its inclusion in the generic health 

status measure (the EQ-5D) means that it is likely to be available in many diabetes studies as 

well as broader population health surveys(32-34). Hence there should be additional sources 

of data to both test our findings and to analysis the sensitivity of VAS on predicting mortality 

in other regions of the world.  

It was found in previous studies that SRH had a stronger association with cardiovascular 

events and mortality relative to other biomarkers, both in the general population(3) and in 

type 2 diabetes patients(13). Hayes and colleagues found a 10-point difference in the VAS 

score stratifies risk of complications to a greater degree compared to a 1-unit change in the 

ratio of total cholesterol to HDL cholesterol or a longer duration of diabetes of 10 years or 

more(13). In this study, we compared the predictive ability of VAS score on mortality with 

smoking, a strong traditional predictor of death in the diabetes population. We found that a 

much wider range of future survival probabilities can be reflected by VAS scores when 

compared to smoking, especially in Asia.  

In this study, we found a similar cross-region variation on SRH reporting as in previous 

studies(20). This study also identified that the association between VAS score and mortality 

was stronger in Asia and weaker in Eastern Europe compared to in EMEs, even after 

standardization based on each country group’s mean and standard deviation of the VAS 

score. The mechanism of SRH’s predictive ability on mortality has previously been discussed 

but not yet fully understood(7, 35).  It is possible that SRH can reflect some aspects of heath 

that is not captured in the current clinical risk factors and patient characteristics, and the 

distribution of the level of this health aspect and the degree of it that can be reflected by SRH 

is different across countries and regions.  For example, it was found in a previous study that 
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diabetes patients who viewed their health as poor were significantly less satisfied with the 

doctor-patient relationship(9), which may lead to a worse treatment adherence. It is possible 

that this relationship between SRH and doctor-patient concordance is stronger in Asia 

compared to other countries. It’s worth to further explore the association between SRH and 

mortality when more confounders like this are captured and controlled in the study or when a 

suitable instrumental variable for SRH is found and available for the study to controlling for 

potential confounding. 

The strength of the study is that the analysis was based on a large multi-country randomized 

controlled RCT, while most of the other studies that explored the relationship between SRH 

and mortality were based on health surveys. The large sample size and long follow-up 

ensured an adequate number of outcomes, which increases the confidence of the results. The 

limitation of the study is that it doesn’t include other socioeconomic characteristics besides 

education. Since SRH health is an inclusive and subjective measure that is sensitive to the 

patient’s perspective, its association with mortality may be partly explained by the different 

level of people’s socioeconomic characteristics. 

In conclusion, in this study we found that after controlling for other clinical risk factors and 

patient characteristics, patients with diabetes in different country groupings tend to report 

their VAS score differently. The VAS score has a stronger association with mortality in Asia 

and a weaker association in Eastern Europe compare to in EMEs. Diabetes patients in 

different countries reporting the same level of the VAS score can face different future 

probability of death.  So, further recalibration is required before self-rated health as reported 

on VAS can be used as a global health measure and be compared directly across different 

countries of the world. 
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Table 1 Multiple linear regression of the Visual Analog Scale score by country groupings 
(Established Market Economies as reference) 

 
Coefficient 

95% CI 

Lower 

bound 

95% CI 

Upper 

bound P value 

Asia 3.04 2.44 3.63 <0.001 

Eastern Europe -9.03 -9.73 -8.33 <0.001 

Age (years) -0.22 -0.26 -0.18 <0.001 

Female -1.07 -1.55 -0.58 <0.001 

Duration of diabetes (years) -0.11 -0.14 -0.07 <0.001 

Education (years) 0.08 0.05 0.11 <0.001 

HbA1c (mmol/mol) -0.03 -0.04 -0.02 <0.001 

Systolic blood pressure (mmHg) -0.01 -0.02 0.00 0.138 

BMI (kg/m2) -0.32 -0.38 -0.27 <0.001 

Total /HDL cholesterol -0.03 -0.14 0.08 0.593 

Smoking -1.04 -1.72 -0.36 0.003 

Drinking 1.06 0.53 1.58 <0.001 

History of major macrovascular event -2.70 -3.31 -2.08 <0.001 

History of major microvascular event -0.80 -1.40 -0.20 0.009 

Within 90 days of death -10.19 -14.06 -6.33 <0.001 

Glucose treatment group 0.45 0.01 0.89 0.045 

Blood pressure treatment group 0.46 0.01 0.91 0.043 

Constant 103.39 99.71 107.07 -- 

CI: confidence interval; HbA1c: glycated haemoglobin; BMI: body mass index; HDL: high-density 

lipoprotein 
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Figure 1 Cumulative incidence of all-cause mortality for people reporting relatively low (less 
than 80) and high (equal or more than 80) VAS scores 

Legend: VAS score<80 dashed line, VAS score>=80 solid line. Hazard ratios and P values were 

estimated from Cox proportional hazard models.  

EME: Established Market Economies; HR: hazard ratio; VAS: Visual Analog Scale 
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Figure 2 Hazard ratios of VAS score’s change on all-cause mortality  

Stratified by history of major macrovascular or microvascular events. Adjusted for age, gender, 

duration of diabetes, education, HbA1c, systolic blood pressure, BMI, total /HDL cholesterol, 

smoking, drinking, randomized treatment groups. No interaction was found between VAS score and 

history of major vascular events. 

VAS: Visual Analog Scale; EME: Established Market Economies; SD: standard deviation; CI: 

confidence interval 
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Figure 3 Estimated Five-year survival probabilities with different VAS scores 

For people without previous major vascular events. Shadowed area represents the average five-

year survival probabilities for smoking (lower bound) and non-smoking (upper bound) patients in each 

country grouping.  

Probabilities for VAS score below 30 are not reported due to the low number of individual reported 

scores in this range (less than 1%). 

EME: Established Market Economies; VAS: Visual Analog Scale 
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Abstract 

Background: There’re increasing number of studies using simulation models to conduct cost 

effectiveness analysis in type 2 diabetes.  

Objective: To evaluate the relationship between improvements in glycated haemoglobin 

(HbA1c) and simulated health outcomes in type 2 diabetes cost effectiveness studies. 

Methods: A systematic review was conducted on Medline and Embase to collect cost-

effectiveness studies using type 2 diabetes simulation models that reported modelled health 

outcomes of blood glucose related interventions in terms of quality-adjusted life years 

(QALYs) or life expectancy (LE). The data extracted included information used to 

characterise the study cohort, the intervention’s treatment effects on risk factors, and model 

outcomes. Linear regressions were used to test the relationship between the difference in 

HbA1c (∆HbA1c) and incremental QALYs (∆QALYs) or LE (∆LE) of intervention and 

control groups. The ratio between the ∆QALYs and ∆LE was calculated and a scatterplot 

between the ratio and ∆HbA1c was used to explore the relationship between these two. 
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Results: 76 studies were included in this research, contributing to 124 pair of comparators. 

The pooled regressions indicated that the marginal effect of a 1 % HbA1c decrease in 

intervention resulted in an increase in life-time QALYs and LE of 0.371 (95% CI: 0.286—

0.456) and 0.642 (95% CI: 0.494—0.790) respectively. No evidence of heterogeneity 

between models was found. An inverse exponential relationship was found and fitted 

between the ratio (∆QALYs/∆LE) and ∆HbA1c.  

Conclusion: There is a consistent relationship between ∆HbA1c and ∆QALYs or ∆LE in cost 

effectiveness analyses using type 2 diabetes simulation models. This relationship can be used 

as a diagnostic tool for decision makers. 

 

6.1  Introduction 

Simulation modelling is a useful tool in health economic evaluation, especially for 

interventions targeted at treating chronic diseases like diabetes. Clinical trials of new 

therapies and behavioural interventions in type 2 diabetes often involve estimation on 

changes in intermediate risk factors such as glycated haemoglobin (HbA1c)(1, 2). In order for 

these interventions to be evaluated using common health economic outcomes such as quality-

adjusted life years (QALYs), the potential benefits of observed improvements in metabolic 

control need to be extrapolated over longer time periods to capture impacts on rates of 

complications of diabetes as well as mortality.  

There is a long history in the use of simulation models to evaluate interventions for people 

with type 2 diabetes. The first simulation model for type 2 diabetes was built in 1997 by 

Eastman et al. (3, 4), which was based on clinical data from both type 2 and type 1 diabetes. 
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Many models have been developed since then(5), and while many are based on the UKPDS 

Outcomes Model (6), there are differences in terms of model structure, particularly when they 

incorporate additional epidemiological and trial evidence to capture additional complications 

(e.g. impact of hypoglycaemia). A common feature of all these models is that they 

extrapolate changes in intermediate outcomes such as HbA1c to metrics such as QALYs or 

life expectancy (LE) that are most commonly used to capture outcomes in economic 

evaluations.  

While most diabetes simulation models have been developed independently, the field has 

benefited from the diabetes simulation modelling conference “Mount Hood Diabetes 

Challenge” which has been regularly held since 2000 to compare and contrast the outputs of 

models in a set series of simulations (7). The last Mount Hood Challenge meeting was held in 

2014 and developers of 11 type 2 diabetes models participated, highlighting the development 

of simulation modelling in type 2 diabetes in recent years(8). Diabetes simulation models are 

now widely used in cost effectiveness studies and play an important role in defining clinical 

guidelines and the evaluation of new drugs (9).  

Former reviews in type 2 diabetes cost effectiveness studies have focused on summarising 

and describing the characteristics of different models (10, 5). Currently, there are no studies 

that use quantitative techniques to evaluate the relationship between treatment effect 

assumptions (e.g. a reduction in level of HbA1c) and simulated outcomes (e.g. gain in 

QALYs or LE). In this paper we systematically review cost effectiveness studies of 

glycaemic control interventions that use type 2 diabetes simulation models to estimate long 

term outcomes of QALYs or LE. Using data extracted from those studies, we use regression 

analysis to estimate the relationship between initial changes in HbA1c following the 

commencement of an intervention and model outputs. The objective of this research is to 
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explore whether there is a consistent relationship between a widely reported intermediate 

outcome that is often used as an input in simulation models and model outputs across type 2 

diabetes cost-effectiveness studies, and across different models.  

6.2  Method 

6.2.1  Data Sources and Searches 

We reviewed studies that involved use of a type 2 diabetes simulation models to inform a 

cost-effectiveness analysis (CEA) or cost-utility analysis (CUA) of blood glucose lowering 

interventions that measured a change in HbA1c. All ten type 2 diabetes models that 

participated in the 4th (2004) or 5th (2010) Mount Hood Challenge Meeting were considered 

to be eligible for inclusion in this study (11, 12), including the UKPDS Outcome Model, IMS 

CORE Diabetes Model, The Cardiff Model, Sheffield Diabetes Model, EAGLE Model, The 

CDC-RTI Diabetes Cost-effectiveness Model, Archimedes Model, The Michigan Model, 

ECHO-T2DM, and Evidence-Based Medicine Integrator Simulator. The UKPDS risk engine 

participated in the 4th Mount Hood Challenge Meeting but was not included in this study as it 

does not quantify lifetime outcomes in terms of QALYs or LE(13). Descriptions and further 

details of these models can be found in the Mount Hood Challenge Meeting’s reports (11, 

12). 

The Preferred Reporting Items for Systematic Reviews and Meta-analyses(PRISMA) 

recommendations and checklist was followed to conduct the systematic review (14). Studies 

were identified by searching electronic databases, supplemented by scanning citations of the 

original publication of the ten targeted models and finally by contacting the model groups 

individually. The search was applied in two electronic databases—Medline (1946 - present) 

and Embase (1947 - present) on Ovid. The subject heading “Diabetes Mellitus, Type2” and 
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other search terms including T2DM, cost effective*, cost utilit*, long term outcome*, long 

term consequence*, health economic*, health evaluation, economic evaluation, model*, 

simula*, QALY*, life year*, and LE were used to do the search (see supplementary material 

1 for full details on search strategy).  

6.2.2  Study selection 

The search was completed on 1st of June 2015 and included all published studies prior to that 

date. The inclusion criteria were as follows:  

• language in English; 

• reported outcomes were part of a CEA or CUA;  

• the study simulated outcomes based on one of the ten diabetes models mentioned 

above; 

• the population simulated in the model involved only people with type 2 diabetes;  

• the intervention focused on improvements in blood glucose control;  

• the primary treatment effect being modelled was the difference in HbA1c; 

• the study reported long term (>=20 years) outcomes in either QALYs or life 

expectancy. 

Studies were excluded if:  

• language was not English; 

• it did not conduct CEA or CUA;  

• it used other established models or self-built models; 

• it included other populations (type 1 diabetes, pre-diabetes, etc.);  
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• the intervention did not focus on improvements in blood glucose control or was a 

multifactorial intervention; 

• HbA1c was not used as the treatment effect or there was no difference in the 

reduction of HbA1c levels between the intervention and control group;  

• it did not report QALYs or LE as outcomes;  

• the outcomes were estimated only in short term; 

• no discount rate was reported for the outcomes; 

• the study did not report the data necessary for this research (difference in HbA1c and 

incremental QALYs/LE); 

Two reviewers (XH and LS) separately reviewed the studies by reading their abstracts and 

full texts. A third reviewer’s (PC) opinion was considered when there was a conflict of 

opinion between the first two. All but one of the Mount Hood modelling groups were 

contacted through email with a request for publications or a list of studies which fit our 

criteria (the EAGLE model group was excluded as no current contact details are available for 

its developers). A published model description paper was found for 8 models (UKPDS (6), 

CORE (15), Cardiff (16), EAGLE (17), CDC (18), Archimedes (19), Michigan (20) and 

ECHO (21)). Studies that cited the aforementioned papers were scanned in Google scholar, 

Web of Science and Pubmed and added if they met our inclusion criteria. 

6.2.3  Data extraction 

The intervention’s treatment effects on risk factors were extracted from each included study. 

Risk factors include HbA1c (%), Body Mass Index (BMI), systolic blood pressure (mm Hg), 

total cholesterol (mmol/L) and hypoglycaemic events (patient year). The treatment effect is 

the difference in effect between the two groups. In some studies this difference is directly 
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reported; in some others they report the change in risk factors separately for each group. In 

the latter situation we calculated the treatment effect by subtracting the two change values. 

Proper transformation was made when risk factors were not reported in the required unit (1 

mmol/L=38.6 mg/dL for total cholesterol). For 8 studies(22-29) that only reported change in 

weight but not BMI as a treatment effect, change in BMI was imputed using the cohort 

baseline height or 1.67m as default height (the average height for patients in the UKPDS 

study (30)) if cohort height was not reported in the study. 

The model outcomes of interest in this study are QALYs and LE. Differences in QALYs 

(∆QALYs) and LE (∆LE) between the two groups in base case were extracted from each 

study, as well as the discount rate used for the base case. Differences in undiscounted 

outcomes were also collected if they were available in the sensitivity analysis. 

We also extracted summary statistics of the study cohort, including the year of the study, 

comparators, cohort baseline age, diabetes duration and post treatment HbA1c level in control 

group. For studies that evaluated multiple comparisons, data of all these comparisons were 

included and collected. Data extraction was conducted independently by two reviewers (XH 

and LS). Disagreements were resolved through discussion. 

6.2.4  Data Synthesis and Analysis 

Basic descriptive analysis about the type of interventions, comparators and risk factors 

involved were made to summarise the identified studies. All analyses were conducted on 

undiscounted outcomes. Where studies only reported discounted outcomes, estimates of the 

undiscounted outcomes were imputed based on an algorithm that was developed from studies 

that reported both discounted and undiscounted outcomes (see supplementary material 4 for 

further description).  
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The relationship between ∆HbA1c and the difference in outcomes for comparators was 

examined using scatterplot and linear regression. Univariate regression was conducted 

initially for studies using different models separately. Then a multivariable regression 

analysis was undertaken for all the studies. We used 8 independent variables in the 

multivariable regression: difference in HbA1c, BMI, systolic blood pressure, total cholesterol 

and hypoglycaemic events; cohort baseline age; diabetes duration and post treatment HbA1c 

level in control group. Studies lack information on these variables were excluded from the 

multivariable regression. Linearity of explanatory variables was checked and confirmed by 

using multivariable fractional polynomials(31). Interactions of each explanatory variable with 

HbA1c were checked by adding multiplicative term into regressions and no interactions were 

found. Statistical analysis took into account clustering by using the clustered robust standard 

errors method, due to multiple comparisons coming from the same study. Before pooling 

studies that used different models together the interaction effect between model type and 

∆HbA1c on ∆QALYs and ∆LE was tested. 

To test the coefficients of ∆HbA1c across multivariable regressions involving QALYs and 

LE, the equations were jointly estimated using STATA command MVREG(32) and a Chi-

square test was made. Significant difference between the two coefficients was confirmed. The 

ratio between ∆QALYs and ∆LE was then calculated and a scatterplot between the ratio and 

∆HbA1c was built to explore the relationship between these two. Logarithm transformation 

of the ratio were made in an effort to fit the scatterplot.  

All statistical analyses were conducted using STATA 13.1 IC (StataCorp LP, College Station, 

TX, USA). 

6.3  Result 
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6.3.1  Summary of the studies included in the analysis 

288 studies were identified after applying our search strategy on Medline and Embase and 

after abstract and full text review, 65 publications were included into our study, as shown in 

Figure 1. Our email request resulted in 10 extra studies, 1 from the ECHO model and 9 using 

the CORE model and 1 additional study using the UKPDS Outcomes Model was identified 

through citation scanning. In total, 76 studies were included in this research, resulting in 124 

pair of comparators (18,22,25-29,35,39,40-42,44-107). 

A summary of these studies can be found in supplementary material 2. Of the included 

studies, 43.4% evaluated the cost effectiveness of oral therapy drugs, 29.0% for insulin, 

23.7% for management interventions and 3.9% (3 studies) were not intervention specific. 

22.4% of all included studies use HbA1c as the only treatment effect of the intervention. In 

recent years, other treatment effects such as BMI, blood pressure, hypoglycaemic events and 

lipid levels have increasingly been used, mainly in studies that evaluate cost effectiveness of 

new oral therapies; BMI and hypoglycaemic events are the two common effects besides 

HbA1c in insulin evaluation studies (See Figure S1&S2 in supplementary material 3).   

6.3.2  Relationship between difference in HbA1c and the outcomes 

For the 76 studies included in this analysis, 75 reported QALYs as their model outcome and 

59 studies reported LE as a simulation outcome. 45 studies (59.2%) reported undiscounted 

QALYs in their sensitivity analysis. The ratio values used for different discount rates to 

calculate undiscounted outcomes for the rest 31 studies (59/124 data points) can be found in 

supplementary materials 4. One study (33) with four comparators was excluded from the 

QALYs regression analysis since it involved large utility change in year 1 (0.152-0.312) as a 

direct treatment effect stemming from the intervention. This makes the relationship between 
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HbA1c and QALYs gain in this study not comparable to others, as other studies generally 

assumed changes in utility were mediated through changes in other risk factors such as BMI.  

As only 19 studies used models other than the CORE model, those studies were combined 

together for the following regression analysis. Figure 2 depict the scatterplots of differences 

in HbA1c and the difference in QALYs or LE in studies that use the CORE model and other 

models. A linear relationship could be found in these scatterplots.  

The mean difference in HbA1c is 0.51%, while the mean increment in QALYs and LE are 

0.409 and 0.389, respectively. The univariate regression results (Table 1) showed that for 

studies that used the CORE Model, every 1% decrease in HbA1c from the intervention 

resulted in an increase of 0.455 and 0.808 for QALYs and LE, respectively. For studies that 

used the other models, every 1% decrease in HbA1c from the intervention resulted in a 0.352 

increase in QALYs and a 0.696 increase in LE. No interaction effect was found between the 

models and change in HbA1c (P=0.557 for QALYs; P=0.234 for LE). After pooling all 

studies together, every 1% decrease in HbA1c from the intervention resulted in a 0.434 

increase in QALYs and a 0.794 increase in LE. All the coefficients for HbA1c are significant 

at the 5% level. 

6 studies were excluded from the multivariable regression because of a lack of information on 

age, diabetes duration or post treatment HbA1c level in control group (18, 38-42). After 

controlling for all 5 risk factors and age, diabetes duration and post treatment HbA1c level in 

the control group and pooling all studies together, ∆HbA1c, ∆BMI, ∆blood pressure and 

∆hypoglycaemia events were the 4 variables with significant coefficients for ∆QALYs. Every 

1 % decrease in HbA1c from the intervention resulted in a 0.371 increase in QALYs. 

∆HbA1c, ∆blood pressure and ∆total cholesterol were significant coefficients in the 
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multivariable regression for LE. Every 1% decrease in HbA1c from the intervention resulted 

in a 0.642 increase in LE (Table 2).   

The relationship between ∆HbA1c and the ratio of ∆QALYs and ∆LE can be found in Figure 

3. When the difference in HbA1c becomes small, the ratio between ∆QALYs and ∆LE 

increases dramatically. By transforming the dependent variable into ln(y), an inverse 

exponential relationship was found and fitted to the scatter graph. 

6.4  Discussion 

This study used regression analysis to estimate the association between changes in risk 

factors (e.g. HbA1c) which are common inputs for simulation models and the estimated 

outcomes. The analysis is based on data from 76 studies obtained through a systematic 

review of published cost-effectiveness studies of blood glucose lowering interventions for 

people with type 2 diabetes. Based on multiple linear regression that adjusted for a variety of 

metabolic risk factors, it found that the marginal effect of a 1 % HbA1c decrease could result 

in life-time increases in QALYs and LE of 0.371 and 0.642, respectively. There was no 

evidence of heterogeneity between models. Studies reporting small differences in HbA1c 

tend to report larger gains for QALYs than LE, which implies that when the treatment effect 

on HbA1c is limited, the increase in QALYs mainly comes from utility gain, rather than 

longer life years. 

