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1.1 PERSONALIZED MEDICINE 

1.1.1 Definition  

Personalized medicine, with its first use as the title of an article1, has become a popular topic 

resulting in nearly 2,500 annual publications by 2012.2 However, there is still no general 

agreed definition of personalized medicine as various terms can be used to describe its 

concept.2,3 The definition is sometimes strictly given in the context of “genomic medicine”, 

i.e., using genomic tests to select individual treatment eligibility and thus improve safety and 

patients’ health outcomes via more efficient targeted risk stratification, and more tailored 

intervention.2-5 The term “stratified medicine” can also be used to describe the concept of 

personalized medicine in which the subpopulations are not necessarily identified simply by 

their genomic information.2,6 Personalized medicine is sometimes referred to as 

“individualized medicine”3 to represent one end of a continuum of patient therapy to tailor the 

intervention at purely individual level rather than just at group level (i.e., one step further than 

stratified medicine).7,8 Redekop and Mladsi9 recently suggested a definition of personalized 

medicine in a broad perspective: “the use of the combined knowledge (genetic or otherwise) 

about a person to predict disease susceptibility, disease prognosis, or treatment response and 

thereby improve that person’s health”.      

 

1.1.2 Towards better clinical decisions 

Although the definition of personalized medicine differs among studies, one of the common 

core issues is to improve health through using risk-stratified treatment recommendations. 

Such recommendations suggest the allocation of different treatment regimens to individuals 

with different risks for outcomes.10 Some major steps are taken into account to develop risk-

stratified treatment recommendations.11 First, different risk assessment tools (i.e., clinical risk 

prediction models) need to be applied to initially predict the likelihood of an underlying 

disease or disease-related outcomes over a given time period after incorporating patients’ 

characteristics. Subsequently, the evidence about treatment effects on benefit and harm 

outcomes from randomized trials needs to be incorporated. Finally, a scientifically sound 

method is needed to investigate how the effects of different treatment regimens may vary 

across patients at different risks. This method should result in treatment thresholds defined 

with respect to patients’ risk profiles that maximize the chance for benefits while minimizing 

harms. Surprisingly, it has recently been shown in an environmental scan that only one of the 

clinical practice guidelines for the prevention or treatment of many common chronic diseases 

provides a clear explanation of how their treatment threshold was determined.11 This suggests 

that taking into account the limited use that hitherto has been made of it, there is an enormous 

room for improvement and better return on investment. 

 

1.1.3 Towards more efficient resource allocation 

The emerging role of health economics and outcomes research in personalized medicine has 

recently been recognized, and is actively discussed.12-16 It has been highlighted that the more 

important issue that needs to be tackled is not how personalized medicine can help target 

appropriate patients, but how this may maximize the net benefits for manufacturers, payers, 

and society at large.2 Similar to the evaluation of other types of medical technologies, it is 

essential that such personalized approaches are able to ultimately cross the “fourth hurdle”17-19 

to secure their successful market registrations. Nowadays, very few specific guidelines exist 

to support the economic assessment of personalized medicine20, which signals the necessity to 

develop innovative methods. The steps, as aforementioned to develop risk-stratified treatment 

recommendations, forms a clear framework to assess the clinical utility of personalized 

medicine. In a similar fashion, such a framework might also work and yield treatment 

thresholds after considering parameters that incorporate economic value of the comparative 

treatment regimens in the evaluation methods. Making better use of such evidence, patient 

care can be improved and more tailored and, more importantly, the use of the scarce health 

care resources can be optimized. 

  



1

General introduction

11

1.1 PERSONALIZED MEDICINE 

1.1.1 Definition  

Personalized medicine, with its first use as the title of an article1, has become a popular topic 

resulting in nearly 2,500 annual publications by 2012.2 However, there is still no general 

agreed definition of personalized medicine as various terms can be used to describe its 

concept.2,3 The definition is sometimes strictly given in the context of “genomic medicine”, 

i.e., using genomic tests to select individual treatment eligibility and thus improve safety and 

patients’ health outcomes via more efficient targeted risk stratification, and more tailored 

intervention.2-5 The term “stratified medicine” can also be used to describe the concept of 

personalized medicine in which the subpopulations are not necessarily identified simply by 

their genomic information.2,6 Personalized medicine is sometimes referred to as 

“individualized medicine”3 to represent one end of a continuum of patient therapy to tailor the 

intervention at purely individual level rather than just at group level (i.e., one step further than 

stratified medicine).7,8 Redekop and Mladsi9 recently suggested a definition of personalized 

medicine in a broad perspective: “the use of the combined knowledge (genetic or otherwise) 

about a person to predict disease susceptibility, disease prognosis, or treatment response and 

thereby improve that person’s health”.      

 

1.1.2 Towards better clinical decisions 

Although the definition of personalized medicine differs among studies, one of the common 

core issues is to improve health through using risk-stratified treatment recommendations. 

Such recommendations suggest the allocation of different treatment regimens to individuals 

with different risks for outcomes.10 Some major steps are taken into account to develop risk-

stratified treatment recommendations.11 First, different risk assessment tools (i.e., clinical risk 

prediction models) need to be applied to initially predict the likelihood of an underlying 

disease or disease-related outcomes over a given time period after incorporating patients’ 

characteristics. Subsequently, the evidence about treatment effects on benefit and harm 

outcomes from randomized trials needs to be incorporated. Finally, a scientifically sound 

method is needed to investigate how the effects of different treatment regimens may vary 

across patients at different risks. This method should result in treatment thresholds defined 

with respect to patients’ risk profiles that maximize the chance for benefits while minimizing 

harms. Surprisingly, it has recently been shown in an environmental scan that only one of the 

clinical practice guidelines for the prevention or treatment of many common chronic diseases 

provides a clear explanation of how their treatment threshold was determined.11 This suggests 

that taking into account the limited use that hitherto has been made of it, there is an enormous 

room for improvement and better return on investment. 

 

1.1.3 Towards more efficient resource allocation 

The emerging role of health economics and outcomes research in personalized medicine has 

recently been recognized, and is actively discussed.12-16 It has been highlighted that the more 

important issue that needs to be tackled is not how personalized medicine can help target 

appropriate patients, but how this may maximize the net benefits for manufacturers, payers, 

and society at large.2 Similar to the evaluation of other types of medical technologies, it is 

essential that such personalized approaches are able to ultimately cross the “fourth hurdle”17-19 

to secure their successful market registrations. Nowadays, very few specific guidelines exist 

to support the economic assessment of personalized medicine20, which signals the necessity to 

develop innovative methods. The steps, as aforementioned to develop risk-stratified treatment 

recommendations, forms a clear framework to assess the clinical utility of personalized 

medicine. In a similar fashion, such a framework might also work and yield treatment 

thresholds after considering parameters that incorporate economic value of the comparative 

treatment regimens in the evaluation methods. Making better use of such evidence, patient 

care can be improved and more tailored and, more importantly, the use of the scarce health 

care resources can be optimized. 

  



Chapter 1

12

1.2 ROLE OF BIOMARKERS IN PERSONALIZED MEDICINE 

1.2.1 state-of-the art 

The complex underlying pathophysiologies of many diseases are as yet not fully understood. 

Biomarkers as indicators of the underlying molecular disease pathways may help to 

disentangle the riddles.21-23 In theory, any substance that is objectively measured on or in a 

biological system can be used as a potential biomarker.21,24 After biomarkers have been 

identified and properly validated during preclinical assays, it is necessary to investigate 

whether they have potential diagnostic or prognostic ability to indicate disease manifestation 

and/or progression and prognosis.23 Furthermore, their additional ability in developing risk-

stratified treatment recommendations compared to the personalized approach based on 

commonly used risk assessment tools is crucial when assessing the (potential) role of 

biomarkers in personalized medicine. To this end, rigorous steps need to be undertaken to 

critically evaluate the performance of biomarkers before they will eventually be adopted in 

clinical practice.25,26 Readily available methods to support such evaluation have so far 

remained rather limited to abstract statistical terms, such as calibration (i.e., the goodness-of-

fit between observed and predicted values), discrimination (i.e., the ability to separate cases 

from non-cases), and reclassification (i.e., the ability to correctly classify patients into a lower 

or higher risk category).27,28 However, as stated in Hlatky et al.25, the ultimate goal for 

biomarker research should not be to assess the added predictive value compared to standard 

risk markers, but to assess whether the use of such biomarkers can indeed change clinical 

outcomes in an affordable manner (i.e., cost-effectiveness) and satisfy the needs from 

multiple stakeholders (i.e., regulators, payers, patients etc.). Unfortunately, an agreed 

methodology to support the latter type of assessment is still lacking. This explains why the 

bench-to-bedside translations of both established and emerging biomarkers are still rare, 

despite the fact that the volume of literature devoted to biomarkers in clinical science is 

currently booming.21,23  

The works presented in this thesis were performed within the framework of Center for 

Translational Molecular Medicine (CTMM). CTMM is a Dutch public-private partnership 

with one of the main aims to investigate the role of biomarkers in personalized medicine 

within different disease areas (i.e., cancer, cardiovascular diseases, infection and immunity, 

neurodegenerative diseases). Different partners within each project consortium collaborated to 

systematically evaluate the translational ability of biomarkers. After novel biomarkers have 

been identified as promising based on evidence from preclinical assays, the research 

conducted in our group initially focused on using readily available methods to assess the 

biomarkers’ clinical value. Subsequently, innovative methods were developed and introduced 

to evaluate the economic potential of such biomarkers to support their future clinical 

implementation.   

 

1.2.2 Cost-effectiveness potential 

To assess the long-term economic value (i.e., cost-effectiveness) of biomarkers, different 

types of state-transition models (STMs)29,30 can be applied to perform comparative analyses 

after synthesizing appropriate evidence. A conventional approach may be used by the time a 

novel biomarker-based medical technology (i.e., biomarker test-kit) has been fully developed 

and the relevant evidence from clinical studies is available.31 The results are intended to 

support reimbursement decision making by showing whether such technology can be 

implemented and adopted in daily clinical practice at affordable costs.26,32 Nowadays, the 

evidence to support a conventional cost-effectiveness analysis of biomarkers is virtually 

always lacking. An important reason is that there is only a very limited number of studies 

specifically examining the clinical and economic value of laboratory tests.33 Indeed little 

attention is paid to consider such tests as an inherent part of the overall treatment plan and 

thus a relevant target for potential costs or savings.  

Increasingly, it is recommended that the cost-effectiveness evaluation should be 

performed already at an early stage, for instance, when only a prototype of the biomarker test-

kit is available.31,34 Notably, the conventional assessment does not allow incorporating the 

uncertainty encountered during the technology development phases into the analysis. As a 

consequence, it has long been considered difficult or even impossible to adequately inform 

the investment decision makers whether continuing such a costly process is worthwhile before 

it is too late. Early-stage STMs26,35 are developed to support timely product investment 

decision making for its further development. The modeled outcome considered in this thesis is 

the commercial headroom available, which is defined as a price ceiling for which the intended 

clinical adoption of the novel technology may be deemed cost-effective.36,37 Early-stage 

economic evaluation is characterized by evidence scarcity because the prototype of a novel 

technology (i.e., the biomarker test-kit) has hardly ever, if ever, been clinically applied.34,35,38 

Although the relevance of such assessment has been recognized, today most assessors lack 
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general understanding to quantify or qualify how the uncertainty caused by the limited 

evidence influences the future investment decision. This has thus far lead to very limited 

application to support the early-stage health economic decision making in biomarker research. 

  

1.3 APPLICATIONS TO HEART FAILURE  

The disease considered in this thesis is heart failure (HF). HF is a complex clinical syndrome 

which is characterized by symptoms such as breathlessness, fatigue, ankle swelling, and 

objective evidence of abnormal ventricular function.39-43 It occurs when the heart muscle is 

weakened and enlarged thus preventing the heart from pumping normally and providing 

adequate blood flow for the body’s needs. Worldwide, HF is one of the leading causes of 

death and disability.44 The prevalence of HF is high.39 In the U.S., there are more than 5.8 

million adults who are suffering from HF, which accounts for approximately 2% of the total 

population.40 The worldwide HF prevalence was estimated to be more than 26 million, and 

nearly 3.5 million new cases are diagnosed each year in Europe.45 HF prevalence increases 

dramatically with age46,47 and is rare under the age of 50. Importantly, HF is associated with a 

poor prognosis.39 The 5-year mortality of HF was found to be 45-60% in the Framingham 

Heart Study.41 In addition, morbidity is enormous with more than 1 million recorded HF-

related hospitalizations annually.42 The 6-month HF-related readmission rate is approximately 

50%.48 Worldwide the economic burden of HF is increasing at a stunning pace. The estimated 

direct and indirect HF health care costs exceeded $37 billion in 2009 in the U.S..49 Total 

expenditure on HF ranges between 1% and 2% of the total health care budget in some other 

developed countries50, of which around 75% is due to inpatient care.51 Moreover, an increase 

in the prevalence and the corresponding cost burden of HF care is predicted for developed 

countries.41 This trend is expected to continue until the middle of this century.52 

In this thesis, we focus on circulating HF biomarkers that can be measured in the 

blood rather than the measurements that are routinely conducted as part of daily clinical 

practice (i.e., systolic and diastolic blood pressure).21 The number of studies regarding the use 

of biomarkers in HF has increased spectacularly in the recent years.22,53-56 Currently, the 

greatest impact of this type of research has been observed in the area of HF diagnosis, where 

the use of natriuretic peptides has gained widespread acceptance. A second main application 

of biomarkers in HF is the early identification of individuals at risk for adverse disease-related 

outcomes (i.e., prognosis). Finally, biomarkers in HF may also be intended to monitor how 

the disease is responding to a particular treatment regimen or to predict new-onset HF among 

healthy individuals.  
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1.4 OBJECTIVES AND THESIS OUTLINE 

This thesis focuses on what methodological challenges to overcome to be able to show 

whether biomarkers have potential added value for personalized medicine towards optimal 

therapeutic and policy decision making using case studies in HF. To achieve this, several 

crucial steps need to be followed. Prior to the incorporation of biomarkers, the first part of this 

thesis (chapters 2 and 3) provides insights into the proof of concept of personalized HF care. 

Specifically, chapter 2 describes the development of a risk prediction model to support early 

identification of healthy individuals at risk of both new onset HF with reduced and preserved 

ejection fraction (HFrEF and HFpEF). A treatment threshold is derived in chapter 3 after 

investigating to what extent a risk-stratified allocation of HF disease management programs 

can improve clinical outcomes and reduce costs compared to a one-size-fits-all treatment 

strategy. Subsequent to the proof of the concept section, the second part of this thesis 

(chapters 4 to 7) systematically investigates whether it is worthwhile to further improve 

personalized HF care by incorporating biomarkers. Chapter 4 investigates the clinical 

determinants and added prognostic value of a novel biomarker that has not been described 

previously in HF. Chapter 5 serves as the methodological preparation for chapter 7 in which 

an innovative model specification of a specific type of STM is introduced in the health 

economic setting. Chapter 6 provides an application of the modeling technique introduced in 

chapter 5 in a biomarker-based setting to evaluate the potential cost-effectiveness of 

biomarker-guided treatment response monitoring. Chapter 7 evaluates the potential cost-

effectiveness of a biomarker-based risk-stratified treatment recommendation compared to a 

treatment recommendation based on a risk prediction model which does not contain 

biomarkers. The treatment threshold determined from chapter 3 and the modeling technique 

introduced in chapter 5 are used to support the evaluation conducted in chapter 7. The main 

findings and implications of the various chapters, the methodological considerations, as well 

as the directions for future research are discussed in chapter 8.   
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1.4 OBJECTIVES AND THESIS OUTLINE 
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crucial steps need to be followed. Prior to the incorporation of biomarkers, the first part of this 
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investigating to what extent a risk-stratified allocation of HF disease management programs 

can improve clinical outcomes and reduce costs compared to a one-size-fits-all treatment 
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biomarker-guided treatment response monitoring. Chapter 7 evaluates the potential cost-

effectiveness of a biomarker-based risk-stratified treatment recommendation compared to a 

treatment recommendation based on a risk prediction model which does not contain 

biomarkers. The treatment threshold determined from chapter 3 and the modeling technique 

introduced in chapter 5 are used to support the evaluation conducted in chapter 7. The main 

findings and implications of the various chapters, the methodological considerations, as well 

as the directions for future research are discussed in chapter 8.   
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ABSTRACT 

Aims: Heart failure with reduced and preserved ejection fraction (HFrEF, HFpEF, 

respectively) is associated with high mortality and morbidity. We developed a competing risk 

model for simultaneously predicting new onset HFrEF and HFpEF in individuals from a 

community-based cohort. 

Methods and Results: From 8,569 heart failure-free subjects of the Prevention of Renal and 

Vascular End-stage Disease (PREVEND), a community-based, middle-aged cohort study, we 

identified 374 subjects with new onset heart failure, of whom 249 (67%) had HFrEF, 

according to the guidelines of the European Society of Cardiology. Weibull regression models 

were used with a subject’s age as the time scale to describe the cause-specific hazard 

functions of the state transitions included in our model. The model’s accuracy in predicting 

the 10-year cumulative incidences of new onset HFpEF and HFrEF was internally validated 

considering calibration and discrimination. Twenty one easily available risk factors in daily 

clinical practice comprised the PREVEND risk model. The mean observed vs. predicted 10-

year cumulative incidence was 2.2% and 2.4% for HFrEF and 1.0% and 1.1% for HFpEF. 

Predictors for new onset HFpEF were cystatin C, UAE and systolic blood pressure. Specific 

predictors for HFrEF were smoking, hs-Troponin T, heart rate, male gender and LDL-

cholesterol. NT-proBNP and myocardial infarction predicted both outcomes, however 

stronger for HFrEF. BMI also predicted both outcomes, but stronger for HFpEF. The 

corresponding values of the c statistic were 0.70 for HFrEF and 0.60 for HFpEF. 

Conclusion: We present the first available risk prediction model for early identification of 

subjects at risk for new onset HFrEF and HFpEF. Even in a well-defined community-based 

cohort with extensive follow-up, the prediction of new onset heart failure, in particular 

HFpEF, remains challenging. 