In this study we mainly focus on the treatment effect of changes in HbA1c, as it is used in 

almost all analyses of blood glucose control interventions and is an input for all diabetes 

simulation models. Our review result suggests that recent economic evaluations of blood 

glucose lowering interventions now use a wider variety of risk factors. For example, 

hypoglycaemic events, which have been incorporated into several models (CORE, Cardiff 
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and ECHO) as an outcome of interest, were not captured in economic evaluations prior to 

2006, but influence the outcomes of over 60% of the model simulations of blood glucose 

lowering in published studies during 2013-15 (Figure S1 in supplemental material 3). We 

include these treatment effects into our multivariable regressions and found significant 

relationship between them and model outputs as well. What’s more, the relationship between 

the ratio of increase in QALYs and LE and difference in HbA1c could be explained by the 

treatment effect on BMI and hypoglycaemia events. Besides the impact on complications and 

death, the decrease in BMI and avoidance in adverse events themselves could also increase 

people’s quality of life (34) and appear to play a significant role in the outcomes of some 

recent economic evaluations of blood glucose control therapies (35, 36).  

There are several potential practical applications of the relationship between change in initial 

HbA1c and model outcomes found in this study. First, it can be used as a diagnostic tool or 

benchmark for decision makers, enabling them to identify analyses that deviate from the 

general trend and investigate whether there are other factors that may have led to the 

discrepancy and whether they are reasonable. Second, with limited information and resources 

to run a diabetes simulation model, the regression estimated in this study can be used to give 

a rough prediction of the long term effectiveness that could be expected from an intervention 

in its early stages. What’s more, beyond the specific results, this study provides a potential 

methodology for a meta-analytic approach to combining the results of cost-effectiveness 

studies based on simulated outcomes in the future. 

This study has also highlighted inconsistencies in the reporting of assumptions regarding the 

treatment effect and in results of model simulations. To make cost effectiveness simulation 

results transparent, the effect of treatment on all major risk factors should be reported over 

time. Currently there’s no standard way of reporting assumptions of  regarding the duration 
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of an intervention effect on risk factors (e.g. some studies report an annual decay (37), while 

others a change at some future time (26)). The lack of consistent reporting has made it hard 

for us to incorporate this information into our regressions at this stage, so we have been 

limited to using the initial change in HbA1c and other risk factors in our regression models. 

Three studies were excluded because the initial change in risk factors was not clearly 

reported. However, the main issue with the reporting of outcomes was that 40% of studies 

included in this analysis did not report their undiscounted results. Studies from different 

countries usually use different discount rates for their base case results, which makes the 

comparison between studies difficult to conduct.  To address this issue we calculated an 

average ratio between discounted and undiscounted ∆QALYs and used this to infer 

undiscounted outcomes when these were not reported.  Basic cohort characteristics (age, 

duration of diabetes, proportion of male, ethnicity, and other baseline risk factors) and model 

assumptions (time horizon, etc.) were also sometimes not reported. In this analysis, 6 studies 

were excluded from the multivariable regression because of a lack of information on age, 

diabetes duration or post treatment HbA1c level in control group (18, 38-42). There is a clear 

need for general reporting standards of diabetes cost effectiveness studies to be developed to 

promote transparency and facilitate future model comparisons. A starting point for this is the 

use of the Consolidated Health Economic Evaluation Reporting Standards (CHEERS) (43). 

However, existing standard checklists for model reporting (e.g. CHEERS, Philip checklist) 

are overly general to satisfy the needs in complicated multifactorial disease areas like 

diabetes. There is scope to develop a specific quality assessment checklist for diabetes 

modelling in future studies. 

This study is subject to a number of limitations. Firstly, the difference in HbA1c collected in 

this study is the initial difference between two simulated cohorts, which is often the only 

measure of glycaemia that many simulation modelling studies included. While we note some 
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simulation models make additional assumptions about the relative trajectory of HbA1c, most 

economic evaluations of diabetes therapies do not report these in a uniform manner and with 

insufficient details to be incorporated into the current analysis. While there is a strong 

association between initial HbA1c and long-term outcomes, the consistency of regression 

relationship depends on independence of the initial HbA1c and the error term. It would be 

useful to re-examine this assumption in future work, particularly as the transparency of 

reporting of simulation models improves over time.  

Secondly, a lack of statistical power (124 pair of comparators) meant that we were unable to 

include many variables in the multivariable regression. Although other factors such as sex 

percentage, ethnicity, and baseline values for other risk factors were also collected they were 

not included. Further, the limited number of studies using simulation models other than 

CORE meant we were unable to investigate the consistency between models separately. We 

found no evidence of heterogeneity between models by comparing studies that used the 

CORE model and studies that used any of the other type 2 diabetes simulation models. Again 

there is scope for future work to include more control variables and further explore the 

consistency between models when more studies are available. 

Finally, we have not taken account of reported uncertainty surrounding model estimates due 

to limitations in the reporting of these measures in published studies. A future analysis could 

focus on comparisons of uncertainty by different simulation models. 

In conclusion, we found a linear relationship between difference in HbA1c and difference in 

QALYs and LE based on published studies using type 2 diabetes models. There was no 

evidence of heterogeneity among models. When the difference in HbA1c is small, the gain in 

QALYs largely exceeds the gain in LE, suggesting when the treatment effect on HbA1c is 
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limited, the increase in QALYs mainly comes from utility gain, rather than longer life years. 

Our study provides a benchmark for decision makers to identify studies deviating from 

others, and potentially generate preliminary long term effectiveness predictions when 

insufficient resources are available to utilise a simulation model.  
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Table 1 Results of univariate regression between ∆HbA1c and ∆QALYs as well as ∆LE 

 HbA1c coef. Lower CI Upper CI P value R square 

Studies using the CORE model  

QALYs (n=98) 0.455 0.277 0.633 <0.001* 0.336 

LE (n=74) 0.808 0.503 1.113 <0.001* 0.687 

Studies using other models  

QALYs (n=21) 0.352 0.054 0.650 0.023* 0.293 

LE (n=14) 0.696 0.144 1.248 0.018* 0.306 

Pooled 

QALYs (n=119) 0.434 0.279 0.589 <0.001* 0.341 

LE (n=88) 0.794 0.500 1.088 <0.001* 0.656 

QALYs=quality-adjusted years; LE=life expectancy; HbA1c= glycated haemoglobin; 

coef.=coefficient; CI=confidence interval 

*Significant at 5% level 
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Table 2 Results of multivariable regression for ∆QALYs as well as ∆LE 

 Coef. Lower CI Upper CI P value 

For ∆QALYs (n=108)     

HbA1c (%) 0.371 0.286 0.456 <0.001* 

BMI (kg/m2) 0.088 0.048 0.129 <0.001* 

Systolic blood pressure 

(mmHg) 
0.067 0.019 0.115 0.007* 

Hypoglycaemic event (patient 

year)  
0.038 0.024 0.052 <0.001* 

Total cholesterol (mmol/L) 0.227 -0.040 0.493 0.094 

Age -0.008 -0.020 0.005 0.225 

Duration -0.005 -0.017 0.006 0.354 

Post treatment HbA1c (%) 0.019 -0.041 0.079 0.523 

For ∆LE (n=78)     

HbA1c (%) 0.642  0.494  0.790  <0.001* 

BMI (kg/m2) -0.003  -0.055  0.049  0.908  

Systolic blood pressure 

(mmHg) 
0.073  0.018  0.129  0.011*  

Hypoglycaemic event (patient 

year)  
-0.016  -0.041  0.008  0.189  

Total cholesterol (mmol/L) 0.720  0.406  1.034  <0.001*  

Age 0.001  -0.017  0.020  0.882  

Duration -0.006  -0.026  0.014  0.560  

Post treatment HbA1c (%) 0.002  -0.068  0.073  0.944  

QALYs=quality-adjusted years; LE=life expectancy; HbA1c= glycated haemoglobin; BMI=body 
mass index; coef.=coefficient; CI=confidence interval 
*Significant at 5% level 
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Figure 1 Flow diagram of publications included and excluded from the review 

CEA cost-effectiveness analysis, CUA cost-utility analysis, HbA1c glycosylated haemoglobin, LE life 
expectancy, QALYs quality-adjusted life-years, UKPDS United Kingdom Prospective Diabetes Study 

 

 

 

 

 

 



Chapter 6 

144 
 

 

Figure 2 Relationships between ΔHbA1c and ΔQALYs or ΔLE, scatter and fitted linear 
regression 

HbA1c glycosylated haemoglobin, LE life expectancy, QALYs quality-adjusted life years 
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Ratio=4.78*e-3.21*hba1c 

Figure 3 Relationship between ΔHbA1c and the ratio of ΔQALYs and ΔLE, scatter and fitted 
regression.  

HbA1c glycosylated haemoglobin, LE life expectancy, QALYs quality-adjusted life-years 
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Supplementary material 1: Searching strategy  

1. Diabetes Mellitus, Type 2/ 

2. T2DM. 

3. 1 or 2 

4. (cost effective* or cost utilit*) 

5. (long term outcome* or long term consequence* or health economic* or health evaluation 

or economic evaluation) 

6. 4 or 5 

7. (model* or simulat*) 

8. (life expectancy or life year* or QALY*) 

9. 3 and 6 and 7 and 8 

10. limit 9 to English 
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Supplementary material 2: List of the included studies       

Table S1 Studies included in this research 

Study Year Model Intervention Control Treatment effects 

Afzali, Gray et al. 
(44) 2013 UKPDS OM 

High-level  
involvement  of  
practice nurses in the 
provision of clinical-
based activities 

Low level model HbA1c, blood 
pressure 

Gilmer, O'Connor et 
al. (45) 2012 UKPDS OM 

Electronic medical 
records  based  
clinical decision 
support 

No electronic medical 
records  based  clinical 
decision support 

HbA1c 

Gao, Zhao et al. (22) 2012 UKPDS OM Liraglutide Glimepiride 
HbA1c, blood 
pressure, body 
weight, lipid levels 

Gillespie, O'Shea et 
al. (46) 2012 UKPDS OM 

Group-based peer 
support in addition to 
standardized diabetes 
care 

Standard diabetes care HbA1c, blood 
pressure, lipid levels 

Coyle, Coyle et al. 
(47) 2012 UKPDS OM Combined exercise No program/ aerobic/ 

resistance exercise HbA1c 

Tunis (48) 2011 UKPDS OM Self-monitoring of 
blood glucose No self-monitoring HbA1c 

Cameron, Coyle et al. 
(49) 2010 UKPDS OM Self-monitoring of 

blood glucose No self-monitoring HbA1c 
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Study Year Model Intervention Control Treatment effects 

Waugh, Cummins et 
al. (50) 2010 UKPDS OM Sitagliptin Rosiglitazone HbA1c, BMI/body 

weight 

Brown, Grima (51) 2014 CORE Insulin glargine Sitagliptin 
HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Tzanetakos, 
Melidonis et al. (52) 2014 CORE Liraglutide Sitagliptin/Exenatide 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Shafie, Gupta et al. 
(53) 2014 CORE Biphasic insulin 

aspart 30 
Taking glucose-
lowering drugs alone 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Giorda, Nicolucci et 
al. (54) 2014 CORE 

Associazione Medici 
Diabetologi-annals 
initiative 

Conventional 
management 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels 

Fonseca, Clegg et al. 
(55) 2013 CORE Exenatide once   

weekly 
Exenatide twice daily/ 
Insulin Glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Raya, Pérez et al. (56) 2013 CORE Liraglutide 1.2 mg Sitagliptin 100 mg 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 
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Study Year Model Intervention Control Treatment effects 

Pollock, Muduma et 
al. (57) 2013 CORE 

Laparoscopic 
adjustable gastric 
banding  

Standard medical 
management  

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels 

Davies, Chubb et al 
(58) 2012 CORE Liraglutide Glimepiride/sitagliptin 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Guillermin, Lloyd et 
al.(59) 2012 CORE Exenatide once 

weekly Sitagliptin/pioglitazone 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Lee, Samyshkin et al. 
(60) 2012 CORE Liraglutide 1.2 

mg/1.8 mg Sitagliptin 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Pollock, Curtis et al. 
(61) 2012 CORE 

Long-acting analog 
insulin LM75/25 or 
LM50/50 

Long-acting basal 
analog insulin HbA1c 

Pollock, Curtis et al. 
(62) 2012 CORE 

Long-acting analog 
insulin LM75/25 or 
LM50/50 

Long-acting basal 
analog insulin HbA1c 

Samyshkin, 
Guillermin et al. (63) 2012 CORE Exenatide once 

weekly Insulin Glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 
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Study Year Model Intervention Control Treatment effects 

Smith-Palmer, 
Fajardo-Montanana et 
al. (64) 

2012 CORE Detemir NPH insulin 
HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Valov, Palmer et al. 
(65) 2012 CORE Biphasic insulin 

aspart 30 Human premix insulin 
HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Yang, Christensen et 
al. (66) 2012 CORE Insulin Glargine Insulin Detemir 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Beaudet, Palmer et al 
(67) 2011 CORE Exenatide once 

weekly Insulin glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Goodall, Costi et al. 
(68) 2011 CORE Exenatide twice daily Insulin Glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Lee, Conner et al. 
(69) 2011 CORE 

Liraglutide 1.2 
mg/1.8 mg + 
glimepiride 

Rosiglitazone + 
glimepiride 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Valentine, Palmer et 
al. (70) 2011 CORE Liraglutide Exenatide 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Lee, Conner et al. 
(71) 2010 CORE Liraglutide Exenatide HbA1c, blood 

pressure, BMI/body 
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Study Year Model Intervention Control Treatment effects 

weight,  lipid levels,  
hypoglycaemic events 

Palmer, Beaudet al. 
(72) 2010 CORE Biphasic insulin 

aspart  Insulin glargine 
HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Palmer, Knudsen et 
al. (73) 2010 CORE Biphasic insulin 

aspart 
Biphasic  human  
insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Pollock, Valentine et 
al. (74) 2010 CORE Self-monitoring of 

blood glucose 
No self-monitoring of 
blood glucose HbA1c 

Tunis, Sauriol et al. 
(75) 2010 CORE 

Insulin glargine plus 
oral antidiabetes 
drugs 

Premixed insulin alone HbA1c,  
hypoglycaemic events 

Tunis, Willis et al. 
(76) 2010 CORE Self-monitoring of 

blood glucose 
No self-monitoring of 
blood glucose HbA1c 

Tunis and Minshall 
(77) 2010 CORE Self-monitoring of 

blood glucose 
No self-monitoring of 
blood glucose HbA1c 

Tunis, Minshall et al. 
(78) 2009 CORE Insulin detemir NPH insuline HbA1c, 

hypoglycaemic events 

Brandle, Erny-
Albrecht et al. (79) 2009 CORE Exenatide Insulin glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 
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Study Year Model Intervention Control Treatment effects 

Brandle, Goodall et 
al. (80) 2009 CORE Pioglitazone Placebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Cameron and Bennett 
(81) 2009 CORE Insulin analogues 

Regular human insulin/ 
neutral protamine 
hagedorn insulin 

HbA1c, 
hypoglycaemic events 

Goodall, Sarpong et 
al. (82) 2009 CORE Insulin immediate 

initiation Insulin 8-year delay 
HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Lee, Seo et al. (83) 2009 CORE Biphasic insulin 
aspart  30 

Biphasic human 
insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Mittendorf, Smith‐
Palmer et al. (35) 2009 CORE Exenatide Insulin Glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Scherbaum, Goodall 
et al. (84) 2009 CORE Pioglitazone Placebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Valentine, Tucker et 
al. (85) 2009 CORE Pioglitazone Placebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 



Chapter 6 

153 
 

Study Year Model Intervention Control Treatment effects 

St Charles, Minshall 
et al. (86) 2009 CORE Pioglitazone Rosiglitazone HbA1c, lipid levels 

Ali, White et al. (87) 2008 CORE Biphasic insulin 
aspart  30 Human insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Chirakup, 
Chaiyakunapruk et al. 
(88) 

2008 CORE Pioglitazone Rosiglitazone HbA1c,  lipid levels 

Goodall, Jendle et al 
(89) 2008 CORE Biphasic insulin 

aspart  70/30 Glargine HbA1c, BMI 

Minshall, Oglesby et 
al. (90) 2008 CORE Exentide Metformin and /or 

sulfonylurea 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels 

Palmer, Gibbs et al. 
(91) 2008 CORE Biphasic insulin 

aspart 30 
Biphasic human 
insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Palmer, Goodall et al. 
(92) 2008 CORE Biphasic insulin 

aspart 30 
Biphasic human 
insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Valentine, Goodall et 
al. (93) 2008 CORE Insulin detemir OADs/NPH/insulin 

glargine 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Tunis and Minshall 
(94) 2008 CORE Self-monitoring of 

blood glucose 
No self-monitoring of 
blood glucose HbA1c 
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Study Year Model Intervention Control Treatment effects 

Tunis, Minshall et al. 
(95) 2008 CORE Pioglitazone Rosiglitazone HbA1c,  lipid levels 

Gilmer, Roze et al. 
(96) 2007 CORE “Project Dulce” No project HbA1c, blood 

pressure, lipid levels 

Ray, Boye et al. (97) 2007 CORE Exenatide Insulin glargine 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Ray, Valentine et al. 
(98) 2007 CORE Biphasic insulin 

aspart  70/30 Glargine HbA1c, BMI/body 
weight 

Valentine, Erny-
Alvrecht et al. (99) 2007 CORE Insulin detemir OADs/NPH/insulin 

glargine 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Valentine, Bottomley 
et al. (100) 2007 CORE Pioglitazone Placebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Palmer, Dinneen et al. 
(101) 2006 CORE Self-monitoring of 

blood glucose 
No self-monitoring of 
blood glucose HbA1c 

Roze, Valentine et al. 
(102) 2006 CORE Acarbose Alacebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels 

Valentine, Palmer et 
al. (103) 2006 CORE 

HbA1c  reduction 

Scenarios 
_ HbA1c 
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Study Year Model Intervention Control Treatment effects 

Valentine, Palmer et 
al. (104) 2005 CORE Biphasic insulin 

aspart  70/30 Glargine HbA1c, BMI 

Palmer, Roze et al. 
(105) 2004 CORE Repaglinide Nageglinide HbA1c 

Palmer, Roze et 
al.(39) 2004 CORE 

HbA1c  reduction 

scenario 
_ HbA1c 

Van, Pompen et 
al.(29) 2014 Cardiff Dapagliflozin Placebo 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Elgart, Caporale et 
al.(26) 2013 Cardiff Saxagliptin Sulfonylureas 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Grzeszczak, 
Czuprynial et al.(25) 2012 Cardiff Saxagliptin NPH Insulin 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Granstorm, 
Bergenheim et al.(27) 2012 Cardiff Saxagliptin Sulfonylureas 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 

Erhardt, Bergenheim 
et al.(28) 2012 Cardiff Saxagliptin Sulfonylureas 

HbA1c, BMI/body 
weight,  
hypoglycaemic events 
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Study Year Model Intervention Control Treatment effects 

Neslusan, 
Teschemaker et 
al.(106) 

2015 ECHO Canagliflozin Sitagliptin 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels,  
hypoglycaemic events 

Gillett, Dallosso et 
al.(42) 2010 Sheffield Education and self 

management 
No  education and self 
management 

HbA1c, blood 
pressure, BMI/body 
weight,  lipid levels 

Ryabov (41) 2014 CDC 
Intervention 
involving community 
health workers  

No community health 
workers HbA1c 

Hoerger, Zhang et 
al.(107) 2009 CDC 

With the risk factor 
changes between 
1988-1994 and 2005-
2006 in US 

Without risk factor 
changes HbA1c 

Brownson, Hoerger et 
al.(40) 2009 CDC Self management 

program 
No  self management 
program HbA1c, lipid levels 

The CDC Diabetes 
Cost-effectiveness 
Group (18) 

2002 CDC Intensive glycemic 
control 

Conventional glycemic 
control HbA1c 

BMI=body mass index; UKPDS OM=UKPDS outcome model; LM= lispro mix; NPH= neutral protamine hagedorn; OADs= oral antidiabetic dru 
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Supplementary material 3: Treatment effects used in cost effectiveness studies in different 

years and interventions  

 

Figure S1 Percentage of type 2 diabetes cost effectiveness and cost utility studies using 
treatment effects besides of HbA1c, 2002-2015 

Number of studies in each time period: 2002-2006(n=7), 2007-2008(n=14), 2009-2010(n=22), 2011-
2012(n=21). 2013-2015(n=12). 

 

 

Figure S2 Percentage of type 2 diabetes cost effectiveness and cost utility studies using different 
treatment effects, for different types of interventions 

 Number of studies in each intervention group: Insulin (n=22); Management intervention (n=18); Oral 
therapy (n=33). The 3 studies that didn’t specify the intervention were not included in this graph. 