 

  

2.1 INTRODUCTION 

Heart failure is a progressive syndrome with a high morbidity and is one of the major causes 

of death in Western countries.1-3 Variable mortality rates have been reported, accounting for 

the severity of the underlying disease and various other factors. For example, in most surveys, 

patients with HFpEF have a better survival compared with patients with HFrEF.4, 5 Multiple 

successful clinical trials showed substantially improved prognosis for patients diagnosed with 

HFrEF,6 wheras no randomized clinical trial yet decreased mortality rates for subjects with 

HFpEF.7  Most recent studies on new onset heart failure have shown clear distinctive clinical 

patterns between the two types of heart failure.8, 9 Since the difference in patient profiles, 

clinical outcomes and differential benefits of drug treatment, HFrEF and HFpEF should be 

considered separately when analyzing the risk of new onset heart failure. However, a risk 

prediction model that discriminates between subjects at risk for HFpEF and HFrEF has not 

yet been developed. 

Recently, we identified all cases of new onset heart failure during 12.5 years of 

follow-up in a community-based cohort and adjudicated them as either HFrEF or HFpEF.8 In 

the current investigation, we developed a risk prediction model for both types of new onset 

heart failure, using regular and easily available clinical and biochemical measurements. 
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Aims: Heart failure with reduced and preserved ejection fraction (HFrEF, HFpEF, 

respectively) is associated with high mortality and morbidity. We developed a competing risk 

model for simultaneously predicting new onset HFrEF and HFpEF in individuals from a 

community-based cohort. 

Methods and Results: From 8,569 heart failure-free subjects of the Prevention of Renal and 

Vascular End-stage Disease (PREVEND), a community-based, middle-aged cohort study, we 

identified 374 subjects with new onset heart failure, of whom 249 (67%) had HFrEF, 

according to the guidelines of the European Society of Cardiology. Weibull regression models 

were used with a subject’s age as the time scale to describe the cause-specific hazard 

functions of the state transitions included in our model. The model’s accuracy in predicting 

the 10-year cumulative incidences of new onset HFpEF and HFrEF was internally validated 

considering calibration and discrimination. Twenty one easily available risk factors in daily 

clinical practice comprised the PREVEND risk model. The mean observed vs. predicted 10-

year cumulative incidence was 2.2% and 2.4% for HFrEF and 1.0% and 1.1% for HFpEF. 

Predictors for new onset HFpEF were cystatin C, UAE and systolic blood pressure. Specific 

predictors for HFrEF were smoking, hs-Troponin T, heart rate, male gender and LDL-

cholesterol. NT-proBNP and myocardial infarction predicted both outcomes, however 

stronger for HFrEF. BMI also predicted both outcomes, but stronger for HFpEF. The 

corresponding values of the c statistic were 0.70 for HFrEF and 0.60 for HFpEF. 

Conclusion: We present the first available risk prediction model for early identification of 

subjects at risk for new onset HFrEF and HFpEF. Even in a well-defined community-based 

cohort with extensive follow-up, the prediction of new onset heart failure, in particular 

HFpEF, remains challenging. 

 

  

2.1 INTRODUCTION 

Heart failure is a progressive syndrome with a high morbidity and is one of the major causes 

of death in Western countries.1-3 Variable mortality rates have been reported, accounting for 

the severity of the underlying disease and various other factors. For example, in most surveys, 

patients with HFpEF have a better survival compared with patients with HFrEF.4, 5 Multiple 

successful clinical trials showed substantially improved prognosis for patients diagnosed with 

HFrEF,6 wheras no randomized clinical trial yet decreased mortality rates for subjects with 

HFpEF.7  Most recent studies on new onset heart failure have shown clear distinctive clinical 

patterns between the two types of heart failure.8, 9 Since the difference in patient profiles, 

clinical outcomes and differential benefits of drug treatment, HFrEF and HFpEF should be 

considered separately when analyzing the risk of new onset heart failure. However, a risk 

prediction model that discriminates between subjects at risk for HFpEF and HFrEF has not 

yet been developed. 

Recently, we identified all cases of new onset heart failure during 12.5 years of 

follow-up in a community-based cohort and adjudicated them as either HFrEF or HFpEF.8 In 

the current investigation, we developed a risk prediction model for both types of new onset 

heart failure, using regular and easily available clinical and biochemical measurements. 
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2.2 METHODS 

2.2.1 Study population 

The study was performed using the data of the PREVEND (Prevention of REnal and Vascular 

ENdstage Disease) cohort study, which has been described elsewhere.10, 11 In summary, from 

1997 to 1998, all inhabitants of the city of Groningen, The Netherlands, aged 28 to 75 years 

(N = 85 421) were asked to send in a first morning urine sample and complete a short 

questionnaire on demographics and cardiovascular disease history, and 40 856 subjects 

responded (47.8%). All subjects with a urinary albumin excretion (UAE) >10mg/L (N = 7786) 

in their morning urine as well as a randomly selected control group with UAE <10 mg/L (N = 

3395) were invited to an outpatient clinic for a detailled assessment of cardiovascular and 

renal risk factors, including filling in questionnaires, recording anthropometrics, and blood 

and urine sampling. After excluding subjects with insulin-dependent diabetes mellitus, 

pregnant women, and subjects unable or unwilling to participate, a total of 8592 subjects 

completed the screening programme. Within these subjects, 23 (0.3%) had a diagnosis of 

heart failure before the start of PREVEND.8 These patients were excluded from the present 

analysis. Thus in total, 8569 heart failure-free subjects comprised the present study population. 

The PREVEND study was approved by the institutional medical ethics committee and 

conducted in accordance with the Declaration of Helsinki. All subjects provided written 

informed consent.  

 

2.2.2 Definitions  

Systolic and diastolic blood pressures were calculated as the mean of the last two 

measurements of the two visits, measured using an automatic Dinamap XL Model 9300 series 

device. Body mass index (BMI) was calculated as the ratio of weight to height squared 

(kg/m2). UAE was calculated as the average value from two consecutive 24h urine collections. 

Smoking was defined as current nicotine use or smoking cessation within the previous year. 

History of myocardial infarction was defined as participant-reported hospitalization for at 

least 3 days as a result of this condition. Standard 12-lead electrocardiograms were recorded 

using the computer program Modular ECG Analysis System, and atrial fibrillation (AF) was 

defined according to Minnesota codes 8.3.1 and 8.3.3.12 

 

2.2.3 Assays 

At baseline, EDTA plasma samples were drawn from all participants for biomarker 

assessment. Aliquots of these samples were stored immediately after collection at -80°C until 

analyses. N-terminal pro-B-type natriuretic peptide (NT-proBNP) and highly-sensitive C-

reactive protein (hs-CRP) were measured, as described in detail elsewhere.13, 14 Highly-

sensitive troponin T (hs-TnT) was measured using Modular Analytics serum work areas, with 

<10% coefficient of variation at the 99th percentile of the reference range (Roche 

Diagnostics).15 Urinary albumin concentration was determined by nepholometry, with a 

threshold of 2.3 mg/L and intra- and interassay coefficients variation of 2.2 and 2.6%, 

respectively (BNII, Dade Behring Diagnostica, Marburg, Germany).10 

 

2.2.4 Heart Failure and Cardiovascular events 

As described before, follow-up for the present investigation was defined as time between the 

baseline visit to the outpatient department and the date of new onset heart failure, death or 

January 1st, 2011. Subjects were censored at the date they moved to an unknown destination 

or at the last date of follow-up (January 1st, 2011), whichever date came first. Information on 

dates and causes of death for every participant were obtained from Statistics Netherlands,16 

and coded according to the 10th revision of the International Classification of Diseases (ICD). 

Participants with a new diagnosis of heart failure were identified using criteria described in 

the Heart Failure Guidelines of the European Society of Cardiology,6 and an endpoint 

adjudication committee ascertained the diagnosis of either HFrEF or HFpEF, as described 

elsewhere.8 Based on left ventricular ejection fraction (LVEF) at the time of diagnosis, heart 

failure was classified as HFrEF or HFpEF (LVEF <50% or >50%, respectively). 

 

2.2.5 Model structure 

To predict the 10-year cumulative incidences of new onset HFpEF and HFrEF, we fitted a 

competing risk model to the observed outcomes in the study population.17 The model 

consisted of one starting state (free of heart failure) and three absorbing states reflecting the 

occurrence of 3 competing causes of failure: new onset HFpEF, new onset HFrEF, and death 

before the onset of heart failure (see Figure 1 for a schematic representation). The cause-
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respectively (BNII, Dade Behring Diagnostica, Marburg, Germany).10 

 

2.2.4 Heart Failure and Cardiovascular events 

As described before, follow-up for the present investigation was defined as time between the 

baseline visit to the outpatient department and the date of new onset heart failure, death or 

January 1st, 2011. Subjects were censored at the date they moved to an unknown destination 

or at the last date of follow-up (January 1st, 2011), whichever date came first. Information on 

dates and causes of death for every participant were obtained from Statistics Netherlands,16 

and coded according to the 10th revision of the International Classification of Diseases (ICD). 

Participants with a new diagnosis of heart failure were identified using criteria described in 

the Heart Failure Guidelines of the European Society of Cardiology,6 and an endpoint 

adjudication committee ascertained the diagnosis of either HFrEF or HFpEF, as described 

elsewhere.8 Based on left ventricular ejection fraction (LVEF) at the time of diagnosis, heart 

failure was classified as HFrEF or HFpEF (LVEF <50% or >50%, respectively). 