 



Chapter 6 

158 
 

Supplementary material 4: Undiscounted outcomes estimation  

Methods: 

Some studies reported multiple discounting rates outcomes in their sensitivity analysis. For 

example, a study that reports their ∆QALYs with a base case discounting rate of 3% may also 

reports their ∆QALYs with a 0% discounting rate and ∆QALYs with a 6% discounting rate in 

the sensitivity analysis. For each study like this, we calculated the ratio between the 

undiscounted ∆QALYs and the ∆QALYs in the specific discounting rate i that the study 

reported (3% and 6% in the example): 

𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑖𝑖,𝑗𝑗 = ∆𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄0,𝑗𝑗 ∆𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖,𝑗𝑗⁄  

where i represents the discounting rate and j represents the study. We then calculated the 

average ratio for discounting i: 

𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝚤𝚤�������� = (∑ 𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑖𝑖 ,𝑗𝑗)
𝑛𝑛
𝑗𝑗=1 /n 

This ratio was used in studies that reported their base case ∆QALYs in discounting rate i and 

didn’t report undiscounted ∆QALYs in their study. Undiscounted ∆LE was calculated using 

the same ratio as for ∆QALYs. 

Since some studies without undiscounted ∆QALYs reported their base case ∆QALYs in a 

discounting rate that were not included in any other study’s sensitivity analysis, no ratios 

were available for them to calculate the undiscounted ∆QALYs. A linear regression of 

average ratios on different discounting rates was fitted to help calculate those ratios. 
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Results: 

The calculated average ratios for different discounting rates can be found in Table S2. The 

linear regression can be found in Figure S3.  

Table S2 Average ratios of the different discounted rate change in QALYs 

 

 

 

Figure S3 Average ratios of the different discounted rate change in QALYs 

 

 1.5% 2.5% 3.0% 3.5% 5.0% 6.0% 8.0% 10.0% 

Average Ratio 1.30 1.56 1.57 1.70 2.09 2.38 3.25 3.31 

N of studies 
with ratio 

1 1 25 8 11 24 1 4 

N of studies 
use the 

average ratio 
1 0 20 5 5 0 0 0 
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Chapter 7 A discrete-time simulation model to 

predict long-term health outcomes for type 2 diabetes 

patients in Asia 

 

 

 

Abstract 

Objective: To develop the first diabetes simulation model based on data from Asian 

populations. 

Methods: The analysis was based on the ADVANCE trial, which includes 4136 type 2 diabetes 

patients from four different Asian countries. The study sample were followed up for a median 

of 10.5 years. Six outcome equations were built to predict the occurrence of major 

macrovascular events, major microvascular events and mortality. The six equations were 

linked together using a discrete-time simulation model with annual cycles. Age was used as the 

time scale in Weibull and Gompertz regressions. Internal validation were conducted by using 

the model to predict in-trial major vascular events and mortality in the sample which were used 

to build the model. The risk factors were applied in the simulation model in two different ways: 

1. use baseline values only, carrying the values forward for all following years; 2. use time 

varying risk factors based on the baseline and follow-up measures in the trial.  

Results: During the study period, 938 patients developed at least one major macrovascular 

event and 720 patients died. The two socioeconomic risk factors that were included in this 
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study—education years and Visual Analogue Scale score, were both found to be significant 

predictors in this ADVANCE Asian model. The internal validation generated almost identical 

results, irrespective of using baseline or time varying risk factors in the simulation model. The 

ADVANCE Asian simulation model generated similar estimated rates when compared to what 

was observed in the trial for each patient stratification (by age and gender). 

Conclusion: An Asian type 2 diabetes discrete-time simulation model was built in this study. 

The model performed well in internal validation. External validation is required in future 

studies.  

7.1  Introduction 

Due to rapid socioeconomic transition and lifestyle changes, the prevalence of diabetes has 

increased dramatically in Asia during the last few decades(1). In 2017, the International 

Diabetes Federation (IDF) estimated that China and India ranked highest on the global list of 

countries for the total number of people with diabetes, with 114.4 million and 72.9 million 

people respectively (2). By 2045, it’s estimated that there would be 629 million diabetes 

patients in the world, with more than 50% living in South East Asia and the Western Pacific 

region (2). The large and increasing diabetes population in Asia imposes a considerable 

economic burden on health budgets and health systems (3). 

Simulation modelling is a useful tool in the management of chronic disease as it can help to 

model the disease progression and forecast long-term effects of an intervention (4). It is widely 

used in diabetes health economic evaluations and plays an important role in clinical guidelines 

and evaluation of new drugs (5). While numerous type 2 diabetes simulation models have been 

developed to date(6), currently no model has been developed based specifically on Asian 

populations. Previous evaluations relied on existing type 2 diabetes models that were 



Chapter 7 

162 
 

developed using data from predominantly Caucasian populations (7-9). For example, the 

United Kingdom Prospective Diabetes Study (UKPDS) model was used to project the 

incidence of diabetes-related complications in a cost-utility analysis of liraglutide versus 

glimepiride in type 2 diabetes patients in China (7). Another Asian economics evaluation of 

thiazolidinediones applied the CORE Diabetes Model to predict long-term outcomes in type 2 

diabetes population in Thailand (9). 

It has been demonstrated in previous studies that substantial heterogeneity exists in the rates of 

many complications between type 2 diabetes patients from Asia and other regions of the world 

(10-12). As a result, using a diabetes simulation model developed within a predominantly 

Caucasian population to conduct economics evaluation in Asia can be problematic, as the 

model may wrongly predict the occurring of some diabetes complications and hence generate 

biased estimations on life expectancy, quality-adjusted life years (QALYs) and the incremental 

cost-effectiveness ratio. 

In this study, an Asian type 2 diabetes simulation model was developed based on participants 

in a large international randomised control trial—the Action in Diabetes and Vascular Disease: 

Preterax and Diamicron Modified Release Controlled Evaluation (ADVANCE) which included 

participants from four Asian countries. It aims to fill the gap in type 2 diabetes simulation 

modelling for Asian individuals and provide an Asian specific tool to be applied in future type 

2 diabetes economic evaluations. 

7.2  Methods 

7.2.1  Study sample 
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The design and background of the ADVANCE trial and the ADVANCE-ON post-trial follow-

up study has been described in Chapter 5. In this study, the analysis was based on the Asian 

subsample from the ADVANCE trial, which included 4136 type 2 diabetes patients from four 

different Asian countries: China (n=3293), India (n=471), Malaysia (n=236), Philippines 

(n=136). 88.5% (3660/4136) of this Asian subsample were involved in the post-trial follow-up. 

In this study, both the within-trial and post-trial follow-up records were used to conduct the 

analysis.  

7.2.2  Outcome equations in the ADVANCE Asian model 

The ADVANCE Asian model was designed to predict long-term major macro- and 

microvascular complications, all-cause mortality, as well as life years for type 2 diabetes 

patients in Asia. As defined in the ADVANCE trial, major macrovascular events refers to 

death from cardiovascular causes (ICD 9 code of 394-459 or 798.9), nonfatal myocardial 

infarction (ICD 9 of 410), or nonfatal stroke (ICD 9 of 430-435, or 437-438); major 

microvascular events refers to new or worsening nephropathy (development of 

macroalbuminuria (albumin: creatinine ratio >300µg/mg), doubling of serum creatinine to a 

level of at least 200µmol/l, requirement for renal replacement therapy, death from renal 

disease)  or retinopathy (development of proliferative retinopathy, macular edema or diabetes-

related blindness or the use of retinal photocoagulation therapy) (13). The ADVANCE Asian 

model includes six outcome equations, with one logistic regression and five time-to-event 

equations using survival analysis. As suggested in the UKPDS outcome model, Weibull 

regression was used to model the occurrence of diabetes-related complications, while logistic 

regression and Gompertz regression was used to model mortality (14). 

Equation 1 is a Weibull regression used to predict occurrence of the first major microvascular 

event for a patient. It was estimated based on a sample of individuals who didn’t have a history 



Chapter 7 

164 
 

of major microvascular events when entered to the trial. As levels of serum creatinine and urinary 

albumin were measured in only a subgroup of participants during the post-trial follow-up(15), 

equation 1 was estimated using in-trial records only. 

Equations 2 and 3 are Weibull regressions used to predict major macrovascular events. 

Equation 2 predicts occurrence of the first major macrovascular event, based on individuals 

who didn’t have a history of major macrovascular events when entered to the trial. Equation 3 

predicts repeated major macrovascular events, based on individuals who experienced a 

previous major macrovascular event prior to entering the tiral. 

Equations 4 to 6 are used to predict all-cause mortality. Equation 4 is a Gompertz regression 

used to predict mortality for patients without a history of major macrovascular events. 

Equation 5 is a logistic regression used to predict mortality in the first year after a major 

macrovascular event occurs. Equation 6 is again a Gompertz regression, which predicts 

mortality after a major macrovascular event in all subsequent years. Equation 6 was estimated 

based on individuals who had previous macrovasular events when entered to the trial, as well 

as records one year after any macrovascular events developed during the follow-up. 

Backward stepwise regression was used to select predictors from a set of candidate risk factors 

for each equation, with a significance level of 5%. The variables included in the model are 

listed in Table 1. Except for equation 5, which is a logistic regression, all the other equations 

were built using age as the time scale and with time varying risk factors. Values were carried 

forward until a new measurement was available. Patients without a single measurement on one 

or more risk factor during the follow-up (<0.5%) were omitted from the analyses. For patients 

who didn’t develop the targeted outcome, or died during the follow-up, they were censored at 
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their last known alive date (e.g. patients who didn’t participate in the post-trial follow-up 

would be censored at the end of the trial).  

7.2.3  Model structure 

The six equations are linked together using a discrete-time simulation model with annual 

cycles. The links between different disease states can be found in Figure 1. In each cycle, 

equation 1 (when there’s no previous major microvascular events), equation 2 or 3 (depending 

on whether there’s previous major macrovascular event), and equation 4 or 6 (depending on 

whether there’s previous major macrovascular event) are set to be run in a random order. 

Equation 5 will be run immediately after equation 2 or 3 only when a major macrovascular 

event is forecasted to happen in this cycle. The history of complications would change 

immediately when an event occurs and impact on the following equations in the same cycle.  

In each cycle, the probability of an event occurring is calculated and compared with a random 

number (with a uniform distribution ranging from 0 to 1) to determine whether an event 

occurs. The probability of developing an event between time t and time t+1 are calculated 

using the following formulas: 

Weibull (equations 1 to 3): 

𝐻𝐻(𝑡𝑡|𝑥𝑥𝑡𝑡𝑗𝑗) = exp (𝛽𝛽0 + 𝑥𝑥𝑡𝑡𝑗𝑗𝛽𝛽𝑗𝑗)𝑡𝑡𝑒𝑒 

Prob = 1− exp (H�t�𝑥𝑥𝑡𝑡𝑗𝑗� − H�t + 1�𝑥𝑥𝑡𝑡𝑗𝑗�) 

Logistic (equation 5): 

𝑂𝑂𝑂𝑂𝑂𝑂𝑄𝑄 = exp (𝛽𝛽0 + 𝑥𝑥𝑡𝑡𝑗𝑗𝛽𝛽𝑗𝑗) 
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𝑃𝑃𝑟𝑟𝑟𝑟𝑃𝑃 =
Odds

1 + Odds
 

Gompertz (equations 4 and 6):  

𝐻𝐻(𝑡𝑡|𝑥𝑥𝑡𝑡𝑗𝑗) = {exp(γt)− 1}exp(𝛽𝛽0 + 𝑥𝑥𝑡𝑡𝑗𝑗𝛽𝛽𝑗𝑗)𝛾𝛾−1 

Prob = 1− exp (H�t�𝑥𝑥𝑡𝑡𝑗𝑗� − H�t + 1�𝑥𝑥𝑡𝑡𝑗𝑗�) 

where xtj represents the value of risk factor j at time t, βj represents the coefficient for risk 

factor j, β0 represents the intercept coefficient, p is the shape parameter for Weibull regression, 

𝛾𝛾  is the shape parameter for Gompertz regression, H(t|xtj) is the cumulative hazard at time t, 

Odds is the ratio of the probability of event occurring over the probability of not occurring.  

7.2.4  Internal validation 

The ADVANCE Asian model was used to predict in-trial major vascular events and mortality 

at an individual level for the Asian subsample in the ADVANCE trial. The risk factors were 

applied in the simulation model in two different ways: 

1. Using baseline values only, carrying the values forward for all following years; 

2. Using time varying risk factors based on the baseline and follow-up measures in the 

trial. If a patient died before the end of the trial, carry the last available risk factors 

forward in the simulation in following years. 

The simulation were repeated 200 times to remove Monte-Carlo error. Simulated survival rates 

for major macrovascular events and all-cause mortality from year 1 to year 5 were calculated 

using the Kaplan-Meier method and compared with observed rates from the trial. Estimated 
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outcomes were then stratified by sex and age groups (using the median age as cut point) to 

examine the model performance in different patients groups. 

7.3  Results 

The average age of the ADVANCE Asian sample was 64.5 years (Standard deviation (SD) 

5.7). Other baseline characteristics of this sample can be found in Table 2. 4136 patients were 

followed up for a median of 10.5 years, providing a total of 38309 person-years of follow-up 

data for model fitting. The number of major macrovascular events, major microvascular events 

and death happened during the follow-up can be found in Table 3.  

The coefficients and standard errors for each outcome equation were presented in Table 4, as 

well as the number of subjects in which each equation was estimated. In particular, the two 

socioeconomic risk factors that were included in this study—education years and VAS score - 

were both found to be significant predictors in the ADVANCE Asian model. Longer education 

years was found to be protective of mortality after a major macrovascular event, while higher 

self-rated health regarding to the VAS score was also found to be protective from both major 

macrovascular events and mortality in this population. 

Using the ADVANCE Asian model, the simulated annual survival rates for a major 

macrovascular event and all-cause mortality were calculated and listed in Table 5, over a 5-

year period. The simulation that was based on baseline risk factors and the one that were based 

on time varying risk factors generated almost identical results. No significant difference was 

found between the observed in-trial survival rates and the simulated ones. Figure 2 illustrates 

the observed and simulated survival rates for all-cause mortality stratified by sex and age 

groups. It can be found that male subjects and patients greater than 65 years’ old had lower 

annual survival rates in the ADVANCE trial compared with female subjects and patients less 
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or equal to 65 years’ old. The ADVANCE Asian simulation model generated similar estimated 

rates when compared to what was observed in ADVANCE for each patient stratification.  

7.4  Discussion 

In this study, an Asian type 2 diabetes discrete-time simulations model was built based on the 

ADVANCE trial and its post-trial follow-up records. It includes six outcome equations and can 

be used to predict long-term major vascular events, all-cause mortality, as well as life years for 

type 2 diabetes patients in Asia. Internal validation was conducted by applying the model on 

the sample which was used to estimate it. The model’s predicted survival rates for major 

macrovascular events and all-cause mortality were similar to the observed rates in the 

ADVANCE trial. The internal validation results were robust when individuals were stratified 

by sex and age groups. 

This is the first type 2 diabetes simulation model that is built based on an Asian population. 

Other models, such as the UKPDS Outcome Model and the IMS CORE Diabetes Model, 

currently the most widely used type 2 diabetes models, apply outcome equations that were 

estimated from trials mainly consisting of Caucasian populations (14, 16). However, some 

previous studies have shown that Asian population might have a different type 2 diabetes 

disease process in certain aspects. For example, it was demonstrated in previous studies from 

ADVANCE that after controlling for other risk factors, compared with type 2 diabetes patients 

from Established Market Economies (Western Europe, North America, Australia and New 

Zealand), patients from Asia had higher risk of cerebrovascular and renal event, lower risk of 

coronary events (11), but higher odds of dying within 30 days after a major coronary event 

(12). In the fifth Mount Hood Challenge Meeting, where modellers from different diabetes 

modelling groups gathered and endeavoured to replicate the health outcomes in published 

clinical trials by using their models, it was found that models tended to overestimate the 
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incidence of major macrovascular events and underestimate the overall risk of nephropathy and 

retinopathy as defined in the ADVANCE trial, with the high proportion of Asian participants in 

the ADVANCE trial concluded as a potential reason (17). The ADVANCE Asian model is a 

first step on filling the gap in type 2 diabetes simulation modelling in Asia and provides a 

useful tool for future cost-effectiveness analysis in Asian population.  

Another feature of the ADVANCE Asian model is that it brings in socioeconomic risk factors 

along with the usual clinical ones into the model to predict vascular events and mortality. The 

VAS score was included in the model as a potential variable since in Chapter 5 it has been 

proved to be an important predictor of mortality in type 2 diabetes patients, especially in Asia. 

In the ADVANCE Asian model education years was found to be a predictor to mortality after a 

major macrovascular event, with a similar predictive power to age at diagnosis of diabetes. 

VAS score is included in all the equations on mortality and major macrovascular events, with 

its predictive power stronger than those traditional clinical risk factors such as blood pressure 

and total cholestrol-HDL ratio. The inclusion of these socioeconomic risk factors helps to 

improve the discrimination ability of the model. 

There are a couple of limitations to the ADVANCE Asian model and its application to health 

economic evaluations. Firstly, it only predicts on the combined major macrovascular and 

microvascular events, but not on the individual complications such as myocardial infarction, 

stroke, amputation, blindness etc. This makes it difficult to attach utility values on simulated 

outcomes. As a result, currently the ADVANCE Asian model can only generate indicative 

estimates of quality-adjusted life years. Secondly, the model doesn’t include equations to 

predict the trajectory of risk factors (e.g. HbA1c, systolic blood pressure, et al). In the internal 

validation, it was found that using baseline risk factors or time varying risk factor that were 

collected in the trial would generate very close simulation results on annual survival rates. This 
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is because risk factors only changed modestly within individual subjects in the ADVANCE 

trial. If the model is going to be used to make projections for subjects with potentially large 

variation on risk factors, new equations on risk factors should be developed and validated to 

see whether it can help to improve the estimations. What’s more, the model is conditional on 

its own structural assumptions which may lead to structural uncertainty. Besides of what has 

just been mentioned above regarding to the choice on endpoints (including combined vascular 

events instead of individual complications), the assumptions on function form and baseline 

hazards (e.g. different baseline hazards on mortality after major macrovascular events but not 

microvascular events) may all contribute to the model’s structural uncertainty and influence on 

its ability to estimate accurately. Finally, the model is developed using the Asian subsample in 

the ADVANCE trial, which is dominated by subjects coming from China (near 80%). External 

validation of the model is required in future studies to examine its forecasting ability in other 

Asian populations. 

In conclusion, an Asian type 2 diabetes discrete-time simulations model was built in this study 

based on subjects that came from Asian countries in the ADVANCE trial. The model includes 

six outcomes equations to predict major vascular events, all-cause mortality, as well as life 

years in this population. It was demonstrated, in the internal validation, that the model was able 

to simulate events that closely match those observed in the ADVANCE trial. The ADVANCE 

Asian model can be used in future cost-effectiveness analyses to evaluate interventions in type 

2 diabetes in Asia. 
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Table 1  Abbreviations, definitions and values of variables included in the model 

Abbreviations Definitions/values Equations 

Female 1 for female; 0 for male All 

Diab_age  Age in years at diagnosis of diabetes All 

Education Years of education All 

HbA1c Haemoglobin A1c concentration (%) All 

Systolic blood pressure  per 10 mmHg All 

BMI  Body mass index, kg/m2 All 

Total cholestrol-HDL 
ratio 

Ratio between total and high-density 
lipoproteins cholesterol All 

Albcr  Urinary albumin-to-creatinine ratio, in log form All 

Smoking  
1 for current smoker (cigarette, pipe or cigar); 0 
otherwise 

All 

Hypertension 
medication 

1 for current usage of any blood pressure 
lowering therapy (ACE inhibitors, angiotensin-
receptor blockers, beta-blockers, calcium 
antagonists, thiazide/thiazide- like diuretics, other 
diuretics, and any other blood pressure lowering 
drugs), 0 otherwise 

All 

Major micro- 
1 for history of major microvascular events; 0 
otherwise 2 to 6 

VAS 
Self-rated health in Visual Analogue Score, per 
10 unit All 

Age  Current age in years  5 
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Figure 1 Links between different disease states in the simulation model 

Eq 1: First microvascular event; Eq 2: First macrovascular event; Eq 3: Repeat macrovascular event; Eq 4: Death without previous macrovascular event; Eq 
5: Death within one year after a macrovascular event; Eq 6: Death after one year after a macrovascular event 
Macro-: major macrovascular event; Micro-: major microvascular event 
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Table 2 Baseline characteristics of the cohort (n=4136) 

Characteristics    

Age, years 64.5 ±5.7 

Female 1926 (46.6) 

Age at diagnosis of diabetes, years  8 (3-12) 

Education, years 18.3 ± 7.5 

HbA1c, %  7.75 ±1.76 

Systolic blood pressure, mmHg 141.1 ±21.7 

BMI, kg/m2 25.3 ±3.4 

Total cholestrol, mmol/L 5.27 ±1.23 

HDL cholesterol, mmol/L 1.29 ±0.37 

Urinary albumin-to-creatinine ratio 18.0 (8.8-49.0) 

Current smoking (cigaratte, pipe or cigar) 576 (13.9) 

Hypertension medication 2812 (68.0) 

History of major macrovascular event 1261 (30.5) 

History of major microvascular event 496 (12.0) 

Visual Analogue Scale 79.9 ±13.5 
Data are expressed as mean ± SD, n (%), or quartile 2 (quartile 1-quartile 3) unless otherwise 

indicated 

 

 

Table 3 Number of outcomes observed during the randomized trial and the overall follow-up 

 In-trial period Overall follow-up 

Major macrovascular events 418 938 

First events (no previous event at baseline) 220 502 

Repeated events (with previous event at baseline) 198 436 

Major microvascular events 555 NA 

First events (no previous event at baseline) 425 NA 

Repeated events (with previous event at baseline) 130 NA 

Death 312 720 
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Table 4 Coefficients (standard errors) for equations to estimate the probability of diabetes 
related complication and death 

 

Equation 1 
Weibull 

(n=3627) 

Equation 2 
Weibull 

(n=2863) 

Equation 3 
Weibull 

(n=1255) 

Equation 4 
Gompertz 
(n=2863) 

Equation 5 
Logistic 
(n=927) 

Equation 6 
Gompertz 
(n=1532) 

Female  -0.300 
(0.091) 

 -0.302 
(0.140) 

-0.564 
(0.159) 

-0.563 
(0.166) 

Diab_age (years) -0.038 
(0.007) 

 -0.015 
(0.007) 

 -0.022 
(0.011) 

-0.028 
(0.009) 

Education (years)     -0.023 
(0.010) 

-0.024 
(0.011) 

HbA1c (%) 0.157 
(0.029) 

     

Systolic blood pressure 
(10 mmHg) 

  0.053 
(0.026) 

-0.083 
(0.041) 

0.110 
(0.038) 

 

BMI (kg/m2)    -0.064 
(0.022) 

-0.077 
(0.024) 

 

Total cholestrol-HDL 
ratio 

 0.029 
(0.012) 

0.047 
(0.014) 

   

Albcr (log form) 0.499 
(0.037) 

0.196 
(0.034) 

0.174 
(0.034) 

0.183 
(0.053) 

 0.170 
(0.055) 

Smoking    0.407 
(0.180) 

   

Hypertention medication   0.404 
(0.125) 

   

Major micro- NA 0.356 
(0.107) 

 0.535 
(0.159) 

0.710 
(0.164) 

0.465 
(0.172) 

VAS (10 unit)  -0.094 
(0.035) 

-0.156 
(0.034) 

-0.353 
(0.047) 

-0.176 
(0.055) 

-0.240 
(0.049) 

Age (years) NA NA NA NA 0.044 
(0.014) NA 

Constant -22.181 
(2.730) 

-24.966 
(2.331) 

-21.067 
(2.839) 

-7.349 
(1.158) 

-0.312 
(1.274) 

-9.882 
(1.034) 

ρ 4.834 
(0.661) 

5.551 
(0.515) 

4.907 
(0.660) NA NA NA 

Gamma NA NA NA 0.104 
(0.011) NA 0.127 

(0.014) 
Equation 1-- First microvascular event;  
Equation 2-- First macrovascular event;  
Equation 3-- Repeat macrovascular event;  
Equation 4-- Death without previous macrovascular event;  
Equation 5-- Death within one year after a macrovascular event;  
Equation 6-- Death after one year after a macrovascular event 
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Table 5 Observed and simulated survival rates for major macrovascular event and all-cause 
mortality in the ADVANCE trial 

  
Observed survival rates, 

(95% CI) 
Simulated survival rates, 

baseline RFs  
Simulated survival rates, 

time varying RFs 

Major macrovascular events 

Year 1 0.980 (0.975, 0.984) 0.979 0.979 

Year 2 0.957 (0.950, 0.963) 0.957 0.957 

Year 3 0.938 (0.931, 0.945) 0.934 0.935 

Year 4 0.918 (0.909, 0.926) 0.912 0.913 

Year 5 0.898 (0.888, 0.907) 0.889 0.890 

All-cause mortality 

Year 1 0.991 (0.987, 0.993) 0.988 0.988 

Year 2 0.978 (0.973, 0.982) 0.974 0.974 

Year 3 0.964 (0.958, 0.969) 0.960 0.959 

Year 4 0.945 (0.937, 0.951) 0.943 0.944 

Year 5 0.925 (0.916, 0.933) 0.926 0.926 

            RFs—risk factors; CI—confidence interval 
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(A) By sex 

 

(B) By age 

  

Figure 2 Observed and simulated survival rates for all-cause mortality in the ADVANCE trial, 
by sex and age groups
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Chapter 8 Discussion 

8.1  Chapter summary  

This thesis includes six individual studies focusing on chronic diseases, with a specific emphasis 

on diabetes, from a health economics perspective. The first two studies examined the cost of 

chronic diseases. They separately investigated two important economic issues that impact people 

with chronic diseases: out-of-pocket expenditure from patients; and price of prescription 

medications. The next two studies investigated risk prediction on long-term health outcomes for 

chronic diseases, with a specific focus on regional and population differences. The last two study 

focused on the use of simulation modelling in type 2 diabetes, with one systematic review and 

regression analysis on existing model-based health economic evaluations, and a new Asian 

simulation model based on individual level data.  

The thesis applied a diverse range of health economic methods using multiple types and sources 

of data from different countries and ethnic groups. This included: 

• An Australian national representative survey linked to administrative Medicare records 

(the AusHEART study);  

• Nationally representative panel surveys of the US population on medical expenditure (the 

MEPS); 

• An Indigenous cohort in Australia (the WPHC linked to hospitalization and death 

records);  

• An international multi-country RCT which includes over four thousand Asian subjects 

(the ADVANCE trial and post-trial follow-up); 
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• Reported model inputs and outputs collected from a systematic review of published type 

2 diabetes economics evaluations. 

 

The study makes several contributions of relevance to the economics of chronic diseases:  

In chapter 2, using a case study involving an Australian national representative sample, price 

indices and concentration indices were constructed to track changes in OOPE over time. It was 

found that from 2008 to 2012 the per patient OOPE of out-of-hospital medical services increased 

by 10.9%, which can be decomposed into a 7.3% price increase with the remainder from 

increases in the quantity of services used. OOPE tended to be higher among those on higher 

incomes. During the same period, OOPE increased at a similar or smaller rate to the CPI for 

diabetes, CVD, kidney disease and cancer patients, 

Chapter 3 investigated the trend of expenditure and price for insulin and other antihyperglycemic 

medications in the US from 2002 to 2013 and found that the estimated spending for per patient 

insulin tripled during the study period. From 2011 the annual cost of insulin had been 

significantly greater than the combined expenditure on all other antihyperglycemic medications. 

The mean price per milliliter of insulin increased by 197% during the study period, whereas the 

mean price of DPP-4 inhibitors increased by 34% and the mean price of metformin decreased by 

93%. These results demonstrated an increasing economic burden from the prescription 

medications for diabetes patients in US, mainly coming from the increased insulin price. 

Chapter 4 involved validation of the 1991 Framingham CVD risk model using data from a 

remote Australian Indigenous cohort (1). The 1991 Framingham CVD risk stratification tool 
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forms the basis of Australian guidelines for prevention and treatment of CVD (2). An additional 

validation was undertaken using a more recent version of the Framingham equation developed in 

2008 (3). It was found that both models underestimated the future CVD risk in this Australian 

Indigenous sample by about one-third on average. A recalibrated model based on the 2008 

Framingham equation was developed and shown to have good performance on predicting five-

year CVD risk in this population. The calibrated model was used to calculate the first evidence-

based CVD risk chart for an Australian Indigenous population. 

In chapter 5, the association between self-rated health as reported in VAS score and all-cause 

mortality for type 2 diabetes patients worldwide was examined to determine if the strength of 

association differs across countries. It was found that the VAS score was a stronger predictor on 

mortality in Asia and a weaker predictor in Eastern Europe when compared to EMEs. This result 

indicated that the VAS score can be useful to be included in risk prediction models and 

simulation models for type 2 diabetes patients, but further recalibration is required before it can 

be used as a global health measure and be compared directly across different countries of the 

world. 

Chapter 6 involved a systematic review of the economics evaluations that use type 2 diabetes 

simulation models to estimate long-term outcomes of QALYs or LE. Regression analysis was 

conducted using data extracted from the seventy-six included studies. The results indicated that 

there was a consistent relationship between the model inputs and model outputs-- a 1% HbA1c 

decrease in intervention on average resulted in an increase in life-time QALYs and LE of 0.371 

and 0.642 respectively. This is the first study that used quantitative techniques to review type 2 



Chapter 8 

182 
 

diabetes cost-effectiveness studies and evaluate the relationship between treatment-effect 

assumptions and simulated outcomes. 

In chapter 7 an Asian type 2 diabetes discrete-time simulation model was developed based on 

subjects in the ADVANCE trial (4). The model includes six outcome equations to predict major 

macrovascular events, major microvascular events and all-cause mortality in this population. The 

VAS score was found to be a significant predictor in the equations for major macrovascular 

events and all-cause mortality. The model showed good predictive ability in internal validation 

and can be used in future cost-effectiveness analysis to evaluate interventions for type 2 diabetes 

in Asia. 

8.2  Study impacts 

Four studies from this thesis (chapter 2, 3, 4, 6) have been published in peer-reviewed journals. 

Several of studies have received widespread attention in the research community as well as 

interest from the news media. The insulin cost paper (chapter 3), which was published on the 

Journal of American Medical Association (JAMA), has to date 29 academic citations and had a 

significant media impact—according to Altmetric it was featured in more than one hundred 

media stories, including Reuters (“Insulin cost in U.S. more than doubles between 2002-2013”) 

(5). One coauthor of this study was interviewed by the TIME magazine to introduce the study 

results and talk about the potential consequence the high insulin price may cause on the patients 

(6): 

“The dramatic increase in the cost of insulin in the United States may deny some people access 

to a life saving therapy,” says study author Dr. William H. Herman of the University of 
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Michigan. “The price increases have had the greatest impact on individual patients without 

pharmacy benefits who pay out-of-pocket for their insulin, not on pharmacy benefit managers for 

large insurance companies who receive discounts.” 

The paper has an Altmetric score of 955 

(https://jamanetwork.altmetric.com/details/6482840#score), which is in the top 0.05% of all 

research outputs ever tracked by Altmetric. The other three published studies also received 

attention on news and social media. Chapter 2 

(https://dimensionsplus.altmetric.com/details/17030561#score) and chapter 4 

(https://sage.altmetric.com/details/23200694#score) are in the top 5% on Altmetric while 

chapter 6 (https://springeropen.altmetric.com/details/13902246#score) is in the top 15%. The 

Indigenous CVD risk calibration study (chapter 4) was covered by Croakey (a social journalism 

website on health issues) as an “Important news for Aboriginal and Torres Strait Islander people” 

(7). This study was also reported by the Conversation to call for better use of patient information 

to improve health (8). The OOPE study (chapter 2) resulted in an article on Croakey to argue for 

a greater transparency of the Medicare data in Australia and inform policy reform (9). 

8.3  Implications  

The study results in this thesis have implications for both clinical settings and health economics.  

8.3.1  Implications for clinical settings 

The thesis highlighted the necessity of taking account of cost into clinical decisions. Chapter 3 

demonstrated a dramatic increase on insulin cost in the US from 2002-2013. Besides highlighted 

the dramatic changes of insulin price over the last decade, it also raised questions on insulin 
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prescribing—do those more costly new insulin products produce superior outcomes that can 

justify their higher costs? For example, insulin glargine, a long-acting insulin analogue, has 

largely supplanted once-popular human insulins (e.g. neutral protamine Hagedorn (NPH)) for 

type 2 diabetes (10). Compared to NPH insulin, insulin glargine was found to have equal clinical 

efficacy and similar reductions in HbA1c (11), modest ability to lower absolute rates of 

nocturnal hypoglycemia (12), but much higher costs and hence very high incremental cost-

effectiveness ratio (13). The study (chapter 3) has contributed to a recent discussion on revisiting 

NPH insulin for type 2 diabetes (14) and was cited by the latest American Diabetes Association 

Standards of Medical Care in Diabetes to emphasis the importance of cost-effectiveness in 

patient-centered cares (15): 

“There have been substantial increases in the price of insulin over the past decade and the cost-

effectiveness of different antihyperglycemic agents is an important consideration in a patient-

centered approach to care (Hua et al. 2016)” 

This thesis also provided practical tools and hints on risk stratification for chronic diseases in 

clinical settings. In chapter 4, the Framingham CVD risk model was recalibrated in an Australian 

Indigenous cohort so it can correct the underestimation in the origin model and provide more 

accurate predictions for this population. This study for the first time provided an evidence-based 

CVD risk prediction tool for the Australian Indigenous population. The development of such a 

tool is important as there is little empirical evidence supporting the risk classification system in 

the current Australian guideline (a combination of level D weak evidence plus a consensus-based 

recommendation) (2). Risk charts that were developed in chapter 4 based on the recalibrated 

Framingham model can be used as a convenient tool in clinical settings to quickly predict an 
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Indigenous person’s five-year CVD risk. In chapter 5, self-rated health as reported in the VAS 

score was proved to be a predictor to all-cause mortality in type 2 diabetes patients worldwide. 

The study further compared the predictive ability of VAS score on mortality with smoking, a 

strong traditional predictor of death in the diabetes population, and found that a much wider 

range of future risks can be reflected by the VAS scores, especially in Asia. This indicated that 

the VAS score can be a useful measurement for doctors in clinical settings to estimate on 

patient’s future mortality risk and target patients with a poor prognosis.   

8.3.2  Implications for health economics 

The thesis has several implications for health economics.  Firstly, through the cost analyses it 

proposed potential methods to better monitor and control health expenditure for patients with 

chronic diseases. In chapter 2, a case study was conducted by using the administrative data from 

Medicare to generate price and equity indices and more efficiently evaluate on OOPE. 

Australia’s Medicare generates very large amounts of data on OOPE, but only highly aggregated 

statistics are routinely published (16).  This study provided a method that can be easily applied to 

the Medicare data on the national level. Through calculating the indices, the government can 

provide more transparent and informative statistics on OOPE for medical services, which would 

timely reflect the price change for different types of medical services and facilitate the evaluation 

of current policies.  

The study results reported in chapter 3 has contributed to an extensive discussion on insulin price 

in the US. It provided some solid figures on insulin cost in the recent decade and has encouraged 

a revisiting on the insulin pricing system in the US (17-19). In the spring of 2017, an American 

Diabetes Association Insulin Access and Affordability Working Group was committed to find 
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ways to provide relief for individuals and families who lack affordable access to insulin. Their 

report concluded that the current pricing and rebate system in the US encourages high list prices 

and there is a lack of transparency throughout the insulin supply chain, thus efforts should be 

made to change this and make insulin more affordable to patients (19). Currently, there are only 

three insulin manufacturers in the US. The government should consider steps to foster 

competition to help lower the insulin price, particularly as the patents on several insulins have 

expired or are due to expire (20). 

Secondly, the thesis emphasized on the importance of localization when applying risk tools or 

simulation models in different populations. Biased estimates can occur when a risk prediction 

model is used in a population with very different baseline hazards and risk factor levels. For 

example, in chapter 4 it was found that by replacing the baseline CVD rate and means of risk 

factors in the Framingham model with the cohort’s own figures, the recalibrated model can 

correct the underestimation and provide reasonable predictions on five-year risks for Indigenous 

Australians. It is also possible the predictive power of some risk factors to be different across 

populations. In chapter 5, it was found that the VAS score has significantly different strengths of 

association with mortality across countries. As a result, people in different regions on the world 

reporting the same VAS score can face very different future risk of mortality. In chapter 7, an 

Asian diabetes simulation model was developed based on empirical patients’ data from Asia, 

which incorporated the VAS score as a novel predictor. A large proportion of the world’s chronic 

diseases burden come from developing countries and low-/middle- income populations today 

(21, 22). There is an urgent need to build or localize existing chronic disease models based on 

empirical data from these populations, thus to facilitate on chronic disease prevention. 
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At last, the thesis also provided a diagnostic tool and benchmark for simulation model based cost 

effectiveness studies on type 2 diabetes. The consistent relationship between change in HbA1c 

and model outcomes found in chapter 6 can be used to identify analyses that deviate from the 

general trend and allow the decision makers to investigate whether there are other factors that 

may have led to the discrepancy and whether they are reasonable. The regression estimated in 

chapter 6 can also be used to give a rough prediction on the long-term effectiveness from an 

intervention when limited information and resources are available to run a diabetes simulation 

model. Simulation modelling is widely used in other chronic diseases as well, such as chronic 

obstructive pulmonary disease (23). The meta-analytic approach used in chapter 6 – to build 

regressions based on model inputs and outputs systematically collected from published studies, 

can be used in other chronic diseases to combining the results of cost-effectiveness studies. 

8.4  Limitations and future work 

The limitations in each study have been described in detail in previous chapters. In particular, it 

should be noted that the Indigenous CVD risk prediction tool and Asian type 2 diabetes 

simulation model presented in the thesis haven’t gone through any external validation. As 

models that were built or recalibrated based on local data, they are supposed to generate more 

accurate estimations compared to previous models that were built with mostly Caucasian data. 

However, their performance still need to be evaluated in another sample of the targeted 

population. The Indigenous CVD prediction tool was developed by using an Indigenous cohort 

from remote Indigenous communities in Far North Queensland, Australia. It is worth to examine 

its performance in other Indigenous populations, for example Indigenous Australians living in 

urban areas. The Asian type 2 diabetes simulation model was developed based on the Asian 
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subsample in the ADVANCE trial, which is dominated by subjects coming from China (near 

80%). External validation on the model is required in future studies to examine its forecasting 

ability in other Asian populations. 

8.5  Conclusions 

In summary, this thesis includes six individual studies which separately looked at cost, long-term 

risk prediction and simulation modelling of chronic diseases, with a specific emphasis on 

diabetes, from a health economics perspective. Each of the study makes a contribution to the 

literature. Four studies have been published in peer-review journals and several have had a 

significant media impact. The thesis has important implications both for clinical settings and for 

health economics. It is hoped that the research findings, risk tools, and methodologies provided 

in this thesis would contribute to controlling for the cost and lowering the risk of developing 

chronic diseases in the future.
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Appendix 1 First author publications arising from this 

thesis 

 

Four Chapters in this thesis have been published on peer-reviewed academia journals. All these 

four paper are free to access online— 

The study Using administrative data to look at changes in the level and distribution of out-

of-pocket medical expenditure: An example using Medicare data from Australia (chapter 2) 

is an open access article on Health Policy; 

The study Expenditures and Prices of Antihyperglycemic Medications in the United States: 

2002–2013 (chapter 3) that was published on JAMA is available in PubMed Central as an 

author manuscript (PMC4886177); 

The study Validation and recalibration of the Framingham cardiovascular disease risk 

models in an Australian Indigenous cohort (chapter 4) is an open access article on European 

Journal of Preventive Cardiology.  

The study How Consistent is the Relationship between Improved Glucose Control and 

Modelled Health Outcomes for People with Type 2 Diabetes Mellitus? a Systematic Review 

(chapter 6) is an open access article on PharmacoEconomics. 
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a b s t r a c t

Objectives: Australia’s universal health insurance system Medicare generates very large
amounts of data on out-of-pocket expenditure (OOPE), but only highly aggregated statis-
tics are routinely published. Our primary purpose is to develop indices from the Medicare
administrative data to quantify changes in the level and distribution of OOPE on out-of-
hospital medical services over time.
Methods: Data were obtained from the Australian Hypertension and Absolute Risk Study,
which involved patients aged 55 years and over (n = 2653). Socio-economic and clinical
information was collected and linked to Medicare records over a five-year period from
March 2008. The Fisher price and quantity indices were used to evaluate year-to-year
changes in OOPE. The relative concentration index was used to evaluate the distribution of
OOPE across socio-economic strata.
Results: Our price index indicates that overall OOPE were not rising faster than inflation, but
there was considerable variation across different types of services (e.g. OOPE on professional
attendances rose by 20% over a five-year period, while all other items fell by around 14%).
Concentration indices, adjusted for demographic factors and clinical need, indicate that

OOPE tends to be higher among those on higher incomes.
Conclusions: A major challenge in utilizing large administrative data sets is to develop reli-
able and easily interpretable statistics for policy makers. Price, quantity and concentration
indices represent statistics that move us beyond the average.

© 2017 The Author(s). Published by Elsevier Ireland Ltd. This is an open access article
Y-NC-N
under the CC B

1. Introduction
Changes in the level and distribution of out-of-pocket
expenditure (OOPE) for health care goods and services have
become an increasing focus for both researchers [1–5] and
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policy makers [6]. According to the Australian Institute
of Health and Welfare (AIHW), total health expenditure
in Australia in 2013–2014 was $154.6 billion, of which
$27.5 billion came from OOPE from individuals [7]. The
total OOPE was more than double the $11 billion spent a

decade earlier in 2001–2002 [6]. This trend is not unique to
Australia; a US study found that OOPE increased by 39.4%
per person from 1996 to 2005, and the growth was not
evenly distributed across the population [2]. Similarly, a
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anadian study showed that from 1997 to 2009, OOPE
ncreased for households in all income quintiles, and the
elative  increase was greatest among households in lower
ncome  quintiles [1].

Previous  Australian research on OOPE has had to rely
n  survey data that are periodically collected by statis-
ical agencies [8,9]. Such data are often costly to collect
nd  only provide a series of snap-shots based on self-
eported information from people who live in the general
ommunity. In countries with universal health insurance
chemes, there is scope for estimating OOPE much more
requently by linking individual administrative payments
cross the entire population. For example, information on
ealth  care utilisation and payments are routinely collected
nder  Australia’s national health insurance scheme, Medi-
are,  which covers a wide range of medical services. The
epartment of Health plans to release a linked 10% sample
f  administrative data from Medicare (more information on
he  release of those data can be found at www.data.gov.au),
hich could be used to routinely generate population level

tatistics  on OOPE in the future.
There is also scope to link health records with other

nformation about individuals such as their socio-economic
tatus. The first example of this in Australia was the
robabilistic linkage of mental health services used under
edicare to the 2011 Australian census which contains

nformation on household income [10]. However, there
re  presently no routinely published statistics on the dis-
ribution  of OOPE across different socio-economic groups
n  Australia. The development of statistics to quantify
nequality, such as those based on a concentration index
11],  would enhance an understanding of the distributional
mpact of changes in OOPE.