 

2.2.5 Model structure 

To predict the 10-year cumulative incidences of new onset HFpEF and HFrEF, we fitted a 

competing risk model to the observed outcomes in the study population.17 The model 

consisted of one starting state (free of heart failure) and three absorbing states reflecting the 
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specific hazard functions were assumed to have a proportional hazard structure with a Weibull 

baseline hazard function and a subject’s age as the time scale.18 To account for the 

overrepresentation of subjects with an elevated UAE (>10 mg/L) in our study population, 

subjects were stratified into normal or elevated UAE and separate baseline hazard functions 

were fitted to each stratum. The effects of the explanatory covariates on the baseline hazard 

functions were assumed to be the same in each stratum. A detailed description of the model’s 

regression equations and how these equations were combined to obtain absolute risk 

predictions is provided in Appendix I. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Schematic representation of the competing risk model structure  

2.2.6 Parameter estimation 

To fit the cause-specific hazard functions to the observed outcomes in the PREVEND study 

population, the following procedure was followed. First, a set of routinely available candidate 

predictor variables (Appendix II) was established to build up the initial full models. 
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Subsequently, model building was performed by applying a backward selection procedure 

with a nominal significance level of 10% for variable exclusion. As missing values were 

present in several of the candidate predictor variables, multiple imputation was performed to 

obtain five imputed data sets. Rubin’s rules were used to obtain pooled estimates of the 

regression coefficients and their standard errors.19, 20 As age is used as the time scale of the 

cause-specific hazard functions, it is unnecessary to use it as a covariate in the regression 

equations and was therefore not included in the list of candidate predictor variables. In 

addition, as subjects were not observed from birth but rather from their time of entry into the 

study, the use of age as the time scale causes the data to be left-truncated. This delayed entry 

into the risk set was accounted for when estimating the regression coefficients of the cause-

specific hazard functions. Most variables entered the models as linear terms, except for 

triglycerides,  creatinine, UAE, hs-CRP, and NT-proBNP, for which the log transformation 

was applied. For hs-TnT, the lower detection limit of 2.5 ng/L was reached for 57.5% of the 

subjects. This variable was therefore entered in the model by including the following two 

terms: a dummy variable indicating whether a subject’s hs-TnT value fell below the detection 

limit, and a continuous variable taking on the value log(hs-TnT –2.5) for subjects with an hs-

TnT value above the detection limit and 0 otherwise. 
 

2.2.7 Model validation 

The model’s accuracy in predicting the 10-year cumulative incidences of new onset HFpEF 

and HFrEF was internally validated by considering calibration and discrimination. Calibration 

was assessed graphically by plotting for each decile of predicted 10-year cumulative 

incidence the mean predicted 10-year cumulative incidence against the observed 10-year 

cumulative incidence within this same decile. To account for competing risk, the observed 10-

year cumulative incidences were estimated by the empirical cumulative incidence estimator.17 

Discrimination was assessed by calculating Harrell’s C discrimination index,21 using Wolbers 

et al. adapted definition of the risk set to account for the occurrence of  competing events that 

preclude the occurrence of the event of interest.22  
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2.3 RESULTS 

2.3.1 Patient characteristics 

During a median follow-up of 12.5 years (IQR: 12.2~12.9), 374 individuals (4.4%) were 

diagnosed with new onset HFpEF or HFrEF. Out of these patients, 125 (33.4%) were 

classified as HFpEF and 249 (66.6%) as HFrEF. 710 individuals (8.3%) died before the onset 

of heart failure. The average time to diagnosis of new onset heart failure was 7.8 (IQR 

3.9~10.5) years (6.6 (3.6~10.1) years for HFrEF and 9.2 (6.4~11.0) years for HFpEF). 

Baseline characteristics of subjects experiencing an event are depicted against event-

free subjects in Table 1. Compared to subjects with new onset HFpEF, levels of creatinine, 

hs-TnT, and NT-proBNP were higher for subjects with new onset HFrEF. The proportions of 

males and smokers were also larger for subjects with new onset HFrEF compared to subjects 

with new onset HFpEF. 

 

2.3.2 Predictors for HFrEF and HFpEF 

The beta coefficients and corresponding hazard ratios for the final models of the cause-

specific hazard functions are listed in Table 2. Specific risk factors for new onset HFpEF were 

cystatin C, UAE and systolic blood pressure. Specific predictors for new onset HFrEF were 

smoking, heart rate, male gender, hs-TnT and LDL-cholesterol. Increased levels of NT-

proBNP and a previous history of myocardial infarction were both predictors for HFrEF and 

HFpEF, although more for HFrEF. The same applies to an increased BMI, which was slightly 

more predictive for HFpEF than HFrEF. 

 

2.3.3. Model validation 

The mean observed vs. predicted 10-year cumulative incidences were 1.00% vs. 1.08% for 

new onset HFpEF and 2.18% vs. 2.36% for new onset HFrEF. The calibration plots (Figure 

2a and Figure 2b) show a good calibration for both HF outcomes: most of the dots are close to 

the diagonal line indicating perfect calibration. For the HFrEF outcome, the discriminating 

ability of our model was moderate with a value of the c statistic of 0.70. The model’s 

discriminative ability for the HFpEF outcome was lower with a c statistic of 0.60.  

 

 

 

 

2.3.4 Software implementation 

To allow for convenient application of our risk prediction model in practice, a user-friendly 

software implementation has been developed in Java. Detailed information is found in the 

supplementary material online. 
 

Table 1: Baseline characteristics of the PREVEND study population, divided by heart failure and death 
during follow-up* 

  No HF / death   HFpEF HFrEF 
Death 
before HF 

  N=7485   N=125 N=249 N=710 
Demography          
Age (yrs) 47±12   63±9 62±10 63±10 
Males (%) # 47.4   48.0 72.7 67.5 
BMI (kg/m2) 26±4   29±5 28±4 27±4 
Smoking or quit <1 year (%) # 37.4   28.8 42.9 44.3 
Systolic BP (mmHg) 127±19   149±25 145±22 142±24 
Diastolic BP (mmHg) 73±10   79±9 80±10 79±10 
Heart rate (bpm) 69±10   70±12 70±12 71±12 
Baseline Medical history          
Myocardial infarction (%) 4.1   19.5 28.6 16.0 
Stroke (%) 0.6  3.3 2.9 3.2 
Atrial fibrillation (%) 0.8   5.0 4.5 2.9 
Laboratory values           
Glucose (mmol/L) 4.8±1.0   5.6±2.1 5.5±1.8 5.4±1.8 
Total cholesterol (mmol/L) 5.6±1.1   6.0±1.0 6.0±1.0 6.0±1.2 
HDL-cholesterol (mmol/L) 1.33±0.40   1.27±0.35 1.20±0.36 1.24±0.39 
LDL-cholesterol (mmol/L) 3.63±1.04  4.03±0.98 4.07±0.99 4.00±1.06 
Triglycerides (mmol/L) 1.14 (0.83-1.66)   1.36 (1.02-1.78) 1.43 (0.98-2.03) 1.32 (0.97-1.92) 
Cystatin C (mg/dL) 0.78±0.18  0.92±0.26 0.92±0.21 0.94±0.38 
Serum Creatinine (umol/L) # 82 (73-91)   81 (72-96) 90 (80-102) 87 (76-99) 
UAE (mg/24H) 8.9 (6.2-15.5)   20.4 (9.9-57.8) 19.2 (9.3-49.3) 16.3 (8.7-46.1) 
Hs-CRP (mg/L) 1.16 (0.52-2.74)   2.05 (0.88-4.45) 2.50 (1.25-5.03) 2.29 (1.08-4.94) 
NT-proBNP (ng/l) # 34 (15-65)   86 (37-167) 120 (45-352) 72 (31-157) 
Hs-TnT (ng/l) # 2.5 (2.5-4.0)   5.0 (3.0-9.0) 7.0 (4.0-11.0) 6.0 (3.0-9.0) 
HF, heart failure; BMI, body-mass index; BP, blood pressure; HDL, high-density lipoprotein; LDL, low-density 
lipoprotein; UAE, urinary albumin excretion; hs-CRP, highly sensitive C-reactive protein; NT-proBNP, N-
terminal pro-B-type natriuretic peptide; hs-TnT, highly-sensitive troponin T. 
* Continuous variables are presented as mean  standard deviation and compared with the use of Student’s t-
test, in case of normal distribution. In case of skewed distribution, continuous variables are presented as median 
(inter-quartile range) and compared using the Kruskall–Wallis test. Binary categorical variables were compared 
using standard chi-squared tests. 
# denotes significant differences were detected between subjects with new onset HFpEF and subjects with new 
onset HFrEF 
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hs-TnT, and NT-proBNP were higher for subjects with new onset HFrEF. The proportions of 

males and smokers were also larger for subjects with new onset HFrEF compared to subjects 

with new onset HFpEF. 
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during follow-up* 
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before HF 
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NT-proBNP (ng/l) # 34 (15-65)   86 (37-167) 120 (45-352) 72 (31-157) 
Hs-TnT (ng/l) # 2.5 (2.5-4.0)   5.0 (3.0-9.0) 7.0 (4.0-11.0) 6.0 (3.0-9.0) 
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onset HFrEF 
 