The  purpose of this study is to demonstrate how indices
an  be calculated from routinely collected administrative
ealth care data to quantify changes in the level and dis-
ribution of OOPE. We  illustrate how this can be done for
ut-of-hospital OOPE using a national representative sur-
ey  (the AusHEART study) which has been linked over a
ve-year  period to Medicare data at an individual level. In
he  first half of our analysis we explore how price indices,
hich have been widely used to track changes in prices of
arket  based goods, can be used to track changes in out-of-

ospital OOPE using a representative basket of health care
ervices.  The second half of the paper explores the use of
oncentration indices to measure changes in the distribu-
ion  of payments across income classes over time.

.  Background

Medicare is a Federal Government-funded universal
ealth insurance scheme which reimburses Australian cit-

zens  and some residents [12] for at least part of the cost
f  a range of out-of-hospital medical services provided by
rivate  practitioners on a fee for service basis. The benefit a
atient  receives from Medicare is defined by the Medicare
enefits Schedule (MBS), in which the Government sets the

cheduled  fee for different services [13]. Health consumers
an  claim 100% of this fee from Medicare as a rebate for
eneral practice (GP) services and 85% of the fee for non-
P  services when the services are provided out of hospital
21 (2017) 426–433 427

[13].  There is no limit on what providers may  charge for
any  service, which means the fee charged can be more than
the  scheduled fee. OOPE arises whenever the fee charged is
above  the Medicare rebate. Medical practitioners can also
choose  to accept the Medicare benefit as full payment for a
service  (known in Australia as bulk-billing [14]). An advan-
tage  of bulk-billing from a provider perspective is that it
is  a way of avoiding bad debts and entails lower adminis-
trative costs [15]. Health consumers receiving bulk-billed
Medicare services incur no OOPE.

Currently the only routinely published information on
OOPE  in Australia covers broad categories of medical ser-
vices  (e.g. diagnostic imaging) [16]. The statistics regularly
reported for each of these broad categories are: (i) the
number of services; (ii) the proportion of services that are
bulk-billed (no OOPE); (iii) and the average OOPE for those
services  where an additional fee was charged.

Using these published statistics, the annual OOPE per
person for out-of-hospital services has increased by 75% in
nominal  terms from $59.60 in 2003 to $104.40 in 2012 and
the  number of services used has increased from 10.5 to 13.5
during  the same period. This rise in OOPE per person could
be  due to: (i) a rise in the fees charged for existing services;
(ii)  changes in the level and relative use of services; or (iii)
the  addition of new items on the MBS  schedule.

As we can see from Fig. S1 in Supplementary material,
between the financial years 2003–2004 and 2012–2013,
there were considerable changes in the average per service
OOPE  for different categories of services used on the MBS.
For  example, the average OOPE for pathology services (MBS
Item  No. 65060-74999) dropped by 55%, while the OOPE
for  Operations (MBS Item No. 30001-50952) increased by
201%.  These changes were due to variations in the rate of
bulk-billing, since the bulk-billing trends were very dif-
ferent  in different types of services, as well as the fees
that  were charged above the Medicare rebate. Alongside
changes in the average OOPE, there were also changes in
the  relative quantity of different services. The quantity of
operation-related services increased at a much slower rate
compared  with other MBS  categories (see Fig. S1), while
the  relative OOPE per service increased at a much faster
relative rate.

To  better understand changes in OOPE and inform pol-
icy,  there is a need to develop statistics that disentangle
changes that are due to the fees charged, from those that are
related  to the quantity and type of services used. A poten-
tially  useful statistic is an index of OOPE which quantifies
changes in patient charges over time, in the same way the
consumer price index (CPI) tracks general price movements
[17]. It is also possible to develop a quantity index that takes
into  account the relative importance of different types of
medical  care in terms of their contribution to OOPE [18].

3.  Method

3.1. Data
The AusHEART study involved a nationally repre-
sentative, cluster-stratified, cross-sectional survey in the
primary  health care setting carried out in 2008 [19]. The
GPs  who  agreed to participate in the study were asked
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to provide clinical information on 15–20 consecutively
presenting, consenting patients aged 55 years and over,
irrespective of their reason for the consultation. All par-
ticipants were given an option to consent to participate in
a  second component of the study, in which each partici-
pant’s health expenditure would be tracked across the next
5  years through linkage with their Medicare number.

The results presented in this paper focus on the
Medicare-linked sub-sample (50.1% of the AusHEART
participants). To account for the oversampling in rural
practices in the AusHEART study [19], weights were gen-
erated  according to age, sex and remoteness to ensure the
sub-sample used in all analyses was representative of the
Australian population aged 55 years and over. The method
to  generate the weights has been described in detail else-
where  [20]. Participants who permanently discontinued
use of Medicare services were assumed to have either died
or  migrated overseas and so were excluded from the anal-
ysis  for the years in which they had no reported use.

Information collected from the AusHEART question-
naire included participant demographic characteristics,
household income and health-related status (smoking,
diabetes, cardiovascular disease, kidney disease and self-
reported health status). Participants were asked to classify
their  gross household income into one of seven categories,
ranging from negative or nil income to $2000 or more
per  week. We  calculated equivalised income to adjust
for  differences in household composition by applying the
Organisation for Economic Co-operation and Development
equivalence weights to the mean of the bounds of the
income categories, where a value of 1 was assigned to the
head  of the household, 0.5 to each additional adult and 0.3
to  each child [21].

This  study uses Medicare administrative records
(including both MBS  and Pharmaceutical Benefit Scheme
(PBS)  data) to report the use of medical services and costs.
MBS  item number, OOPE and payment type (whether
bulk–billed or not) for each MBS  record from 1st March
2008 to 28th Feb, 2013 were collected. Attendance services,
which  are mainly provided by general practitioners, spe-
cialists  and physicians, were identified items with numbers
between 3 and 10948 as professional attendances in accor-
dance  with the Medicare Benefits Schedule Book [12] and
analysed  separately as a subgroup.

3.2. Statistical analysis

3.2.1.  Price & quantity analysis
A  price index is a measure of the average price level

based on a basket of goods. Changes in the index allow
us  to estimate movements in the price over time. As the
prices  of different goods and services do not all change
at  the same rate, a price index can only reflect average
movements [17]. In this study we employed the Fisher
price index which is routinely used to quantify changes in
macroeconomic statistics such as movements in consumer
prices [22]. We  also calculated the Fisher quantity index,

which  measures the real growth in the use of MBS  items
per  patient over time. The Fisher price index multiplied by
the  Fisher quantity index represents the ratio of the change
in  total OOPE [18]. In this study we used this relationship
21 (2017) 426–433

to  decompose the per patient OOPE increase into price and
quantity  changes. More information on the derivation of
these  indices is contained in Supplementary material.

3.2.2. Equity analysis
We  employed the concentration curve and concentra-

tion index to evaluate the degree of inequality in the
distribution of OOPE spending and quantity of out-of-
hospital services from 2008 to 2012 [23]. The concentration
curve plots the cumulative percentage of OOPE against the
cumulative percentage of the population, ranked by socio-
economic status, beginning with the poorest, and ending
with  the richest [11,24]. In this study, we  used equivalised
household income as the measure of socio-economic sta-
tus.

A  45◦ line of perfect equality reflects a situation in which
OOPE or quantity is equally distributed across income. A
curve  that lies wholly above (or below) the 45◦ line rep-
resents a situation where the expenditure is concentrated
amongst those on lower (or higher) incomes. The degree of
inequality  increases the further the concentration curve is
away  from the 45◦ line. The concentration index, which is
a  relative measure of inequality, represents twice the area
between  the concentration curve and the line of perfect
equality [24–26]. It can range from −1 to 1, with an index
of  0 denoting the absence of any systematic correlation, a
positive  index a pro-rich distribution, and a negative index
a  pro-poor distribution.

We  employed the indirect standardisation method to
control  for differences in medical need across income
groups. We  standardised OOPE and quantity of services by
need  as determined by age, sex, self-reported health and
established conditions including diabetes, cardiovascular
disease, chronic kidney disease and cancer. The diagnoses
of  diabetes, cardiovascular disease and chronic kidney
disease were collected from the AusHEART study. The diag-
nosis  for cancer was  not available in the AusHEART study so
we  derived an indicator variable for current treatment for
cancer  using data from the MBS  and PBS, including item
numbers for chemotherapy, radiation oncology, nuclear
medicine procedures and prescriptions for antineoplastic
and immune-modulation agents. The detailed method to
conduct  the standardisation has been documented else-
where  [20]. In brief, we used multiple linear regression to
estimate  the OOPE/quantity that could not be explained by
medical  needs for each patient (i.e. the difference between
observed and predicted OOPE/quantity), and added this to
the  average OOPE/quantity of the sample to derive the stan-
dardised  measures.

3.2.3.  Other analyses
We  compared the characteristics of the sub-sample for

analysis  (Medicare-linked sub-sample) with those of the
patients  in the broader AusHEART study using the t-test for
the  difference of means for continuous variables and the
z-test  for the proportions of binary variables. Annual per
patient  OOPE and quantity of services were calculated from

2008  to 2012. We  compared the changes in the price index
for  OOPE to the overall CPI to determine how the change in
OOPE  compares with general price inflation. The 95% con-
fidence  intervals for the price, quantity and concentration
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Table 1
Annual per patient out-of-pocket expenditure (OOPE) and quantity and Fisher indicesa, out-of-hospital services, 2008–2012.

2008 2009 2010 2011 2012 Diff. between
2012–2008 (95% CI)

p  Value of diff.

OOPE, nominal term
Total  148.7 144.7 159 168.6 164.9 16.2 (1.0, 31.5) 0.036a

Attendance 89.5 91 99.9 105.6 106.6 17.1 (8.7, 25.4) <0.001a

Others 59.2 53.7 59.1 63 58.3 −0.8 (−11.2, 9.5) 0.876

Quantity
Total (bulk-billing rate, %) 33.1 (85.8) 32.5 (86.5) 33.6 (86.6) 35.0 (86.9) 34.8 (88.2) 1.8 (0.2, 3.3) 0.027a

Attendance (bulk-billing rate, %) 15.5 (80.0) 15.0 (80.7) 15.2 (80.3) 15.6 (80.8) 15.9 (81.8) 0.3 (−0.4, 1.0) 0.397
Others (bulk-billing rate, %) 17.5 (91.4) 17.5 (92.0) 18.3 (92.3) 19.4 (92.3) 19.0 (93.7) 1.5 (0.4, 2.5) 0.007a

Fisher price index
Total  1.00 1.01 1.03 1.05 1.07 0.07 (0.02, 0.14) 0.011a

Attendance 1.00 1.05 1.11 1.15 1.20 0.20 (0.15, 0.26) <0.001a

Others 1.00 0.93 0.91 0.89 0.86 −0.14 (−0.25, −0.03) 0.019a

Fisher quantity index
Total  1.00 0.97 1.04 1.08 1.03 0.03 (−0.01, 0.09) 0.143
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Attendance 1.00 0.97 1.01 

Others 1.00 0.98 1.10 

a The Fisher indices were built based on all out-of-hospital services, wh

ndices were generated by 1000 bootstrapped replications.
ll  expenditures are reported in Australian dollars.

All analyses were conducted using Stata 13.1.

. Results

A  total of 5293 patients consented to participate in the
usHEART study; their characteristics have been previ-
usly  described [20]. 2653 patients were included in our
nalysis  as the sub-sample for which access to linked Medi-
are  data was available. In comparison to those who  were
ropped from the analysis, the sub-sample had signifi-
antly less females and more people living in regional and
emote  areas (Table S1 in Supplementary material). The
ub-sample was  further weighted by age, sex and remote-
ess  to make it comparable to the Australian population
Table S1). Data on PBS usage in 2008 was available for
400  patients, among whom the weighted proportion of
oncession  card holders was 75.4%.

In nominal terms the per patient OOPE for out-of-
ospital MBS  services increased between 2008 and 2012
y  10.9% from $148.70 to $164.90, with the increase mainly
oming  from professional attendance services. The number
f  out-of-hospital MBS  services per patient increased from
3.1  to 34.8, the number of attendance services remained
nchanged, and the number of other services increased
rom 17.5 to 19.0 (Table 1).

Fig. 1 and Table 1 display the changes in the Fisher price
nd  Fisher quantity indices over the five-year period. The
otal  price index, which measures the average price evolu-
ion  of OOPE for all out-of-hospital MBS  services (including
oth  bulk-billed and billed services, with bulk-billed ser-
ices  counted as zero OOPE), increased by 7.3% (95% CI:
.0%,  13.6%) between the beginning and the end of the
tudy  period. This change is slightly lower than, but not

ignificantly different from the 10.4% increase in the Aus-
ralian  CPI during that period. However, decomposing the
OPE  into attendance and other services reveals a signif-

cant  divergence in trends for different categories of MBS
1.03 0.99 −0.01 (−0.05, 0.03) 0.526
1.20 1.15 0.15 (0.05, 0.25) 0.004a

k-billing services were counted as zero OOPE.

services.  The price index for attendance services increased
by  20.2% (95% CI: 15.5%, 25.6%), while the index for all other
services dropped by 14.0% (95% CI: −24.7%, −2.8%). The
Fisher quantity index shows there has been no change in
the  use of attendance services between 2008 and 2012, but
a  14.5% (95% CI: 5.1%, 25.2%) rise in the use of other types
of  MBS  items.

Table  2 presents the concentration indices for annual
MBS  out-of-hospital utilisation and OOPE between 2008
and  2012. Overall, MBS  out-of-hospital services were used
more  frequently by people with lower household incomes,
as  indicated by the concentration index of −0.07 (95%
CI: −0.09, −0.04) in 2012. However, this inequality dis-
appeared after controlling for medical need (age, sex,
self-reported health and established conditions) with a
need-adjusted concentration index of −0.01 (95% CI; −0.03,
0.01)  in the same year (Fig. 2). We  further explored
income-related inequality in the out-of-hospital utilisa-
tion  of bulk-billed and non-bulk-billed service. In 2012, for
bulk-billed  services (no OOPE incurred) the need-adjusted
concentration index was  −0.04 (95% CI: −0.06, −0.02),
compared to −0.10 (95% CI: −0.12, −0.08) for the unad-
justed concentration index. For non-bulk-billed services
and  OOPE, the need-adjusted concentration indices were
0.20  (95% CI: 0.16, 0.24) and 0.22 (95% CI: 0.18, 0.26)
respectively, which were similar to the unadjusted indices.
Similar  patterns of inequality were found when consider-
ing  attendance and other services only (see Supplementary
material).

5. Discussion

This study has explored the change in OOPE of MBS  out-
of-hospital medical services by calculating statistics that
represent changes in both the price and the volume of

services as well as the distribution of expenditure across
different income groups. The results show that from 2008
to  2012 the per patient OOPE of out-of-hospital medical
services increased by 10.9%, which can be decomposed into
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Fig. 1. Fisher price and quantity index for annual out-of-pocket expenditure, 2008–2012. Notes: attendance were identified as with services item numbers
between  3 and 10948 (all items under category 1—professional attendances in the Medicare Benefits Schedule Book).

Table 2
Concentration indices for out-of-pocket expenditure (OOPE) and quantity, out-of-hospital services, 2008–2012.

2008 2009 2010 2011 2012 Diff. 2012–2008 (95% CI) p Value of diff.

Unadjusted concentration index
Quantity −0.08 −0.08 −0.08 −0.07 −0.07 0.01 (−0.01, 0.03) 0.225
Bulk-billing quantity −0.12 −0.13 −0.12 −0.11 −0.10 0.02 (−0.01, 0.04) 0.125
Non bulk-billing quantity 0.15 0.18 0.18 0.16 0.19 0.03 (−0.01, 0.07) 0.105
OOPE 0.20 0.21 0.23 0.20 0.22 0.02 (−0.03, 0.07) 0.358

Need-adjusted concentration index
Quantity −0.02ˆ −0.03ˆ −0.02ˆ −0.02ˆ −0.01ˆ 0.01 (−0.01, 0.03) 0.367
Bulk-billing quantity −0.05 −0.06 −0.06 −0.05 −0.04 0.01 (−0.01, 0.03) 0.315
Non bulk-billing quantity 0.16 0.18 0.19 0.17 0.20 0.04 (0.00, 0.08) 0.039*

OOPE 0.18 0.20 0.22 0.19 0.22 0.04 (−0.01, 0.09) 0.133

* Statistically significant at the 5% level of significance.
ˆ No significant difference from 0 at the 5% level of significance.
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Fig. 2. Concentration curves for annual out-of-pocket expenditure and se
and  established conditions including diabetes, cardiovascular disease, ch

a 7.3% price increase with the remainder from increases in
the  quantity of services used. The price of attendance ser-
vices  increased faster than average, but the use of these
services was stable over the period. By contrast, the price
of  the totality of all other categories of out-of-hospital ser-

vices  declined, but with an increase in the use of these
services over the study period. After taking into account
differences in medical needs, the utilisation of medical
services was distributed equally across different income
 2012, without and with need adjusted (by age, sex, self-reported health
ney disease and treatment for cancer).

groups  and OOPE was distributed pro-rich indicating that
higher  income groups paid a higher proportion of above
Medicare scheduled fees than lower income groups.

While the AIHW does produce an annual price index
for health care goods and services, it only reports changes

in  the fees for medical services, without separating hospi-
tal  from non-hospital services or OOPE from the Medicare
scheduled fee [27]. Further, the health price index pro-
duced by the AIHW is released annually with an 18-month
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ime lag, which is much less frequent than other price series
uch  as the CPI [28]. These delays make it difficult to use
hese  data for monitoring the impact of policy changes on
rice  and quantity used of medical services.

The former Prime Minister of Australia Edward Gough
hitlam noted in a speech given in the Australian Par-

iament almost 50 years ago that “one of the problems in
iscussing health policy in Australia is the lack of reliable
fficial information” [29]. It is not clear why index statistics
or  OOPE could not be produced in a more timely fashion
o  allow them to be used in contemporary policy forma-
ion.  The development and routine reporting of statistics
ith much shorter time lags (e.g. the consumer price index
hich  in Australia is reported with only a 3 month lag [28])

s  central to informing other aspects of government policy
e.g.  macro-economic policy settings), as well as generating
ublic debate. It is surprising that while OOPE has received
uch political attention, such as a recent report by a com-
ittee  of the Australian Senate [6], there have been no

ecent  efforts to improve the reporting of OOPE statistics in
ustralia.  The increased availability of linked administra-

ive data should enable this to be undertaken using national
evel  data in the near future.

A  good example of where a regularly updated index of
OPE  would be illuminating is the proposed changes to a
revious  policy of providing incentives to pathologists to
rovide  bulk-billing services, which would have the effect
f  reducing the scheduled fees for some items such as MRI
ervices  [30]. The regular release of price and concentration
ndices would enable the potential impact of such changes
n  policy to be more accurately modelled prospectively.
urther the regular publication of price and concentration
ndices is a way of transparently monitoring the impact of
olicy  changes on the extent as well as the distribution of
OPE  across socio-economic groups.

Using the price index we are able to separate the effect of
hanges  in the fees charged from the quantity of Medicare
tems used. However, like other price indices, our statistics
annot account for changes in quality (e.g. improvement in
iagnostic  accuracy of tests) and technological change that
ay  produce changes in the items included on the MBS

chedule. Quality adjustments for price indices have been
reviously discussed [31] in the context of goods with a
igh  rate of technology improvement or substitution, such
s  personal computers [32], apparel [33] and telecommu-
ications [34]. While technological change is unlikely to be

 major factor over the period of the few years employed in
ur  study, it is worth exploring the impact of technological
hange on the OOPE index if it is to be routinely estimated
ver longer periods.

Several  previous studies have explored the equitable
istribution of OOPE and health care utilisation in Australia,
sing  self-reported data from the Australian Household
xpenditure Surveys and the National Health Surveys
8,9,35]. The results of these studies showed that the direct
ayment (OOPE plus private health insurance premiums)
or  the Australian health care system is pro-rich [8,9],

hich is similar to the results in this study. In this study,
e  linked the AusHEART survey data with the original
BS  records to analyse equity in the utilisation and OOPE

f  out-of-hospital services. This approach allowed us to
21 (2017) 426–433 431

include  all services in the analysis and avoided uncertainty
around estimates of medical use and spending which may
arise  due to recall bias potentially present in self-reported
data. The results of this study show that after adjusting
for medical need, although people in different income lev-
els  tend to use the same number of total services, people
in  poor income groups use more bulk-billed services that
do  not incur an OOPE. This results in OOPE having a pro-
rich  distribution. Possible reasons include patients from
lower  income groups seeking out bulk-billing services and
providers  restricting eligibility for bulk-billing to those
with  a health-care concession card (which are predomi-
nantly from lower income groups). Previous studies have
shown  that both general practitioners and physicians tend
to  charge higher fees for their high income patients in the
Australian market setting [36,37]. The use of the statistics
proposed in this study would facilitate assessment of policy
changes  on the progressivity of OOPE.

There has been a wide discussion of how large adminis-
trative data sets such as those generated through Medicare
can  best be used to inform research and policy [38–41]. The
difficulty  in fully exploiting such “big data” often lies in the
scatter  of custodianship across different institutions and
the  lack of a national unique patient identifier to link them
[42].  In this study, we explored the potential of utilizing
large administrative data sets on OOPE analyses with the
Australian Medicare administrative data, which generates
large  amounts of updated health utilisation and expendi-
ture  data, covering the entire Medicare eligible Australian
population, and can potentially be linked to other data
sources (like the AusHEART survey in this case). We  have
shown  that the calculation of indices of OOPE is feasible,
and that releasing individual de-identified Medicare data
to  researchers has great potential value. The routine esti-
mation  of a concentration index would however require
additional linkage of Medicare data with information on
income  from sources such as tax data.

This study has several limitations. First, we had to
restrict our analyses to out-of-hospital services, because
private insurance information is not available in our
dataset. To explore OOPE for in hospital services, further
linkage is required to determine the degree to which OOPE
is  covered by voluntary private health insurance. Second,
although we have reweighted our data according to age,
sex  and remoteness to ensure the sub-sample used in all
analyses  was representative of the Australian population
aged 55 years and over, there is a potential overestimation
of the health utilisation since the study’s mode of recruit-
ment involved patients attending a general practitioner.
Finally, we  only have information on self-reported income
instead  of actual income, and this was  grouped into cate-
gorical  bands. Actual income is hard to get as the linkage
to  income tax records is not available in Australia at this
stage.

6.  Conclusion
In conclusion, in this study we  explored the OOPE of
out-of-hospital health services in Australia by linking the
Medicare  administrative records with a nationally repre-
sentative health survey-AusHEART. The result shows that
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in this broadly representative cohort of older Australians,
the amount of OOPE was not increasing faster than infla-
tion  between 2008 to 2012, and OOPE tends to be higher
among those on higher incomes. Beyond these results, this
study  has highlighted that when it comes to understand-
ing trends in OOPE, statistics such as price, quantity and
concentration indices can provide a much greater degree
of  insight than the measures that are routinely reported in
Australia  and in many other countries.
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Expenditures and Prices of Antihyperglycemic Medications in 
the United States: 2002–2013

Xinyang Hua, MSc, Natalie Carvalho, PhD, Michelle Tew, MPH, Elbert S. Huang, MD, William 
H. Herman, MD, MPH, and Philip Clarke, PhD
School of Population and Global Health, University of Melbourne, Victoria, Australia (Hua, 
Carvalho, Tew, Clarke); Department of Medicine, University of Chicago, Chicago, Illinois (Huang); 
School of Public Health, University of Michigan, Ann Arbor (Herman)

A recent study demonstrated widespread substitution of analog for human insulin and rising 

out-of-pocket costs in privately insured people with type 2 diabetes in the United States.1 

Medicaid reimbursements have increased for both human insulin and more costly analog 

insulins.2 Although studies have described per-person changes in excess medical spending 

of US adults with diabetes on prescription medications,3 they have not reported trends in 

expenditures for different classes of antihyperglycemic medications that simultaneously 

consider changes in use and price.

Methods

We analyzed individual and prescription-level data from the Medical Expenditure Panel 

Survey (MEPS) to describe and compare trends in expenditure and price of 

antihyperglycemic medications in the United States from 2002 through 2013. The MEPS 

involves deidentified, publicly available data of a nationally representative household survey 

of noninstitutionalized residents.4 The in-person interview response rate ranged from 69.2% 

to 58.0%. We first described the prevalence of treated patients with diabetes, their 

characteristics, and use of antihyperglycemic medications. We then estimated inflation-

adjusted expenditures per patient for insulin (combining both human and analog) compared 

with other classes of antihyperglycemic medications. Medications were identified using 

Multum Lexicon therapeutic class codes. Drug expenditures from all sources (including 

patient co-payments) and quantity used came from household surveys, with data verified by 

pharmacies. Relative and absolute mean drug prices were calculated by dividing expenditure 
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per prescription by quantity. All analyses were conducted in Stata (StataCorp), version 13.1, 

accounting for MEPS sampling weights and the complex survey design. The 95% 

confidence intervals were calculated and compared to determine statistically significant 

differences.

Results

The unweighted analytic sample consisted of 27 878 people treated for diabetes (mean age, 

60.4 years [SD, 14.7]; men, 44.4%). During the study period, the prevalence of treated 

diabetes increased from 5.2% (95% CI, 4.9%–5.4%) in 2002–2004 to 7.7% (95% CI, 7.4%–

8.0%) in 2011–2013 (Table). For those with recorded insulin use, the quantity per year 

increased from 171 mL (95% CI, 160–181) in 2002–2004 to 206 mL (95% CI, 193–220) in 

2011–2013; over the same period, estimated spending for insulin per patient increased from 

$231.48 (95% CI, $190.40–272.55) in 2002 to $736.09 (95% CI, $639.72–$832.47) in 2013 

(Figure). In 2013, estimated expenditure per patient amounted to $507.89 (95% CI, $422.34-

$593.44) for analog insulin and $228.20 (95% CI, $183.98-$273.42) for human insulin. The 

total expenditure on insulin in 2013 was significantly greater than the combined expenditure 

on all other antihyperglycemic medications of $502.57 (95% CI, $430.37–$574.78).

The mean price per milliliter of insulin increased by 197% from $4.34 per milliliter (95% 

CI, $4.19-$4.51) in 2002 to $12.92 per milliliter (95% CI, $12.34-$13.50) in 2013, whereas 

the mean price of dipeptidyl peptidase-4 (DPP-4) inhibitors increased by 34% from $6.67 

(95% CI, $6.26–$7.09) per tablet in 2006 to $8.92 (95% CI, $8.43-$9.41) in 2013. The mean 

price of metformin decreased by 93% from $1.24 per tablet (95% CI, $1.19–$1.29) in 2002 

to $0.31 per tablet (95% CI, $0.25–$0.36) in 2013.

Discussion

Based on a nationally representative survey, the mean price of insulin increased from $4.34 

per milliliter in 2002 to $12.92 in 2013. The estimated expenditure per patient for insulin in 

the United States in 2013 was greater than all other antihyperglycemic medications 

combined. Another factor contributing to the rise in expenditures on insulin was increased 

treatment intensity.

The mean price of insulin increased at a much faster rate than oral medications including 

DPP-4 inhibitors. We were unable to separate out generics from branded medications; 

however, unlike oral therapies, the mean price of insulin is unlikely to decline as a result of 

generic competition5 because of the stringent regulations and substantial costs of bringing 

biosimilar insulins to market.

Limitations of our study included changes in editing rules for improved price benchmarking 

of the MEPS prescribed medicines data from 2007.6 This may have artificially increased the 

reported drug expenditures by an estimated 10%.6 Our reported estimates of expenditure and 

price did not include the cost of the various insulin delivery devices except prefilled pens.
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Significant changes in mean price of insulin, relative to comparator therapies, suggest a need 

to reassess the effectiveness and cost-effectiveness of alternative antihyperglycemic 

therapies.
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Figure. Mean Expenditure per Patient for Antihyperglycemic Medications, 2002–2013
Medications were classified as follows: insulin (human and analog); newer oral therapies 

(thiazolidinediones, dipeptidyl peptidase-4 inhibitors, and combinations); older oral 

therapies (metformin, sulfonylureas, α-galactosidase inhibitors, and nonsulfonylurea 

secretagogues); noninsulin-based injectable therapies (glucagon-like peptide-1 receptor 

agonists and amylin analogs).
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Table

Weighted Characteristics of Treated Patients With Diabetes in the Medical Expenditure Panel Survey (MEPS), 

2002–2013

Characteristics

MEPS Survey Years

2002–2004
(n = 5799)a

2002–2004
(n = 5799)a

2008–2010
(n = 7237)

2011–2013
(n = 8356)

Treated diabetes,

% (95% CI)b
5.2 (4.9–5.4) 6.2 (5.9–6.5) 7.1 (6.8–7.4) 7.7 (7.4–8.0)

Age, mean (SD), y 60.2 (15.0) 60.3 (14.6) 60.3 (14.8) 60.7 (14.6)

Men, No. (%) 2496 (47.7) 2850 (48.3) 3182 (47.9) 3845 (50.0)

Race, No. (%)c

  White 2951 (65.3) 3209 (65.0) 3089 (64.9) 3210 (62.0)

  Black 1202 (16.2) 1350 (15.1) 1805 (15.0) 2197 (15.5)

  Hispanic 1334 (12.5) 1533 (13.5) 1699 (12.9) 2202 (15.1)

  Others 312 (6.1) 394 (6.5) 644 (7.2) 747 (7.4)

Use of medications,
% (95% CI)

  Insulin 28.1 (26.2–29.8) 24.1 (22.4–25.8) 25.3 (23.7–27.0) 29.2 (27.6–30.8)

  Metformin 36.1 (34.2–38.0) 43.6 (41.6–45.5) 47.3 (45.4–49.2) 51.5 (49.8–53.1)

  Sulfonylureas 38.2 (36.2–40.1) 35.1 (33.2–36.9) 30.7 (28.9–32.4) 27.5 (25.8–29.3)

  Thiazolidinediones 21.1 (19.5–22.7) 23.2 (21.5–24.9) 13.0 (11.6–14.3) 5.8 (5.0–6.6)

  α-Glucosidase inhibitors
  and nonsulfonylurea
  secretagogues

2.6 (2.0–3.2) 2.8 (2.2–3.4) 1.4 (1.0–1.8) 0.7(0.5–1.0)

  DPP-4 inhibitors 1.2 (0.8–1.5) 5.6 (4.7–6.5) 7.7 (6.8–8.7)

  Combinations 6.8 (5.8–7.7) 8.9 (7.8–9.9) 8.0 (7.0–9.0) 6.0 (5.1–6.9)

  All oralsd 68.9 (66.9–70.8) 72.6 (70.9–74.4) 70.8 (69.2–72.5) 69.5 (67.9–71.1)

  Amylin analogs 0.1 (0–0.1) 0.2 (0.1–0.4) 0.1 (0–0.2)

  GLP-1 receptor
  agonists

2.2 (1.6–2.8) 2.7 (2.1–3.4)

  All noninsulin

  injectablese
2.4 (1.8–3.1) 2.8 (2.1–3.4)

Quantity of medications

(95% CI)f

  Insulin, mL 171 (160–181) 150 (137–164) 205 (191–218) 206 (193–220)

  All orals, tablets 611 (580–641) 632 (607–657) 775 (746–804) 800 (772–828)

  All noninsulin
  injections, mL

21 (16–25) 36 (30–42)

Abbreviations: DPP-4, dipeptidyl peptidase-4; GLP-1, glucagon-like peptide-1.

a
The reported statistics were based on a pooled sample across 3 waves of MEPS.

b
Percentage of all survey respondents. People treated for diabetes were identified using 3-digit International Classification of Diseases, Ninth 

Revision, Clinical Modification diagnosis codes.
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c
Race was included as part of the descriptive analysis. As defined by MEPS, classification by race and ethnicity was mutually exclusive and based 

on information reported for each family member. All persons whose main national origin or ancestry was reported as Hispanic, regardless of racial 
background, were classified as Hispanic.

d
Included metformin, sulfonylureas, thiazolidinediones, α-glucosidase inhibitors, and nonsulfonylurea secretagogues, combinations, and DPP-4 

inhibitors.

e
Included amylin analogs and GLP-1 receptor agonists from 2008.

f
Quantities of medication used were means per patient per year, conditional on some recorded use of the drug over the given period.
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Validation and recalibration of the
Framingham cardiovascular disease risk
models in an Australian Indigenous cohort
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Abstract

Background: In Australia, clinical guidelines for primary prevention of cardiovascular disease recommend the use of the

Framingham model to help identify those at high risk of developing the disease. However, this model has not been

validated for the Indigenous population.

Design: Cohort study.

Methods: Framingham models were applied to the Well Person’s Health Check (WPHC) cohort (followed 1998–2014),

which included 1448 Aboriginal and Torres Strait Islanders from remote Indigenous communities in Far North

Queensland. Cardiovascular disease risk predicted by the original and recalibrated Framingham models were compared

with the observed risk in the WPHC cohort.

Results: The observed five- and 10-year cardiovascular disease probability of the WPHC cohort was 10.0% (95%

confidence interval (CI): 8.5–11.7) and 18.7% (95% CI: 16.7–21.0), respectively. The Framingham models significantly

underestimated the cardiovascular disease risk for this cohort by around one-third, with a five-year cardiovascular

disease risk estimate of 6.8% (95% CI: 6.4–7.2) and 10-year risk estimates of 12.0% (95% CI: 11.4–12.6) and 14.2%

(95% CI: 13.5–14.8). The original Framingham models showed good discrimination ability (C-statistic of 0.67) but a

significant lack of calibration (�2 between 82.56 and 134.67). After recalibration the 2008 Framingham model corrected

the underestimation and improved the calibration for five-year risk prediction (�2 of 18.48).

Conclusions: The original Framingham models significantly underestimate the absolute cardiovascular disease risk for

this Australian Indigenous population. The recalibrated 2008 Framingham model shows good performance on predicting

five-year cardiovascular disease risk in this population and was used to calculate the first risk chart based on empirical

validation using long-term follow-up data from a remote Australian Indigenous population.
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Introduction

Indigenous Australians have substantially poorer
health outcomes and have a life expectancy of approxi-
mately 10 years lower than that of the non-Indigenous
population.1 In this population, cardiovascular disease
(CVD) is the leading cause of death, with an age-
adjusted death rate 1.3 times higher than that of
non-Indigenous Australians.2 In Australia, clinical
guidelines for primary prevention of CVD recommend
the 1991 Framingham CVD model3 as an important
component of guidelines used to identify those at high
risk of developing CVD over a five-year period.4
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The development of CVD risk prediction models using
Framingham study data dates back to the late 1960s.5,6

The most widely used model was developed by
Anderson and colleagues to predict the risk of develop-
ing CVD and its component diseases (coronary heart
disease (CHD), myocardial infarction and stroke) for
people aged 30–75 years.3 In 2008 an updated sex-spe-
cific Framingham model was published to predict 10-
year CVD risks.7

The Framingham CVD models have been validated
and recalibrated in various countries and ethnicities8–10

as well as in the Australian general population.11,12

However, it has not been validated or recalibrated for
an Australian Indigenous population. One previous
study (2005) compared the predicted and observed
CHD rates in an Australian Aboriginal remote commu-
nity sample and found that the 1991 Framingham
model substantially underestimated CHD rates across
all age groups and both sexes.13 In the current
Australian CVD management guidelines, people with
the following characteristics are automatically put
into the high risk category: diabetes and aged over 60
years, diabetes with microalbuminuria, estimated glom-
erular filtration rate< 45ml/min per 1.73m2, familial
hypercholesterolemia, high blood pressure and serum
total cholesterol> 7.5mmol/l, and any Aboriginal or
Torres Strait Islander over the age of 74 years.4

However, the developers of these guidelines acknow-
ledge that there is little empirical evidence supporting
this classification system (a combination of level D
weak evidence plus a consensus-based recommenda-
tion).4 Further, for Aboriginal and Torres Strait
Islander adults aged between 35 and 74 years who are
not in this clinically determined high risk category, the
guidelines recommend the use of the 1991 Framingham
CVD model to estimate five-year absolute CVD risks
while acknowledging that it might result in an under-
estimation of these risks.4

In this study, we validated both the 1991 and 2008
Framingham CVD models using a cohort of Aboriginal
and Torres Strait Islander adults drawn from remote
Indigenous communities in Far North Queensland.
Recalibration was also conducted to help generate
more accurate CVD risk predictions for this popula-
tion. Finally, we developed a CVD risk chart that
could help improve the assessment and management
of CVD in the Australian Indigenous population, par-
ticularly those in remote regions of Australia.

Methods

Participants

The source population of the present study were
obtained from the Well Person’s Health Check

(WPHC), which was conducted between 1998 and
2000 and consisted of 3508 people in 26 remote
Indigenous communities in Far North Queensland.14

The study was approved by the Cairns Institutional
Health Ethics Committee with support from
Apunipima Cape York Health Council (HREC/
141QCH/121-936). Participation in the WPHC study
was open to all people residing in these communities
and involved a broad range of recruitment strategies
including printed media and local radio as well as
through health services and community groups.14

Information collected in the WPHC survey can be
found in the Supplementary Material online. Baseline
data of the participants were linked to hospitalization
and death records in the Queensland Hospital
Admitted Patient Data Collection dataset from the ini-
tial screening date to the end of 2014, using linkage
software applying deterministic and probabilistic meth-
odologies, as well as manual clerical reviews where
required. For our study, we included 1684 (98.8%)
people aged between 30 and 74 years who have a
unique link to their hospitalization and death records.
We excluded people with previous CVD events
(n¼ 101) or whose baseline characteristics were missing
(n¼ 135).

Baseline risk factors were collected from the WPHC
screening data, including systolic blood pressure, total
cholesterol level, high-density lipoprotein (HDL) chol-
esterol level, fasting glucose level and smoking status.
Details of the methods used to collect these indicators
have been published elsewhere.14 People with diabetes
were identified if they self-reported (confirmed through
medical record check) or had a baseline fasting
glucose> 7.8mmol/l.

One hundred and forty (8.3%) people had one or
more baseline risk factors missing (six with missing
systolic blood pressure value; 49 with missing total
cholesterol and 134 with missing HDL cholesterol),
which were excluded from the main analysis.
Sensitivity analysis was conducted where we replaced
the missing values with estimated values from multiple
imputation by chained equations on five occasions and
used standard statistical rules to produce reported
results.15 Electrocardiogram–left ventricular hypertro-
phy (ECG-LVH; required for the 1991 Framingham
model) and hypertension treatment (required for the
2008 Framingham model) were not collected during
WPHC screening. We presumed these values to be the
average of the Framingham population and used hypo-
thetical values in the sensitivity analysis.

Outcomes

CVD events were identified using the International
Classification of Disease diagnosis and procedure
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codes (version 9 and 10; see Supplementary Material)
for the following outcomes in hospitalization and death
records: CHD (including myocardial infarction, angina
pectoris and coronary insufficiency), CHD death,
stroke, congestive heart failure and peripheral vascular
disease as defined by Anderson et al. in the
Framingham study.3

The start date of follow-up was the screening date of
the WPHC and the censor date was the date of first
CVD event or death, whichever came first, or otherwise
the date of last known admission. If neither admission
nor death occurred during follow-up, the censor date
was 1 December 2014, which was the last known admis-
sion date of the study.

Statistical analysis

We used three models to predict five-year and 10-year
CVD risks in our study cohort. The first two were
the original 1991 and 2008 Framingham models.3,7

As only the 10-year baseline survival rate was
reported in the 2008 Framingham model, this model
predicted 10-year CVD risk only. The third model
was a recalibrated 2008 Framingham equation, in
which both the baseline five-year and 10-year survival
rates and mean values of the risk factors were esti-
mated using the WPHC sample and coefficients on
risk factors were obtained from the original 2008
Framingham model. In detail, the 2008
Framingham model (Cox equation) is:

P ¼ 1� S0ðtÞ
expð�biXi��biMiÞ

where bi represents the regression coefficients, Xi rep-
resents an individual’s risk factors, Mi represents the
means of the risk factors of the Framingham cohort,
S0(t) represents the Framingham baseline CVD rate at
year 10. To recalibrate this Framingham equation, we
replaced the Framingham means of the risk factors
(Mi) with the means in our own cohort, while the
Framingham baseline CVD rate S0(t) was replaced
with the cohort’s baseline five-year or 10-year CVD
rate. The coefficients were kept the same as in the
Framingham model (Table A in Supplementary
Material).

Age- and sex-specific predicted five-year (original
1991 and recalibrated 2008 models) and 10-year
(all three models) CVD risks for people aged
between 30 and 74 years were calculated and com-
pared with the observed CVD probabilities (estimated
using the Kaplan–Meier method). The 95% confi-
dence intervals of the differences between the pre-
dicted and observed probabilities were estimated
using the bootstrap method with 1000 bootstrapped
replications.

Discrimination

Discrimination refers to the ability of a prediction
model to correctly distinguish those who will develop
an event from those who will not. We quantified this by
calculating Harrell’s C-statistic,16 which represents the
probability of concordance amongst all pairs of subjects
in which at least one had an event. Concordance refers
to two subjects’ predicted probabilities of survival and
survival times going in the same direction, for example,
the person who has higher predicted probability of sur-
vival also survives longer in reality.

Calibration

Calibration describes how closely the predicted prob-
abilities agree with observed outcomes. We used two �2

statistics to evaluate calibration. The first method was
proposed by D’Agostino and Nam,17 which compared
the predicted and observed probabilities by deciles
based on the predicted risk. Plots were constructed
showing predicted and actual probabilities of CVD
events in each decile. A �2 statistic exceeding 20 was
used to indicate a significant lack of calibration
(p< 0.01).8 The second method used the �2 statistics
with cross-classified categories proposed by Cook,18

in which a reclassification table was built to divide par-
ticipants into different risk categories based on predic-
tions from both original and recalibrated Framingham
models. The observed and predicted probabilities were
compared for all cells with at least 20 individuals.18

To investigate the validity of the recalibrated model,
the repeat data-splitting (cross validation) method was
used for internal validation. The original sample was
randomly divided into five samples; the recalibration
was conducted on all sets of four of these samples,
and the resulting five recalibrated models were used
to estimate the risk in the fifth omitted sample (i.e.
those individuals not used in the model development).
The C-statistic and Nam–D’Agostino �2 were
computed on the estimated results. This data-splitting
procedure was repeated 200 times to obtain stable
results.

All statistical analyses were performed in Stata ver-
sion 13.1(StataCorp LP, College Station, TX, USA).