 

 



Chapter 2

32

Table 2: Results from the stratified Weibull proportional hazards model (Equations 1&2 in Appendix I) 
   [h1(t)] [h2(t)] [h3(t)] 

Disease state  HFpEF HFrEF Death before HF 

Parameters  Coeffcient (SE)        HR Coeffcient (SE)        HR Coeffcient (SE)          HR 

a1k (k=1,2,3) 

b1k (k=1,2,3) 

a2k (k=1,2,3) 

b2k (k=1,2,3) 

   12.878 (2.318) 

  82.777 (15.397) 

    5.834 (0.770) 

  83.499 (34.318) 

    5.056 (0.930) 

188.378 (62.730) 

    3.268 (0.487) 

293.878 (150.759) 

    6.716  (0.564) 

  77.099  (12.876) 

    5.789  (0.318) 
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Table 2: Results from the stratified Weibull proportional hazards model (Equations 1&2 in Appendix I) 
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2.4 DISCUSSION 

The PREVEND model presented in this paper is the first heart failure prediction model that 

differentiates between new onset HFpEF and HFrEF. Using 21 risk factors that are easily 

available in daily clinical practice, our risk prediction model showed good calibration for both 

heart failure outcomes. The model’s discriminative ability for the two outcomes was poor to 

moderate, even after inclusion of multiple common risk factors. However, the majority of 

subjects from the PREVEND study population were at very low risk of developing new onset 

heart failure. Our model is therefore a suitable tool to identify subjects at moderate or high 

risk of developing HFrEF or HFpEF, but it has little discriminative ability in those at low risk 

of developing new onset heart failure. 

Several studies have presented risk models for survival or readmission for patients 

after diagnosis of heart failure.23-25 On the other hand, few studies are available with regard to 

actual prediction of new onset heart failure. Currently, the Framingham Health Study (FHS) 

and the Atheroscleros Risk in Communities (ARIC) offer the only available risk prediction 

models for new onset heart failure.26, 27 However, new diagnostic parameters for heart failure 

(e.g. natriuretic peptides) have emerged since. In 1999, the FHS presented the first prediction 

model for congestive heart failure, predicting new onset heart failure during a four year 

follow-up period and has been widely used since. Using individuals within the age range of 

45-94, significant predictors were age, left ventricular hypertrophy, heart rate, systolic blood 

pressure, coronary heart disease, valve disease, diabetes, BMI, and vital capactity and 

cardiomegaly as additional predictors.26 Another recent prediction model is derived from data 

of the ARIC study, in which >15.000 subjects aged 45-64 years, were followed for 15 years.27 

The addition of NT-proBNP to their model, using the same variables as the FHS prediction 

model, increased risk prediction for new heart failure significantly. Both models derived from 

aforementioned studies give valuable insight into the pathophysiological processes preceding 

the first manifestation of heart failure and predict new onset heart failure fairly accurate. 

However, they are limited by the fact that some predictors are not easily available, such as left 

ventricular hypertrophy, cardiomegaly or presence of valve disease. This makes these models 

less applicable in daily practice. Other limitations are the lack of differentiation between 

HFrEF and HFpEF, and there is no equivalent risk prediction model made using data from 

European subjects. 

There is increasing evidence that HFrEF and HFpEF have different epidemiological 

profiles and should be considered and treated as separate diseases.8, 28 Our study confirms 

these findings by showing that a different set of risk factors is associated with the occurrence 

of these two outcomes. The incidence of HFrEF, but especially HFpEF, typically increases 

with age, mainly because of improvements in treatment of underlying co-morbidities. In our 

model, the effect of age was accounted for by using it as the time scale of the cause-specific 

hazard functions. As a result, although the model was fitted under the assumption that the 

relative effect of the included cardiovascular risk factors remained constant across time 

(proportional hazards assumption), the absolute risk of developing new onset heart failure still 

differed between younger and older subjects. 

The strongest predictors specifically for new onset HFpEF were cystatin C and UAE. 

That decreased renal function, as represented by cystatin C and UAE, was found to be an 

independent predictor of HFpEF is not new, as previous epidemiologic studies already 

showed that HFpEF patients more often have decreased renal function, than patients with 

HFrEF.8, 28, 29 Finally, we observed a negative association between hs-CRP and new onset 

HFpEF. Although previous studies have shown increased levels of (hs-)CRP in patients with 

heart failure compared to heart failure-free subjects 30-32, CRP had not yet been shown to be 

associated with increased risk for heart failure. It does have increased risk for mortality. Our 

findings confirm hs-CRP as a predictor of non-heart failure related mortality 13, 33. Specific 

predictors for HFrEF were male gender, heart rate, LDL-cholesterol and smoking. This could 

well be explained by the ischemic etiology of HFrEF, which occurs in approximately 40% of 

patients with HFrEF.9, 34 Further secondary prevention with regard to risk factors for 

atherosclerotic heart disease might further lower the risk for new onset HFrEF. 

 

2.4.1 Clinical implications 

The current risk prediction model showed good calibration, however the model c-statistic 

showed poor to moderate discrimination. This low discriminative value is remarkable, 

especially when using multiple common clinical variables. Most, if not all variables are singly 

and multivariably adjusted associated with new onset heart failure, or specifically with HFrEF 

or HFpEF.8, 9 Nonetheless, it appears that even in a large, well-described community-based 

cohort, with a large well-validated cohort of new onset heart failure, the combination of 

multiple common clinical variables is insufficient to adequately predict new onset heart 

failure during long-term follow-up. Therefore, the clinical applicability of the current model 

remains uncertain, and our results need to be validated and challenged in additional studies. A 
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recently published meta-analysis, reviewing prediction models for mortality in heart failure 

patients, showed similar model quality, with poor to moderate discrimination of the reviewed 

risk models, with inconsistent performance.35 Although there was no differentiation between 

HFrEF and HFpEF, this postulates that heart failure cohorts consist of a large variety of 

subjects, with broad differences in clinical and biochemcial characteristics. The large etiologic 

differences between heart failure patients emphasize distinct pathophysiologic pathways and 

perhaps differentiating between HFrEF and HFpEF is insufficient to adequatly identify 

subjects at risk for heart failure. 

 

2.4.2 Strengths and limitations 

The large PREVEND cohort, with over 105 000 patient years of follow-up and thoroughly 

validated cases of new onset heart failure, provides good opportunity for large-scale 

evaluation of risk factors. In addition, we have identified new onset HFrEF next to HFpEF, 

giving insight into pathophysiologic pathways for both heart failure phenotypes. Our study is 

limited by the fact that the PREVEND risk model was not validated in another cohort. Also, 

PREVEND study subjects are predominantly Caucasian, so our results cannot be extrapolated 

to subjects of other ethnicities. Finally, the PREVEND cohort was enriched for increased 

albumin excretion. We therefore conducted stratified analyses, making our results valid for 

the general population. 
 

2.4.3 Conclusions 

The current investigation presents the first available risk prediction model for early 

identification of subjects at risk for new onset HFrEF and HFpEF. However, with 21 common 

clinical variables, prediction of new onset heart failure in a community-based cohort, in 

particular HFpEF, remains difficult. 
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Appendix I. Details of the competing risks analysis 

We used Weibull regression models with a subject’s age as the time scale to describe the 

cause-specific hazard functions of the state transitions included in our model. In particular, for 

each of the three causes of failure (i.e., new onset HFpEF, new onset HFrEF, and death before 

the onset of heart failure), the cause-specific hazard functions were expressed as 
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where k  is a 1mk row vector of regression coefficients and Z is a mk1 column vector that 

contains the subject’s covariate values for the risk factors found to be associated with the k-th 

cause of failure. To account for the overrepresentation of subjects with an elevated UAE in 

the PREVEND study, the parameters ak and bk defining the baseline hazard functions were 

estimated seperately for subjects with normal and elevated UAE. 

 Given the cause-specific hazard functions, the cumulative incidence for cause k in the 

prediction window w, i.e., a subject’s probability of failing from cause k between A and A+w 

given that he or she was still event-free at time A, where A represents the subject’s age at the 

start of the prediction window, can be exressed as  
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where D represents the cause of failure and  the subject’s overall survival function, with the 

cumulative cause-specific hazard function of cause k up to time t. 
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Appendix II. List of candidate predictor variables 

The following variables were considered as candidate predictors during model building: 

- Sex 

- Body mass index   

- Current smoker or quit smoking <1 year 

- Systolic blood pressure  

- Diastolic blood pressure  

- Heart rate 

- History of myocardial infarction  

- History of stroke 

- History of atrial fibrillation  

- Glucose 

- Total cholesterol 

- high-density lipoprotein cholesterol 

- low-density lipoprotein cholesterol 

- Triglycerides 

- Cystatin C  

- Serum creatinine 

- 24-hours urinary albumin excretion 

- Highly-sensitive c-reactive protein 

- N-terminal pro-B-type natriuretic peptide 

- Highly-sensitive troponin T 

  



Appendix II. List of candidate predictor variables 

The following variables were considered as candidate predictors during model building: 

- Sex 

- Body mass index   

- Current smoker or quit smoking <1 year 

- Systolic blood pressure  

- Diastolic blood pressure  

- Heart rate 

- History of myocardial infarction  

- History of stroke 

- History of atrial fibrillation  

- Glucose 

- Total cholesterol 

- high-density lipoprotein cholesterol 

- low-density lipoprotein cholesterol 

- Triglycerides 

- Cystatin C  

- Serum creatinine 

- 24-hours urinary albumin excretion 

- Highly-sensitive c-reactive protein 

- N-terminal pro-B-type natriuretic peptide 

- Highly-sensitive troponin T 

  

Chapter

3

Using Subpopulation Treatment Effect 
Pattern Plot to identify more efficient 

resource allocation policies: 
A case study in disease 

management of heart failure

Qi Cao, Hans L. Hillege, Tiny Jaarsma, 

Erik Buskens, Douwe Postmus

Submitted



Chapter 3

44

ABSTRACT  

Objectives: When cost-effectiveness analyses are conducted alongside randomized controlled 

trials it is important to acknowledge patient heterogeneity as this may result in more efficient 

resource allocation policies. In this paper, we sought to explore to what extent the use of 

Subpopulation Treatment Effect Pattern Plot (STEPP) may facilitate such subgroup analysis 

strategies. 

Methods: The analysis was based on data from the COACH study, in which 1,023 patients 

with heart failure were randomly assigned to three treatments: care-as-usual, basic support, 

and intensive support. First, using predicted 18-month mortality risk as the stratification basis, 

a suitable strategy for assigning different treatments to different risk groups of patient was 

developed. To that end a graphical exploration of the difference in net monetary benefit 

(NMB) across treatment regimens and baseline risk was used. Next, the efficiency gains 

resulting from this proposed subgroup strategy were quantified by computing the difference in 

NMB between our stratified approach and the best performing population-wide strategy. 

Results: The STEPP approach allowed distinguishing between subgroups, i.e., intensive 

support appeared optimal for low-risk patients (18-month mortality risk ≤ 0.16), while basic 

support appeared optimal for intermediate to high-risk patients (18-month mortality risk > 

0.16). The average gain in NMB resulting from a stratified approach compared to basic 

support for all was €1,312 (95% CI: €390-€2,346) .  

Conclusions: A risk-based analysis using STEPP seems promising to explore the impact of 

baseline risk for the relative cost-effectiveness in optimizing treatment trade-off and 

subsequently in the quest for more efficient reimbursement policies. 

  

3.1 INTRODUCTION 

Cost-effectiveness analysis supports resource allocation decision making by comparing the 

differences in costs and effects of alternative treatment regimens.1-4 When such analyses are 

conducted alongside randomized controlled trials (RCTs), the cost-effectiveness of the 

evaluated treatments is generally expressed in terms of population averages. This provides 

insight into which of the available treatments performs best for the patient population 

considered. However, when these patients are characterized by a heterogeneous clinical 

condition, and their risk profiles are determined by factors like demographic variations, 

biometric variations, and co-morbidities, there may be considerable variation in response. In 

fact the likelihood of subpopulations for whom response to one or the other treatment is 

obscured may be substantial.5-8 Such differences among patients may also lead to systematic 

variation in resource use and costs, which could be another reason why one of the other 

treatments performs better in specific subpopulations.2,6 Acknowledging patient heterogeneity 

in health economic evaluation has therefore considerable potential to contribute to more 

efficient resource allocation decisions.5,8-10  

A recently conducted systematic review5 identified baseline risk, treatment effect, 

health state utility, and resource utilization as the four input parameters of a health economic 

evaluation that may be prone to patient heterogeneity. However, as the cost-effectiveness of 

one treatment compared to another is ultimately determined by the net effect on all these 

parameters, it is essential that the impact of patient heterogeneity on each of these parameters 

is considered conjointly rather than in isolation, especially when the purpose is to identify 

more efficient reimbursement policies. For health economic evaluations conducted alongside 

an RCT, this can be achieved by conducting such analyses directly in terms of net monetary 

benefit (NMB).11-13  

Hoch et al.14 have previously proposed to assess the impact that different sources of 

patient heterogeneity may have on a treatment’s NMB by means of regression analysis. For 

example, suppose that one wants to explore whether the cost-effectiveness of a new treatment 

compared to the current standard treatment is affected by the age of the patient. Using 

regression analysis, this can be achieved by fitting a regression model with NMB as the 

dependent variable and the treatment indicator, age, and the interaction between age and the 

treatment indicator as the independent variables. A low p-value for the regression coefficient 
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ABSTRACT  

Objectives: When cost-effectiveness analyses are conducted alongside randomized controlled 

trials it is important to acknowledge patient heterogeneity as this may result in more efficient 

resource allocation policies. In this paper, we sought to explore to what extent the use of 

Subpopulation Treatment Effect Pattern Plot (STEPP) may facilitate such subgroup analysis 

strategies. 

Methods: The analysis was based on data from the COACH study, in which 1,023 patients 
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example, suppose that one wants to explore whether the cost-effectiveness of a new treatment 

compared to the current standard treatment is affected by the age of the patient. Using 

regression analysis, this can be achieved by fitting a regression model with NMB as the 

dependent variable and the treatment indicator, age, and the interaction between age and the 

treatment indicator as the independent variables. A low p-value for the regression coefficient 
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corresponding to the interaction term then shows that age has a relatively strong influence on 

the new treatment’s relative cost-effectiveness.   

While the use of multivariable regression models may provide insight into which 

sources of patient heterogeneity potentially have an impact on the relative cost-effectiveness 

of the evaluated treatments, the statistical power to detect such interaction effects is usually 

low. Moreover, actually being able to verify relevant heterogeneity using such models 

strongly depends on whether the assumed multiplicative structure of interaction fits reality. 

This may lead to missing or over-interpretation of the detected significant interaction terms. 

An alternative approach for studying treatment-covariate interaction that makes no 

assumptions about the nature of the relationship between the outcome and the covariate in 

each treatment group is the Subpopulation Treatment Effect Pattern Plot (STEPP) 

methodology.15-17 This is based on a graphical exploration of the fluctuation in treatment 

effect across different but overlapping subpopulations defined with respect to increasing 

levels of the covariate of interest. Although the ability to graphically explore how the 

difference in NMB between two treatments varies as a function of one or more sources of 

patient heterogeneity could potentially be very useful in identifying more efficient 

reimbursement policies, such applications of the STEPP have not yet been considered. Using 

the difference in NMB as the measure of treatment benefit and a patient’s predicted 18-month 

mortality risk as the covariate of interest, the objective of this paper is to evaluate the 

potential of using the STEPP to derive clinical decision rules that reflect selection and 

reimbursement policies based on cost-effectiveness. Specifically, a case study in heart failure 

(HF) disease management was elaborated. 

 

  

3.2 METHODS 

3.2.1 Study cohort 

The data that we used to conduct our analysis was taken from the Coordinating study 

evaluating Outcomes of Advising and Counseling in Heart failure (COACH), a multicenter, 

randomized controlled trial in which 1,023 patients were randomly assigned to one of three 

disease management programs (DMPs).18,19 Patients in the care-as-usual group received 

routine follow-up management by a cardiologist. Along with routine management by a 

cardiologist, patients in the basic and intensive support groups received additional care from 

an HF nurse. In addition, patients in the intensive support group received multidisciplinary 

advice and 2 or more home visits by the HF nurse. The total follow-up time of the trial was 18 

months.  

 

3.2.2 Baseline risk assessment  

The patients’ predicted 18-month all-cause mortality risk was obtained from a previously 

developed multivariable risk prediction model.20 This model included the following 14 

predictor variables: age, gender, diastolic blood pressure, systolic blood pressure, history of 

stroke, history of myocardial infarction, atrial fibrillation, peripheral arterial disease, diabetes, 

left ventricular ejection fraction, previous HF hospitalization, serum sodium, estimated 

glomerular filtration rate (eGFR), and N-terminal pro brain natriuretic peptide (NT-proBNP). 

Missing values on these predictor variables were dealt with using multiple imputation.21 

Mortality risk values were then computed by taking the average of the risk values obtained 

from each of the ten imputed datasets. 

 

3.2.3 Patient-level NMB assessment 

The patient-level NMB was calculated as iii ceNMB   , where ei and ci denote the 

observed effect and cost for patient i and where λ denotes the willingness-to-pay threshold.14 

The patients’ observed survival time, which was censored at 562 days for those who were still 

alive at the end of the study’s follow-up, was taken as the measure of effectiveness. Costs 

were calculated at patient level by multiplying the patients’ volumes of resource use with their 

respective unit costs as described in more detail in our previously conducted economic 
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reimbursement policies based on cost-effectiveness. Specifically, a case study in heart failure 
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3.2 METHODS 

3.2.1 Study cohort 

The data that we used to conduct our analysis was taken from the Coordinating study 

evaluating Outcomes of Advising and Counseling in Heart failure (COACH), a multicenter, 

randomized controlled trial in which 1,023 patients were randomly assigned to one of three 

disease management programs (DMPs).18,19 Patients in the care-as-usual group received 

routine follow-up management by a cardiologist. Along with routine management by a 

cardiologist, patients in the basic and intensive support groups received additional care from 

an HF nurse. In addition, patients in the intensive support group received multidisciplinary 

advice and 2 or more home visits by the HF nurse. The total follow-up time of the trial was 18 
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3.2.2 Baseline risk assessment  

The patients’ predicted 18-month all-cause mortality risk was obtained from a previously 

developed multivariable risk prediction model.20 This model included the following 14 

predictor variables: age, gender, diastolic blood pressure, systolic blood pressure, history of 
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left ventricular ejection fraction, previous HF hospitalization, serum sodium, estimated 
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Mortality risk values were then computed by taking the average of the risk values obtained 
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3.2.3 Patient-level NMB assessment 

The patient-level NMB was calculated as iii ceNMB   , where ei and ci denote the 

observed effect and cost for patient i and where λ denotes the willingness-to-pay threshold.14 

The patients’ observed survival time, which was censored at 562 days for those who were still 

alive at the end of the study’s follow-up, was taken as the measure of effectiveness. Costs 

were calculated at patient level by multiplying the patients’ volumes of resource use with their 

respective unit costs as described in more detail in our previously conducted economic 
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evaluation in this patient population.22 The willingness-to-pay threshold was set equal to 

€20,000 per life year. 