CVD risk chart

A five-year CVD risk chart for the Australian
Indigenous population was generated based on the
recalibrated 2008 Framingham model. To keep the
chart simple and comparable to the existing
Australian CVD charts19 we retained stratification by
the total cholesterol:HDL ratio. This was achieved
by fixing HDL at 1.2mmol/l, the average level in
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this sample. We varied the HDL level by� 0.6mmol/l
(covering the maximal values of HDL in the study
cohort) to test its effect on the predicted risk levels in
a sensitivity analysis.

Results

The study cohort consisted of 1448 people from the
WPHC cohort (see flowchart in the Supplementary
Material). Baseline risk factors of this cohort are pro-
vided in Table 1. Compared with the cohort used to
estimate the 2008 Framingham model7 our study
cohort is slightly younger and has a higher proportion
of smokers and diabetes patients at baseline. The 10-
year baseline survival rates in the study cohort are
much lower compared with the Framingham cohort
(Table 1).

The 1448 people contributed 15,221 person-years of
follow-up in total, with a mean and maximal follow-up
time of 10.5 and 16.4 years, respectively. During the
follow-up 369 (25.5%) people developed at least one
CVD event. The five- and 10-year probabilities of
CVD events were 10.0% (95% confidence interval
(CI): 8.5–11.7) and 18.7% (95% CI: 16.7–21.0), respect-
ively (Table 2).

The overall predicted five-year CVD risk using the
1991 Framingham model was 6.8% (95% CI: 6.4–7.2).
The predicted 10-year risk was 14.2% (95% CI: 13.5–
14.8) and 12.0% (95% CI: 11.4–12.6) using the 1991
and 2008 Framingham models, respectively. All predic-
tions significantly underestimated the observed CVD
probabilities in the WPHC cohort by around one-
third, with differences being 3.2% (95% CI: 1.9–4.5)
for five-year risk and 4.5% (95% CI: 2.9–6.3) to
6.7% (95% CI: 5.0–8.5) for 10-year risk. Sensitivity

analyses which estimated predicted risk by adjusting
the prevalence of ECG-LVH or hypertension produced
similar results and are reported in the Supplementary
Material.

After baseline risk recalibration, five-year total and
age- and sex-specific predicted risks were similar to the
observed results (Table 2). The predicted 10-year prob-
ability of CVD events using the recalibrated model was
higher than the observed risk, mainly because of over-
estimation in the 55–74 year age group (Table 2).
Compared with the predictions from the original 1991
Framingham model, after recalibration 165/1096
people in the low five-year CVD risk (<10%) category
and 146/186 people in the moderated five-year CVD
risk (10%–15%) category moved to a higher risk cat-
egory; the predicted number of people with high five-
year CVD risk (>15%) almost doubled, from 166 to
322, in the cohort (p< 0.001). The probabilities of CVD
events using the imputed data were similar and are
reported in the Supplementary Material.

Table 3 contains the C-statistics and �2 estimates for
different models. The C-statistics were between 0.668
and 0.674, with no significant differences. We found a
significant lack of calibration (p< 0.001) for the ori-
ginal (five- and 10-year) and recalibrated (10-year)
Framingham risk estimations. The recalibrated five-
year risk prediction showed improvement on calibra-
tion (Nam–D’Agostino �2¼ 18.48, p¼ 0.03, Cook
�2¼ 11.82, p¼ 0.07). Figure 1 compares predicted
risks using the 2008 Framingham model and actual
risks of CVD events for each decile of predicted risk.
The original model (Figure 1(a)) shows poor calibra-
tion between estimated and observed risk in all deciles,
except for the last decile. This was greatly improved
after recalibration (Figure 1(b) and (c)); however, for

Table 1. Baseline risk factors and survival rates for people 30–75 years old in the Framingham7 and WPHC Indigenous cohort.

Framinghama WPHC cohort (30–75)b

Risk factors

Women

n¼ 4522

Men

n¼ 3969

Women

n¼ 748

Men

n¼ 700

Age, mean (SD), years 49.1 (11.1) 48.5 (10.8) 45.2 (11.6) 44.9 (11.0)

Total-C, mean (SD), mmol/l 5.6 (1.1) 5.5 (1.0) 5.0 (1.0) 5.3 (1.1)

HDL-C, mean (SD), mmol/l 1.5 (0.4) 1.2 (0.3) 1.1 (0.3) 1.2 (0.3)

Systolic BP, mean (SD), mmHg 125.8 (20.0) 129.7 (17.6) 133.0 (21.7) 136.8 (17.9)

Smoking, n (%) 1548 (34.2) 1398 (35.2) 352 (47.1) 442 (63.1)

Diabetes, n (%) 170 (3.8) 258 (6.5) 187 (25.0) 134 (19.1)

Baseline five-year survival rate N/A N/A 0.931 0.916

Baseline 10-year survival rate 0.950 0.889 0.846 0.811

aAdapted from data in D’Agostino.7

bThe WPHC values were used for recalibration of the 2008 Framingham model.

WPHC: Well Person’s Health Check; SD: standard deviation; Total-C: total cholesterol; HDL-C: high-density lipoprotein cholesterol; BP: blood

pressure; N/A: not applicable
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the recalibrated 10-year risk large differences are still
evident between the estimated and observed risks in
the last decile. The performance of the recalibrated
model on five-year risk prediction did not change
after internal validation, with a C-statistic of 0.678
(95% CI: 0.616–0.728) and Nam–D’Agostino �2 of
14.4 (95% CI: 10.0–20.9).

Based on the recalibrated 2008 Framingham model,
a five-year absolute CVD risk chart was built for the
Australian Indigenous population (Figure 2).
Predictions for people aged between 30 and 34 years
were included because of the high CVD risk levels for
certain populations in this age range (e.g. smokers with
diabetes). A sensitivity analysis (reported in the
Supplementary Material) showed that varying HDL
levels by� 0.6mmol/l produced only a small change
of risk scores that would have a minimal impact on
the classification of standard risk charts.

Discussion

The 1991 and 2008 Framingham CVD models substan-
tially underestimated the absolute CVD risk in the

Australian Indigenous cohort used in our study. Both
models showed a lack of calibration to the observed
CVD probabilities. Using the baseline risk from our
study population we recalibrated the five-year CVD
risk to a level considered acceptable by the developers
of the Framingham model.8 The recalibrated equation
was used to calculate the first CVD risk chart based on
empirical validation using long-term follow-up data
from an Indigenous Australian population.

The high CVD risk among Indigenous people pre-
sented in this study is not unique in Australia. The
Strong Heart Study found that CHD rates in
American Indians exceed rates in other US popula-
tions and may more often be fatal.20 A study in
Canada found that Aboriginal people had a signifi-
cantly higher frequency of CVD compared with
Europeans (18.5% vs. 7.6%).21 Although a variety
of CVD risk models are available, few have been
based on or calibrated using Indigenous-specific
observed data. In the Strong Heart Study, both reca-
libration of the Framingham model and development
of a specific risk equation for the American Indians
have been conducted to help better stratify the CHD

Table 2. Five-year and 10-year probability of CVD events in the WPHC Indigenous sample, observed and predicted probabilities

using three different Framingham models.

Sample

size n

Observed probability

% (95% CI)

Predicted probability % (95% CI)

Framingham 1991 Framingham 2008

Recalibrated

Framingham 2008

Five-year risk

Total 1448 10.0 (8.5–11.7) 6.8 (6.4–7.2) N/Aa 10.4 (9.9–10.9)

Gender

Female 748 9.2 (7.3–11.6) 5.7 (5.2–6.2) N/Aa 9.6 (8.9–10.3)

Male 700 10.8 (8.7–13.4) 8.0 (7.4–8.5) N/Aa 11.3 (10.5–12.1)

Age group, years

30–34 301 3.5 (1.9–6.5) 1.3 (1.2–1.5) N/Aa 2.8 (2.6–3.1)

35–44 486 3.9 (2.5–6.2) 3.8 (3.4–4.1) N/Aa 6.2 (5.8–6.6)

45–54 354 13.5 (10.3–17.6) 8.0 (7.5–8.6) N/Aa 11.9 (11.1–12.7)

55–74 307 21.7 (17.4–26.8) 15.5 (14.5–16.5) N/Aa 22.7 (21.2–24.2)

Ten-year risk

Total 1448 18.7 (16.7–21.0) 14.2 (13.5–14.8) 12.0 (11.4–12.6) 21.2 (20.3–22.1)

Gender

Female 748 17.3 (14.7–20.5) 12.2 (11.3–13.0) 8.9 (8.2–9.5) 19.6 (18.3–20.8)

Male 700 20.2 (17.2–23.6) 16.3 (15.3–17.3) 15.4 (14.3–16.4) 22.9 (21.5–24.3)

Age group, years

30–34 301 8.1 (5.4–12.2) 3.5 (3.2–3.9) 3.3 (3.0–3.6) 6.5 (6.0–7.0)

35–44 486 12.0 (9.2–15.5) 8.9 (8.3–9.5) 7.3 (6.8–7.8) 13.7 (12.8–14.5)

45–54 354 24.5 (20.1–29.6) 17.2 (16.2–18.2) 14.1 (13.1–15.1) 25.0 (23.6–26.5)

55–74 307 32.8 (27.6–38.7) 29.5 (28.0–31.0) 25.6 (23.9–27.4) 43.1 (40.9–45.3)

aThe baseline five-year survival rate was not reported in the D’Agostino 2008 study. Therefore, we were unable to calculate five-year risk using the

original Framingham 2008 model.

CVD: cardiovascular disease; WPHC: Well Person’s Health Check; CI: confidence interval; N/A: not applicable
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risk in this population.8,22 As far as we are aware
there is no similar study for Indigenous Australians.
So, instead of trying more CVD risk models which
were built based on other populations, we feel it is
important to generate/recalibrate a prediction tool
based on Indigenous Australian data. We hope this
study represents a first step to producing a more
accurate estimate of CVD risk for Indigenous
Australians.

Implications

There is an important practical application of this
research, as a previous study on CVD risk identifica-
tion and management in Indigenous Australians
showed that more than half of this population were
not screened for CVD as recommended in national
guidelines for cardiovascular risk management.23

Current guidelines for remote health services in

Table 3. Performance of the original and recalibrated Framingham models in predicting five-year and 10-year CVD events.

Original Framingham
Recalibrated

Framingham 20081991 2008

Five-year risk

Discrimination

C 0.671 N/Aa 0.674

95% CI of C (0.643–0.699) N/Aa (0.646–0.702)

Calibration

Nam–D’Agostino �2 (DF 9) 85.44 N/Aa 18.48

p value for Nam–D’Agostino �2 <0.001*** N/Aa 0.03*

Cook �2 (DF 6) 43.84 N/Aa 11.82

p value for Cook �2 <0.001*** N/Aa 0.07

Ten-year risk

Discrimination

C 0.671 0.668 0.674

95% CI of C (0.643–0.699) (0.640–0.696) (0.646–0.702)

Calibration

Nam–D’Agostino �2 (DF 9) 82.56 134.67 51.09

p value for Nam–D’Agostino �2 <0.001*** <0.001*** <0.001***

Cook �2 (DF 6) 65.91 116.13 34.65

p value for Cook �2 <0.001*** <0.001*** <0.001***

aThe baseline five-year survival rate was not reported in the D’Agostino 2008 study. Therefore, we were unable to calculate five-year risk using the

original Framingham 2008 model. *P< 0.05 ***P< 0.001

CI: confidence interval; C: C-statistics; DF: degree of freedom; N/A: not applicable
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Figure 1. Calibration by decile for cardiovascular disease (CVD) risk of the original and recalibrated 2008 Framingham model.

Horizontal-axes refer to decile of predicted risk based on the 2008 Framingham CVD model; vertical-axes refer to observed and

model-based predicted probabilities of CVD event. (a) Original model (10-year risk), (b) Recalibrated model (five-year risk) and

(c) Recalibrated model (10-year risk).
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Indigenous communities use a CVD Risk Assessment
tool which is an adaptation of the general Australian
CVD charts based on the 1991 Framingham model,19

with a 5% upwards adjustment and additional esti-
mates for a younger cohort aged 20–44 years.24 In
this study we provide a risk chart derived from the
recalibrated Framingham model based on the actual
risk observed in a remote Indigenous population and
so provide evidence that enables prediction of risk to
be refined.

The more accurate calculation of CVD risk will
enable better identification for Indigenous Australians
in primary prevention. However, the assessment of
CVD risk is just one component of a wide range of
strategies to improve Indigenous health and thereby
achieve the Council of Australian Governments’
target on closing the gap in life expectancy.25 To
tackle the large numbers of high CVD risk patients
more resources are required. This will need co-ordina-
tion with a range of primary care and allied health
practitioners. Key to this will be the development of
early risk intervention teams as well as broader

community strategies such as improving infrastructure
to promote healthy behaviours in Indigenous
communities.

Future studies

After baseline calibration, there was no significant dif-
ference between the predicted and the observed five-
year CVD risks. However, overestimation occurred
when using the recalibrated 10-year prediction model,
mainly because of overestimation in the older age
group. Hence we produced five-year absolute CVD
risk charts only. Unlike most guidelines in other coun-
tries that dictate therapeutic intervention strategies be
based on 10-year CVD risk predictions,26 currently
Australian guidelines for primary prevention of cardio-
vascular disease are based on five-year CVD risk pre-
dictions. We believe the five-year risk charts produced
in this study can provide a reference to identify
Indigenous Australians with high CVD risk.
However, future research should focus on generating
more accurate predictions for 10-year CVD risk,
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Figure 2. Five-year cardiovascular risk charts based on the recalibrated Framingham model.

This chart is based on 2008 Framingham model that has been recalibrated using information on Aboriginal and Torres Strait Islander

participants from the Well Persons Health Check study, which recruited people from 26 remote communities from Far North

Queensland. It has not been validated for use in other Indigenous populations.

For people under treatment for high blood pressure, 5% should be added to the risk on the chart.

HDL: high-density lipoprotein
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so clinical decisions can be made based on both short-
term and long-term risk predictions.

According to the data released by the Australian
Bureau of Statistics, it was estimated that in 2011
there were 669,900 Indigenous people in Australia,
accounting for 3% of the total Australian population;
the largest population of Indigenous Australians lived
in New South Wales (31.1%) and Queensland (28.2%);
34.8% of all Indigenous Australians lived in major
cities of Australia, 43.8% people lived in inner or
outer regional Australia and 21.4% lived in remote
Australia.27 Based on the Australian Aboriginal and
Torres Strait Islander Health Survey in 2013, there
was no significant difference in various health condi-
tions and risk factors for Indigenous people across dif-
ferent states/territories in Australia.28 While the present
study used a cohort from North Queensland, our
results are consistent with a previous study that used
an Indigenous cohort from remote regions of central
Australia and also showed that the Framingham
model underestimated CHD rates.13 Currently there is
no corresponding study available on the CVD risk of
Indigenous Australians in non-remote areas and so fur-
ther external validation of our recalibrated model is
required to determine the clinical utility of these risk
charts in other Indigenous populations.

After adjustment of the baseline risk of the
Framingham model in this study, calibration of the
model largely improved but discrimination had no sig-
nificant change. Previous studies have shown that other
risk factors, such as urinary albumin creatinine ratio,
waist circumference and triglycerides, also contributed
to the development of CVD in a population with a high
prevalence of diabetes.22,29,30 Social determinants such
as education have also been reported as relevant to
CVD risks.31,32 Another possible risk factor is rheum-
atic heart disease, which can increase the risk for cer-
tain types of CVD (heart failure and stroke) and has
high prevalence and mortality rate among Australian
Indigenous people.33,34 This suggests that further reca-
libration which includes other predictors of CVD risk
or the development of a new model specifically for the
Australian Indigenous population which incorporates
these risk factors should be a research priority. It
would also be interesting to look at the population
attributed risk for each of the traditional and new
risk factors in the Indigenous population, which
would provide evidence to promote more targeted stra-
tegies to reduce CVD risks.

Strengths and limitations

Strengths of the present study include the use of a rela-
tively large baseline sample, long follow-up and object-
ive measures (rather than self-reported) of baseline risk

factors. There are also some limitations of our study.
The participants of this study were from remote
Indigenous communities in Far North Queensland who
volunteered to participate in a population screening pro-
gram. The mode of recruitment may have influenced the
representativeness of the sample, which would impact on
generalizability if other factors not contained in the
Framingham models influence risk (e.g. body mass
index) and differ between the sample and the population.
External validation on our recalibrated Framingham
model should be conducted in future studies involving
other Indigenous populations (e.g. Indigenous
Australians living in urban areas). Second, parametric
uncertainty was not considered in this study when com-
paring observed and predicted CVD probabilities, as no
variance–covariance matrices were reported for the ori-
ginal Framingham CVD models.35

Conclusion

In conclusion, we found that both the 1991 and 2008
Framingham model underestimated the CVD risk in
the Australian Indigenous population by about one-
third on average. A recalibrated equation was used to
calculate the first risk chart based on empirical valid-
ation using long-term follow-up data from remote
Indigenous communities in Far North Queensland.
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Abstract

Background There are an increasing number of studies

using simulation models to conduct cost-effectiveness

analyses for type 2 diabetes mellitus.

Objective To evaluate the relationship between improve-

ments in glycosylated haemoglobin (HbA1c) and simulated

health outcomes in type 2 diabetes cost-effectiveness studies.

Methods A systematic review was conducted on MEDLINE

and EMBASE to collect cost-effectiveness studies using type

2 diabetes simulation models that reported modelled health

outcomes of blood glucose-related interventions in terms of

quality-adjusted life-years (QALYs) or life expectancy (LE).

The data extracted included information used to characterise

the study cohort, the intervention’s treatment effects on risk

factors and model outcomes. Linear regressions were used to

test the relationship between the difference in HbA1c

(DHbA1c) and incremental QALYs (DQALYs) or LE (DLE)

of intervention and control groups. The ratio between the

DQALYs and DLE was calculated and a scatterplot between

the ratio and DHbA1c was used to explore the relationship

between these two.

Results Seventy-six studies were included in this research,

contributing to 124 pair of comparators. The pooled

regressions indicated that the marginal effect of a 1%

HbA1c decrease in intervention resulted in an increase in

life-time QALYs and LE of 0.371 (95% confidence interval

0.286–0.456) and 0.642 (95% CI 0.494–0.790), respec-

tively. No evidence of heterogeneity between models was

found. An inverse exponential relationship was found and

fitted between the ratio (DQALY/DLE) and DHbA1c.

Conclusion There is a consistent relationship between

DHbA1c and DQALYs or DLE in cost-effectiveness analyses

using type 2 diabetes simulation models. This relationship can

be used as a diagnostic tool for decision makers.

Key Points for Decision Makers

There is a consistent relationship between treatment-

effect assumptions on glycosylated haemoglobin and

simulated outcomes in type 2 diabetes mellitus cost-

effectiveness studies.

A 1% glycosylated haemoglobin decrease in

intervention results in an increase in life-time

quality-adjusted life years and life expectancy of

0.371 and 0.642, respectively.

This relationship can be used as a benchmark to

identify studies deviating from others, and generate

preliminary long-term effectiveness predictions

when insufficient resources are available to use a

simulation model.
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1 Introduction

Simulation modelling is a useful tool in health economic

evaluation, especially for interventions targeted at treating

chronic diseases such as diabetes mellitus. Clinical trials of

new therapies and behavioural interventions in type 2

diabetes often involve estimation on changes in interme-

diate-risk factors such as glycosylated haemoglobin

(HbA1c) [1, 2]. For these interventions to be evaluated

using common health economic outcomes such as quality-

adjusted life-years (QALYs), the potential benefits of

observed improvements in metabolic control need to be

extrapolated over longer time periods to capture impacts on

the rates of complications of diabetes as well as mortality.

There is a long history in the use of simulation models to

evaluate interventions for people with type 2 diabetes. The

first simulation model for type 2 diabetes was built in 1997 by

Eastman et al. [3, 4], which was based on clinical data from

both type 2 and type 1 diabetes. Many models have been

developed since then [5], and while many are based on the

United Kingdom Prospective Diabetes Study (UKPDS) Out-

comes Model [6], there are differences in terms of model

structure, particularly when they incorporate additional epi-

demiological and trial evidence to capture additional com-

plications (e.g. impact of hypoglycaemia). A common feature

of all these models is that they extrapolate changes in inter-

mediate outcomes such as HbA1c to metrics such as QALYs

or life expectancy (LE), which are most commonly used to

capture outcomes in economic evaluations.

While most diabetes simulation models have been

developed independently, the field has benefited from the

diabetes simulation modelling conference ‘Mount Hood

Diabetes Challenge’, which has been regularly held since

2000 to compare and contrast the outputs of models in a set

series of simulations [7]. The last Mount Hood Diabetes

Challenge meeting was held in 2014 and developers of 11

type 2 diabetes models participated, highlighting the

development of simulation modelling in type 2 diabetes in

recent years [8]. Diabetes simulation models are now

widely used in cost-effectiveness studies and play an

important role in defining clinical guidelines and the

evaluation of new drugs [9].

Former reviews in type 2 diabetes cost-effectiveness

studies have focused on summarising and describing the

characteristics of different models [5, 10]. Currently, there are

no studies that use quantitative techniques to evaluate the

relationship between treatment-effect assumptions (e.g. a

reduction in the level of HbA1c) and simulated outcomes (e.g.

a gain in QALYs or LE). In this article, we systematically

review cost-effectiveness studies of glycaemic control inter-

ventions that use type 2 diabetes simulation models to esti-

mate long-term outcomes of QALYs or LE. Using data

extracted from those studies, we use regression analysis to

estimate the relationship between initial changes in HbA1c

following the commencement of an intervention and model

outputs. The objective of this research is to explore whether

there is a consistent relationship between a widely reported

intermediate outcome that is often used as an input in simu-

lation models and model outputs across type 2 diabetes cost-

effectiveness studies, and across different models.

2 Methods

2.1 Data Sources and Searches

We reviewed studies that involved use of a type 2 diabetes

simulation model to inform a cost-effectiveness analysis

(CEA) or cost-utility analysis (CUA) of blood glucose-

lowering interventions that measured a change in HbA1c.

All ten type 2 diabetes models that participated in the

fourth (2004) or fifth (2010) Mount Hood Diabetes Chal-

lenge were considered to be eligible for inclusion in this

study [11, 12], including the UKPDS Outcomes Model,

IMS CORE Diabetes Model, Cardiff Model, Sheffield

Diabetes Model, EAGLE Model, CDC-RTI Diabetes Cost-

effectiveness Model, Archimedes Model, Michigan Model,

ECHO-T2DM and the Evidence-Based Medicine Integra-

tor Simulator. The UKPDS risk engine participated in the

fourth Mount Hood Diabetes Challenge but was not

included in this study as it does not quantify lifetime out-

comes in terms of QALYs or LE [13]. Descriptions and

further details of these models can be found in the Mount

Hood Diabetes Challenge reports [11, 12].

The Preferred Reporting Items for Systematic Reviews

and Meta-analyses recommendations and checklist were

followed to conduct the systematic review [14]. Studies

were identified by searching electronic databases, supple-

mented by scanning citations of the original publication of

the ten targeted models and finally by contacting the model

groups individually. The search was applied in two elec-

tronic databases, MEDLINE (1946 to present) and

EMBASE (1947 to present) on Ovid. The subject heading

‘Diabetes Mellitus, Type2’ and other search terms includ-

ing T2DM, cost effective*, cost utilit*, long term out-

come*, long term consequence*, health economic*, health

evaluation, economic evaluation, model*, simula*,

QALY*, life year* and LE were used (see Supplementary

Material 1 for full details on the search strategy).

2.2 Study Selection

The search was completed on 1 June, 2015 and included all

published studies prior to that date. The inclusion criteria

were as follows:
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• language in English;

• reported outcomes were part of a CEA or CUA;

• the study simulated outcomes based on one of the ten

diabetes models mentioned above;

• the population simulated in the model involved only

people with type 2 diabetes;

• the intervention focused on improvements in blood

glucose control;

• the primary treatment effect being modelled was the

difference in HbA1c;

• the study reported long-term (C20 years) outcomes in

either QALYs or LE.

Studies were excluded if:

• language was not English;

• it did not conduct CEA or CUA;

• it used other established models or self-built models;

• it included other populations (type 1 diabetes, pre-

diabetes);

• the intervention did not focus on improvements in

blood glucose control or was a multifactorial

intervention;

• HbA1c was not used as the treatment effect or there was

no difference in the reduction of HbA1c levels between

the intervention and control group;

• it did not report QALYs or LE as outcomes;

• the outcomes were estimated only in the short term;

• no discount rate was reported for the outcomes;

• the study did not report the data necessary for this

research (difference in HbA1c and incremental QALYs/

LE).

Two reviewers (XH and LS) separately reviewed the

studies by reading their abstracts and full texts. A third

reviewer’s (PC) opinion was considered when there was a

conflict of opinion between the first two. All but one of the

Mount Hood modelling groups were contacted through

email with a request for publications or a list of studies

fitting our criteria (the EAGLE model group was excluded

as no current contact details are available for its develop-

ers). A published model description paper was found for

eight models (UKPDS [6], CORE [15], Cardiff [16],

EAGLE [17], CDC [18], Archimedes [19], Michigan [20]

and ECHO [21]). Studies that cited the aforementioned

papers were scanned in Google Scholar, Web of Science

and PubMed and added if they met our inclusion criteria.

2.3 Data Extraction

The intervention’s treatment effects on risk factors were

extracted from each included study. Risk factors include

HbA1c (%), body mass index (BMI), systolic blood pres-

sure (mm Hg), total cholesterol (mmol/L) and

hypoglycaemic events (patient-year). The treatment effect

is the difference in effect between the two groups. In some

studies, this difference is directly reported; in other studies,

they report the change in risk factors separately for each

group. In the latter situation, we calculated the treatment

effect by subtracting the two change values. Proper trans-

formation was made when risk factors were not reported in

the required unit (1 mmol/L = 38.6 mg/dL for total

cholesterol). For eight studies [22–29], that only reported

change in weight but not BMI as a treatment effect, the

change in BMI was imputed using the cohort baseline

height or 1.67 m as the default height (the average height

for patients in the UKPDS [30]) if the cohort height was

not reported in the study.

The model outcomes of interest in this study are QALYs

and LE. Differences in QALYs (DQALYs) and LE (DLE)

between the two groups in the base case were extracted

from each study, as well as the discount rate used for the

base case. Differences in undiscounted outcomes were also

collected if they were available in the sensitivity analysis.

We also extracted summary statistics of the study cohort,

including the year of the study, comparators, cohort base-

line age, diabetes duration and post-treatment HbA1c level

in the control group. For studies that evaluated multiple

comparisons, data of all these comparisons were included

and collected. Data extraction was conducted indepen-

dently by two reviewers (XH and LS). Disagreements were

resolved through discussion.

2.4 Data Synthesis and Analysis

We conducted a basic descriptive analysis on the type of

interventions, comparators and risk factors involved to

summarise the identified studies. All analyses were con-

ducted on undiscounted outcomes. Where studies only

reported discounted outcomes, estimates of the undis-

counted outcomes were imputed based on an algorithm that

was developed from studies that reported both discounted

and undiscounted outcomes (see Supplementary Material 4

for further description).

The relationship between DHbA1c and the difference in

outcomes for comparators was examined using scatterplot

and linear regression. Univariate regression was conducted

initially for studies using different models separately.

Then, a multivariable regression analysis was undertaken

for all the studies. We used eight independent variables in

the multivariable regression: difference in HbA1c, BMI,

systolic blood pressure, total cholesterol, hypoglycaemic

events; cohort baseline age; diabetes duration and post-

treatment HbA1c level in the control group. Studies lacking

information on these variables were excluded from the

multivariable regression. Linearity of explanatory variables

was checked and confirmed using multivariable fractional
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polynomials [31]. Interactions of each explanatory variable

with HbA1c were checked by adding a multiplicative term

into the regressions and no interactions were found. Sta-

tistical analysis took into account clustering by using the

clustered robust standard errors method, owing to multiple

comparisons coming from the same study. Before pooling

studies that used different models together, the interaction

effect between model type and DHbA1c on DQALYs and

DLE was tested.

To test the coefficients of DHbA1c across multivariable

regressions involving QALYs and LE, the equations were

jointly estimated using STATA command MVREG

(StataCorp LP, College Station, TX, USA) [32] and a Chi-

square test was made. A significant difference between the

two coefficients was confirmed. The ratio between DQA-

LYs and DLE was then calculated and a scatterplot

between the ratio and DHbA1c was built to explore the

relationship between these two. Logarithm transformation

of the ratio was made in an effort to fit the scatterplot. All

statistical analyses were conducted using STATA 13.1 IC

(StataCorp LP, College Station, TX, USA).

3 Results

3.1 Summary of the Studies Included in the Analysis

Two hundred and eighty-eight studies were identified

after applying our search strategy on MEDLINE and

EMBASE and after abstract and full-text review, 65

publications were included in our study, as shown in

Fig. 1. Our e-mail request resulted in ten extra studies,

one from the ECHO model and nine using the CORE

model and one additional study using the UKPDS Out-

comes Model was identified through citation scanning. In

total, 76 studies were included in this research, resulting

in 124 pair of comparators [18, 22, 23, 25–29,

35–42, 44–103].

Literature search: Medline, 
EMBASE

Search results combined (n=288)

Article review on basis of title and 
abstract

Exclude (n=170):
Duplicate (n=31)
Didn’t conduct CEA or CUA(n=25)
Included other populations (n=48)
Intervention not focused on  blood glucose (n=62)
Didn’t report QALY/LE as outcome(n=1)
Short time horizon (n=3)

Included (n=118)

Full text review
Exclude (n=53):
Notin English(n=1)
Used other models(n=35)
Did not conduct CEA or CUA(n=5)
Included other populations (n=1)
Intervention not focused on  blood glucose (n=3)
No difference in HbA1c (n=2)
No discount rate reported for the outcomes(n=1)
Short time horizon(n=2)
Not clear on core data(n=3)

Include (n=65)

UKPDS 
(n=7)

Cardiff
(n=5)

CORE
(n=48)

CDC
(n=4)

Sheffile
(n=1)

Supplement fromcitation or model group(n=11):
UKPDS(n=1)
CORE(n=9)
ECHO(n=1)

Include (n=76)

UKPDS 
(n=8)

Cardiff
(n=5)

CORE
(n=57)

CDC
(n=4)

Sheffield
(n=1)

ECHO
(n=1)

Fig. 1 Flow diagram of publications included and excluded from the review. CEA cost-effectiveness analysis, CUA cost-utility analysis, HbA1c

glycosylated haemoglobin, LE life expectancy, QALY quality-adjusted life-year, UKPDS United Kingdom Prospective Diabetes Study
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A summary of these studies can be found in Supple-

mentary Material 2. Of the included studies, 43.4%

evaluated the cost effectiveness of oral therapy drugs,

29.0% for insulin, 23.7% for management interventions

and 3.9% (three studies) were not intervention specific. In

addition, 22.4% of all included studies used HbA1c as the

only treatment effect of the intervention. In recent years,

other treatment effects such as BMI, blood pressure,

hypoglycaemic events and lipid levels have increasingly

been used, mainly in studies that evaluate cost effective-

ness of new oral therapies; BMI and hypoglycaemic

events are the two common effects besides HbA1c in

insulin evaluation studies (see Figures S1 and S2 in

Supplementary Material 3).

3.2 Relationship between Difference in HbA1c

and the Outcomes

For the 76 studies included in this analysis, 75 reported

QALYs as their model outcome and 59 studies reported LE

as a simulation outcome. Forty-five studies (59.2%)

reported undiscounted QALYs in their sensitivity analysis.

The ratio values used for different discount rates to cal-

culate undiscounted outcomes for the rest of the 31 studies

(59/124 data points) can be found in Supplementary

Material 4. One study [33] with four comparators was

excluded from the QALYs regression analysis because it

involved a large utility change in year 1 (0.152–0.312) as a

direct treatment effect stemming from the intervention.

This makes the relationship between HbA1c and QALY

gain in this study not comparable to others, as other studies

generally assumed changes in utility were mediated

through changes in other risk factors such as BMI.

As only 19 studies used models other than the CORE

model, those studies were combined together for the fol-

lowing regression analysis. Figure 2 depicts the scatter-

plots of differences in HbA1c and the difference in QALYs

or LE in studies that use the CORE model and other

models. A linear relationship could be found in these

scatterplots.

The mean difference in HbA1c is 0.51%, while the mean

increment in QALYs and LE are 0.409 and 0.389,

respectively. The univariate regression results (Table 1)

showed that for studies that used the CORE model, every

1% decrease in HbA1c from the intervention resulted in an

increase of 0.455 and 0.808 for QALYs and LE, respec-

tively. For studies that used the other models, every 1%

decrease in HbA1c from the intervention resulted in a 0.352

increase in QALYs and a 0.696 increase in LE. No inter-

action effect was found between the models and a change

in HbA1c (p = 0.557 for QALY; p = 0.234 for LE). After

pooling all studies together, every 1% decrease in HbA1c

from the intervention resulted in a 0.434 increase in

QALYs and a 0.794 increase in LE. All the coefficients for

HbA1c are significant at the 5% level.

Six studies were excluded from the multivariable

regression because of a lack of information on age, dia-

betes duration or post-treatment HbA1c level in the control

group [18, 38–42]. After controlling for all five risk factors

and age, diabetes duration and post-treatment HbA1c level
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Fig. 2 Relationships between

DHbA1c and DQALYs or DLE,

scatter and fitted linear

regression. HbA1c glycosylated

haemoglobin, LE life

expectancy, QALY quality-

adjusted life-year
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in the control group and pooling all studies together,

DHbA1c, DBMI, Dblood pressure and Dhypoglycaemia

events were the four variables with significant coefficients

for DQALYs. Every 1% decrease in HbA1c from the

intervention resulted in a 0.371 increase in QALYs.

DHbA1c, Dblood pressure and Dtotal cholesterol were

significant coefficients in the multivariable regression for

LE. Every 1% decrease in HbA1c from the intervention

resulted in a 0.642 increase in LE (Table 2).

The relationship between DHbA1c and the ratio of

DQALYs and DLE can be found in Fig. 3. When the dif-

ference in HbA1c is small, the ratio between DQALYs and

DLE increases dramatically. By transforming the depen-

dent variable into ln(y), an inverse exponential relationship

was found and fitted to the scatter graph.

4 Discussion

This study used regression analysis to estimate the associ-

ation between changes in risk factors (e.g. HbA1c), which

are common inputs for simulation models, and the esti-

mated outcomes. The analysis is based on data from 76

studies obtained through a systematic review of published

cost-effectiveness studies of blood glucose-lowering inter-

ventions for people with type 2 diabetes. Based on multiple

linear regression that adjusted for a variety of metabolic risk

factors, it found that the marginal effect of a 1% HbA1c

decrease could result in life-time increases in QALYs and

LE of 0.371 and 0.642, respectively. There was no evidence

of heterogeneity between models. Studies reporting small

differences in HbA1c tend to report larger gains for QALYs

than LE, which implies that when the treatment effect on

HbA1c is limited, the increase in QALYs mainly comes

from utility gain, rather than longer life-years.

In this study, we mainly focus on the treatment effect of

changes in HbA1c, as it is used in almost all analyses of

blood glucose control interventions and is an input for all

diabetes simulation models. Our review result suggests that

recent economic evaluations of blood glucose-lowering

interventions now use a wider variety of risk factors. For

example, hypoglycaemic events, which have been incor-

porated into several models (CORE, Cardiff and ECHO) as

an outcome of interest, were not captured in economic

evaluations prior to 2006, but influence the outcomes of

over 60% of the model simulations of blood glucose low-

ering in published studies during 2013–15 (Figure S1 in the

Supplemental Material). We included these treatment

effects into our multivariable regressions and found a sig-

nificant relationship between them and model outputs as

well. Furthermore, the relationship between the ratio of

increase in QALYs and LE and a difference in HbA1c

could be explained by the treatment effect on BMI and

hypoglycaemia events. In addition to the impact on com-

plications and death, the decrease in BMI and avoidance in

adverse events themselves could also increase people’s

quality of life [34] and appear to play a significant role in

the outcomes of some recent economic evaluations of

blood glucose control therapies [35, 36].

There are several potential practical applications of the

relationship between a change in initial HbA1c and model

outcomes found in this study. First, it can be used as a

diagnostic tool or benchmark for decision makers, enabling

them to identify analyses that deviate from the general trend

and investigate whether there are other factors that may have

led to the discrepancy and whether they are reasonable.

Second, with limited information and resources to run a

diabetes simulation model, the regression estimated in this

study can be used to give a rough prediction of the long-term

effectiveness that could be expected from an intervention in

its early stages. In addition, beyond the specific results, this

study provides a potential methodology for a meta-analytic

approach to combining the results of cost-effectiveness

studies based on simulated outcomes in the future.

Table 1 Results of univariate

regression between DHbA1c and

DQALY as well as DLE

HbA1c coef. Lower CI Upper CI P value R2

Studies using the CORE model

QALY (n = 98) 0.455 0.277 0.633 \0.001* 0.336

LE (n = 74) 0.808 0.503 1.113 \0.001* 0.687

Studies using other models

QALY (n = 21) 0.352 0.054 0.650 0.023* 0.293

LE (n = 14) 0.696 0.144 1.248 0.018* 0.306

Pooled

QALY (n = 119) 0.434 0.279 0.589 \0.001* 0.341

LE (n = 88) 0.794 0.500 1.088 \0.001* 0.656

CI confidence interval, HbA1c glycosylated haemoglobin, LE life expectancy, QALY quality-adjusted life-

year, coef. co-efficient

* Significant at 5% level
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This study has also highlighted inconsistencies in the

reporting of assumptions regarding the treatment effect and

in results of model simulations. To make cost-effectiveness

simulation results transparent, the effect of treatment on all

major risk factors should be reported over time. Currently,

there is no standard way of reporting assumptions regard-

ing the duration of an intervention effect on risk factors

(e.g. some studies report an annual decay [37], while others

a change at some future time [26]). The lack of consistent

reporting has made it hard for us to incorporate this

information into our regressions at this stage, thus we have

been limited to using the initial change in HbA1c and other

risk factors in our regression models. Three studies were

excluded because the initial change in risk factors was not

clearly reported. However, the main issue with the

reporting of outcomes was that 40% of studies included in

this analysis did not report their undiscounted results.

Studies from different countries usually use different dis-

count rates for their base case results, which makes the

comparison between studies difficult to conduct. To

address this issue, we calculated an average ratio between

discounted and undiscounted DQALYs and used this to

infer undiscounted outcomes when these were not reported.

Basic cohort characteristics (age, duration of diabetes,

proportion of male, ethnicity and other baseline risk fac-

tors) and model assumptions (time horizon) were also

sometimes not reported. In this analysis, six studies were

excluded from the multivariable regression because of a

lack of information on age, diabetes duration or post-

treatment HbA1c level in the control group [18, 38–42].

There is a clear need for general reporting standards of

diabetes cost-effectiveness studies to be developed to

promote transparency and facilitate future model compar-

isons. A starting point for this is the use of the Consolidated

Health Economic Evaluation Reporting Standards [43].

This study is subject to a number of limitations. First,

the difference in HbA1c collected in this study is the initial

difference between two simulated cohorts, which is often

the only measure of glycaemia that many simulation

Table 2 Results of

multivariable regression
Coef. Lower CI Upper CI P value

For DQALYs (n = 108)

HbA1c (%) 0.371 0.286 0.456 \0.001*

BMI (kg/m2) 0.088 0.048 0.129 \0.001*

Systolic blood pressure (mmHg) 0.067 0.019 0.115 0.007*

Hypoglycaemic event (patient-year) 0.038 0.024 0.052 \0.001*

Total cholesterol (mmol/L) 0.227 -0.040 0.493 0.094

Age -0.008 -0.020 0.005 0.225

Duration -0.005 -0.017 0.006 0.354

Post-treatment HbA1c (%) 0.019 -0.041 0.079 0.523

For DLE (n = 78)

HbA1c (%) 0.642 0.494 0.790 \0.001*

BMI (kg/m2) -0.003 -0.055 0.049 0.908

Systolic blood pressure (mmHg) 0.073 0.018 0.129 0.011*

Hypoglycaemic event (patient-year) -0.016 -0.041 0.008 0.189

Total cholesterol (mmol/L) 0.720 0.406 1.034 \0.001*

Age 0.001 -0.017 0.020 0.882

Duration -0.006 -0.026 0.014 0.560

Post-treatment HbA1c (%) 0.002 -0.068 0.073 0.944

BMI body mass index, HbA1c glycosylated haemoglobin, CI confidence interval, coef. co-efficient, LE life

expectancy, QALY quality-adjusted life-year

* Significant at 5% level

Fig. 3 Relationship between DHbA1c and the ratio of DQALYs and

DLE, scatter and fitted regression. HbA1c glycosylated haemoglobin,

LE life expectancy, QALY quality-adjusted life-year
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modelling studies included. While we note some simula-

tion models make additional assumptions about the relative

trajectory of HbA1c, most economic evaluations of diabetes

therapies do not report these in a uniform manner and with

insufficient details to be incorporated into the current

analysis. While there is a strong association between initial

HbA1c and long-term outcomes, the consistency of

regression relationship depends on independence of the

initial HbA1c and the error term. It would be useful to re-

examine this assumption in future work, particularly as the

transparency of reporting of simulation models improves

over time.

Second, a lack of statistical power (124 pair of com-

parators) meant that we were unable to include many

variables in the multivariable regression. Although other

factors such as sex percentage, ethnicity and baseline val-

ues for other risk factors were also collected they were not

included. Further, the limited number of studies using

simulation models other than CORE meant we were unable

to investigate the consistency between models separately.

We found no evidence of heterogeneity between models by

comparing studies that used the CORE model and studies

that used any of the other type 2 diabetes simulation

models. Again, there is scope for future work to include

more control variables and further explore the consistency

between models when more studies are available.

Finally, we have not taken account of reported uncer-

tainty surrounding model estimates because of the limita-

tions in the reporting of these measures in published

studies. A future analysis could focus on comparisons of

uncertainty by different simulation models.

5 Conclusion

We found a linear relationship between the difference in

HbA1c and the difference in QALYs and LE based on

published studies using type 2 diabetes models. There was

no evidence of heterogeneity among models. When the

difference in HbA1c is small, the gain in QALYs largely

exceeds the gain in LE, suggesting when the treatment

effect on HbA1c is limited, the increase in QALYs mainly

comes from utility gain, rather than longer life-years. Our

study provides a benchmark for decision makers to identify

studies deviating from others, and potentially generate

preliminary long-term effectiveness predictions when

insufficient resources are available to use a simulation

model.
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Appendix 3 Media impact of chapter 3 

 

 

 

Altmetric statistics of chapter 3. Accessed 16th August 2018, 

https://jamanetwork.altmetric.com/details/6482840 

  

https://jamanetwork.altmetric.com/details/6482840
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