 

3.2.4 Exploration of treatment-predicted risk interaction and determination of subgroup 

strategy 

To explore whether an interaction existed between the COACH DMPs and predicted 18-

month mortality risk, we applied the STEPP methodology15,16 using the difference in NMB as 

the outcome of interest. STEPP is a novel graphical method for assessing treatment-covariate 

interaction on different but overlapping subpopulations defined with respect to the covariate 

of interest. The subpopulations are defined on the basis of two parameters: the number of 

patients belonging to two adjacent subgroups (n1), and the sample size of each subpopulation 

(n2). For the analysis conducted in this study, n1 and n2 were set equal to 120 and 150, 

respectively. Separate STEPPs were created for the difference in NMB between (i) care-as-

usual and basic support and (ii) basic support and intensive support. Basic support, which was 

previously shown to be the optimal population-wide strategy22, was selected as the reference 

group for both of these STEPPs. Based on the observed patterns of treatment-predicted risk 

interaction, a suitable strategy for assigning different DMPs to different risk groups of patient 

was subsequently identified. 

 

3.2.5 Quantification of the efficiency gains resulting from the subgroup strategy 

To evaluate the optimality of our proposed subgroup strategy, we quantified its efficiency 

gains as suggested by Coyle et al..8 First, the average NMB was evaluated separately per 

DMP for each of the established risk categories. Subsequently, the average gain in NMB 

resulting from stratification compared to the best performing population-wide strategy was 

calculated as 



j

jj

N
nNMB

NMB , where jNMB  denotes the difference in average NMB 

between the proposed treatment for subgroup j and basic support, jn  denotes the sample size 

of subgroup j, and N denotes the sample size of the overall study population. In our previously 

conducted economic evaluation, we suggested that NYHA class could be a suitable basis for 

offering different treatments to different subgroups of patient. For comparative purposes, the 

average gain in NMB resulting from using NYHA class as the stratification basis was 

computed as well. The 95% confidence intervals (CIs) for all the average estimates were 

captured from their corresponding 1,000 bootstrap resamples. 
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3.3 RESULTS 

3.3.1 Exploration of treatment-predicted risk interaction and determination of subgroup 

strategy 

The estimated difference in NMB across the overlapping patient subpopulations are depicted 

in Figures 1 and 2. The difference in NMB between care-as-usual and basic support never 

reached the 5% significance level (Figure 1), showing that patient heterogeneity did not have 

a clear impact on the difference in NMB between these two treatments. However, a 

significant pattern of treatment-covariate interaction was found when comparing the 

difference in NMB between intensive support and basic support (Figure 2). A risk value of 

0.16 was found to be the zero point at which the difference in NMB between these two 

treatments started to change signs. Based on this finding, our proposed subgroup strategy was 

to assign intensive support to low-risk patients (patients with predicted risk value ≤ 0.16) and 

basic support to intermediate to high-risk patients (patients with predicted risk value > 0.16). 

 

3.3.2 Quantification of the efficiency gains resulting from the subgroup strategy 

Table 1 depicts the results of the cost-effectiveness analysis within each risk stratum. For the 

low-risk patients, intensive support was found to be the best performing strategy while basic 

support performed best in the intermediate to high-risk patients. When NYHA class was used 

as the stratification basis, basic support was found to be optimal for patients belonging to 

NYHA class II while care-as-usual was found to be optimal for patients belonging to NYHA 

class III&IV. Table 2 depicts the average gains in NMB (95% CI) resulting from each 

subgroup strategy. Both strategies were found to be more cost-effective compared to 

assigning basic support to the whole patient population. However, the subgroup strategy 

proposed in this study outperformed the one proposed previously, with an average gain in 

NMB of €1,174 (95% CI: €-1,146-€3,284).  

 

Figure 1: STEPP comparing the difference in NMB between care-as-usual and basic support across 
different but overlapping subpopulations with increased mortality risk; a difference in NMB > 0 indicates 
that care-as-usual is the preferred strategy. 

 

Figure 2: STEPP comparing the difference in NMB between intensive support and basic support across 
different but overlapping subpopulations with increased mortality risk; a difference in NMB > 0 indicates 
that intensive support is the preferred strategy.  
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Table 1: Results of the cost-effectiveness analysis 

 

 

  

Patient subgroup 

(Sample size) 

Mean (95% CIs) 

survival time (days) 

 Mean (95% CIs) 

      cost (€) 

Mean (95% CIs) 

NMB (€) 

 

Predicted 18-month mortality 

Risk ≤ 0.16 (N=321) 

Care-as-usual 

Basic support 

Intensive support 

 

Risk > 0.16 (N=702) 

Care-as-usual 

Basic support 

Intensive support 

 

NYHA class 

NYHA II (N=513) 

Care-as-usual 

Basic support 

Intensive support 

 

NYHA III&IV (N=495) 

Care-as-usual 

Basic support 

Intensive support 

 
 
 
 
521.2 (497.5-543.6) 
 
525.6 (505.2-545.5) 
 
557.2 (547.7-562.0) 
 
 
 
 
 
428.2 (403.2-451.6) 
 
454.0 (429.6-480.5) 
 
432.3 (406.1-456.9) 
 
 
 
 
 
 
 
481.4 (455.9-504.5) 
 
506.6 (486.0-528.6) 
 
505.7 (484.8-527.0) 
 
 
 
 
 
428.7 (397.0-462.3) 
 
443.7 (414.7-471.1) 
 
448.9 (422.2-474.8) 

 

 

6151 (3961-8826) 

8653 (6117-11664) 

6213 (4950-7624) 

 

 

11175 (9348-13226) 

10041 (8257-11935) 

13155 (11221-15142) 

 

 

 

8955 (6884-11522) 

7170 (5788-8898) 

9099 (7256-11220) 

 

 

10692 (8279-13206) 

11793 (9435-14403) 

12462 (10279-14779) 

 

 

22389 (19200-25101) 

20127 (17107-22844) 

24307 (22857-25577) 

 

 

12265 (9791-14496) 

14819 (12608-17071) 

10525 (7935-12803) 

 

 

 

17405 (14318-20026) 

20570 (18607-22250) 

18581 (16087-20758) 

 

 

12788 (10112-15948) 

12507 (9465-15219) 

12118 (9304-14707) 

Table 2: Average gains in NMB (95% CIs) resulting from each subgroup strategy 

 

 

  

Stratification basis Subgroup strategy Average (95% CIs)  

gain in NMB (€) 

Predicted 18-month mortality 

 

 

NYHA class 

Intensive support to 
low-risk group; 
Basic support to 

intermediate to high-
risk group 

 
Basic support to 
NYHA II group; 
Care-as-usual to 

NYHA III&IV group 

1312 (390-2346) 

 

 

138 (-1854-2246) 
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3.4 DISCUSSION 

We have shown that a risk-based analysis strategy, acknowledging patient heterogeneity, is a 

promising tool for reimbursement policies to optimize NMB. By using STEPP to graphically 

explore treatment-covariate interaction, we found that the difference in NMB between 

intensive support and basic support varied greatly across different but overlapping 

subpopulations defined with respect to increasing levels of predicted 18-month mortality risk. 

The difference in NMB between care-as-usual and basic support, in contrast, never reached 

the 5% significance level. By subsequently selecting the 18-month mortality risk at which the 

difference in NMB between intensive support and basic support started to change signs as the 

cut-off to stratify patients into two risk categories, we found that compared to applying basic 

support to all patients, the use of a stratified approach based on offering intensive support to 

low-risk patients and basic support to intermediate to high-risk patients would result in an 

average gain in NMB of €1,312 (95% CI: €390-€2,346). 

In our analysis, we first followed recommendations23,24 in applying a previously 

developed multivariable risk prediction model to combine the information captured within 

several covariates into a single prognostic index to represent baseline risk. We subsequently 

used this index to explore for heterogeneity in treatment effect across different subgroups of 

patient. Compared to conventional subgroup analysis based on a single prognostic covariate, 

integrating multiple independent patient characteristics associated with the outcome 

parameters of interest in a multivariate risk prediction model improves risk stratification. This, 

in turn, can greatly enhance the statistical power to detect variations in treatment benefit as 

was shown in a previously conducted simulation study.25 Moreover, the use of such a 

multivariable approach avoids the problem of multiple testing resulting from the need to 

repeat the subgroup analysis for different individual risk factors. Thus the chances of 

obtaining false positive findings are reduced.25,26  

While treatment-predicted risk interaction can best be assessed on a continuous scale27, 

discretization of the predicted risks into two or more ordinal categories becomes essential if 

we want to use the underlying risk prediction model to guide the selection of therapy. By 

deriving the cut-off of 0.16 from the treatment effect pattern observed in a STEPP, we were 

still able to make effective use of the discriminative power of a continuous prognostic index 

in our quest for an efficient reimbursement policy. This does not hold when applying 

conventional subgroup analysis based on a single prognostic covariate as we did as part of our 

previously published economic evaluation in this patient population.22 When quantifying the 

net benefit gains of one over the other stratification basis, the subgroup strategy proposed in 

this study was found to outperform the previous one with an average gain in NMB of €1,174 

(95% CI: €-1,146-€3,284).  

A limitation of this study is that the cut-off of 0.16 may be specific for the data 

analyzed in this paper. It was selected by taking into account the pattern of treatment-risk 

interaction in a single clinical trial. Future research is thus required to determine to what 

extent this cut-off also shows up in other studies. In addition, rather than using an external 

model (i.e., a risk prediction model developed on another dataset), we used an internally 

developed risk prediction model to assess the treatment effect across different subpopulations 

of predicted risk. The validity of this approach was recently assessed by Burke et al.23, who 

concluded that “appropriately developed internal models produce relatively unbiased 

estimates of treatment effect across the spectrum of risk”. In addition, these authors also 

found that “when estimating treatment effect, internally developed risk models using both 

treatment arms should, in general, be preferred to models developed on the control 

population”. As all treatment groups of COACH were included in the development of the 

COACH risk prediction model, this is exactly the strategy that we have followed in the 

current paper. Finally, because we selected the difference in NMB as the measure of treatment 

benefit, our results are conditional on the value assumed for the willingness-to-pay threshold. 

For actual decision making purposes, it would therefore be recommendable to repeat the 

STEPP analysis for different values of the willingness-to-pay threshold. 

To conclude, a risk-based analysis using STEPP seems promising to explore the 

impact of baseline risk for the relative cost-effectiveness in optimizing treatment trade-off and 

subsequently in the quest for more efficient reimbursement policies. Our finding highlights 

the importance to acknowledge patient heterogeneity in a proper manner when conducting 

cost-effectiveness analysis alongside RCTs and it underscores the clinical and health 

economic potential of personalized medicine. 

 

 

 



3

STEPP for personalized HF care

55

3.4 DISCUSSION 

We have shown that a risk-based analysis strategy, acknowledging patient heterogeneity, is a 

promising tool for reimbursement policies to optimize NMB. By using STEPP to graphically 

explore treatment-covariate interaction, we found that the difference in NMB between 

intensive support and basic support varied greatly across different but overlapping 

subpopulations defined with respect to increasing levels of predicted 18-month mortality risk. 

The difference in NMB between care-as-usual and basic support, in contrast, never reached 

the 5% significance level. By subsequently selecting the 18-month mortality risk at which the 

difference in NMB between intensive support and basic support started to change signs as the 

cut-off to stratify patients into two risk categories, we found that compared to applying basic 

support to all patients, the use of a stratified approach based on offering intensive support to 

low-risk patients and basic support to intermediate to high-risk patients would result in an 

average gain in NMB of €1,312 (95% CI: €390-€2,346). 

In our analysis, we first followed recommendations23,24 in applying a previously 

developed multivariable risk prediction model to combine the information captured within 

several covariates into a single prognostic index to represent baseline risk. We subsequently 

used this index to explore for heterogeneity in treatment effect across different subgroups of 

patient. Compared to conventional subgroup analysis based on a single prognostic covariate, 

integrating multiple independent patient characteristics associated with the outcome 

parameters of interest in a multivariate risk prediction model improves risk stratification. This, 

in turn, can greatly enhance the statistical power to detect variations in treatment benefit as 

was shown in a previously conducted simulation study.25 Moreover, the use of such a 

multivariable approach avoids the problem of multiple testing resulting from the need to 

repeat the subgroup analysis for different individual risk factors. Thus the chances of 

obtaining false positive findings are reduced.25,26  

While treatment-predicted risk interaction can best be assessed on a continuous scale27, 

discretization of the predicted risks into two or more ordinal categories becomes essential if 

we want to use the underlying risk prediction model to guide the selection of therapy. By 

deriving the cut-off of 0.16 from the treatment effect pattern observed in a STEPP, we were 

still able to make effective use of the discriminative power of a continuous prognostic index 

in our quest for an efficient reimbursement policy. This does not hold when applying 

conventional subgroup analysis based on a single prognostic covariate as we did as part of our 

previously published economic evaluation in this patient population.22 When quantifying the 

net benefit gains of one over the other stratification basis, the subgroup strategy proposed in 

this study was found to outperform the previous one with an average gain in NMB of €1,174 

(95% CI: €-1,146-€3,284).  

A limitation of this study is that the cut-off of 0.16 may be specific for the data 

analyzed in this paper. It was selected by taking into account the pattern of treatment-risk 

interaction in a single clinical trial. Future research is thus required to determine to what 

extent this cut-off also shows up in other studies. In addition, rather than using an external 

model (i.e., a risk prediction model developed on another dataset), we used an internally 

developed risk prediction model to assess the treatment effect across different subpopulations 

of predicted risk. The validity of this approach was recently assessed by Burke et al.23, who 

concluded that “appropriately developed internal models produce relatively unbiased 

estimates of treatment effect across the spectrum of risk”. In addition, these authors also 

found that “when estimating treatment effect, internally developed risk models using both 

treatment arms should, in general, be preferred to models developed on the control 

population”. As all treatment groups of COACH were included in the development of the 

COACH risk prediction model, this is exactly the strategy that we have followed in the 

current paper. Finally, because we selected the difference in NMB as the measure of treatment 

benefit, our results are conditional on the value assumed for the willingness-to-pay threshold. 

For actual decision making purposes, it would therefore be recommendable to repeat the 

STEPP analysis for different values of the willingness-to-pay threshold. 

To conclude, a risk-based analysis using STEPP seems promising to explore the 

impact of baseline risk for the relative cost-effectiveness in optimizing treatment trade-off and 

subsequently in the quest for more efficient reimbursement policies. Our finding highlights 

the importance to acknowledge patient heterogeneity in a proper manner when conducting 

cost-effectiveness analysis alongside RCTs and it underscores the clinical and health 

economic potential of personalized medicine. 

 

 

 



Chapter 3

56

3.5 ACKNOWLEGGEMENTS 

This research was performed within the framework of CTMM, the Center for Translational 

Molecular Medicine (www.ctmm.nl), projects TRIUMPH (grant 01C-103) and ENGINE 

(grant 01C-401), and supported by the Dutch Heart Foundation. The COACH study was 

supported by grant 2000Z003 from the Dutch Heart Foundation and by additional unrestricted 

grants from Biosite France SAS, Jouy-en-Josas, France (brain natriuretic peptide), Roche 

Diagnostics Nederland BV, Venlo, the Netherlands (N-terminal prohormone brain natriuretic 

peptide), and Novartis Pharma BV, Arnhem, the Netherlands. 

  

3.6 REFERENCES  

1. Briggs A, Claxton K, Sculpher M. Decision modelling for health economic evaluation. 
New York: Oxford University Press, 2006. 

2. Drummond MF, Sculpher MJ, Torrance G, et al. Methods for the economic evaluation of 
health care programmes (3rd ed.). New York: Oxford University Press, 2005. 

3. Husereau D, Drummond M, Petrou S, et al. Consolidated Health Economic Evaluation 
Reporting Standards (CHEERS)—explanation and elaboration: A report of the ISPOR 
health economic evaluation publication guidelines good reporting practices task force. 
Value Health 2013;16:231-50. 

4. Eichler HG, Kong SX, Gerth WC, et al. Use of cost-effectiveness analysis in health-care 
resource allocation decision-making: How are cost-effectiveness thresholds expected to 
emerge? Value Health 2004;7:518-28. 

5. Grutters J, Sculpher M, Briggs A, et al. Acknowledging patient heterogeneity in economic 
evaluation. Pharmacoeconomics 2013;31:111-23. 

6. Sculpher M. Subgroups and heterogeneity in cost-effectiveness analysis. 
Pharmacoeconomics 2008;26:799-806. 

7. Willan A, Briggs A, Hoch J. Regression methods for covariate adjustment and subgroup 
analysis for non-censored cost-effectiveness data. Health Econ 2004;13:461-75. 

8. Coyle D, Buxton MJ, O’Brien BJ. Stratified cost-effectiveness analysis: A framework for 
establishing efficient limited use criteria. Health Econ 2003;12:421-7. 

9. Basu A, Meltzer D. Value of information on preference heterogeneity and individualized 
care. Med Decis Making 2007;27:112-27. 

10. Espinoza MA, Manca A, Claxton K, et al. The value of heterogeneity for cost-
effectiveness subgroup analysis: Conceptual framework and application. Med Decis 
Making 2014;34:951-64. 

11. Claxton K, Posnett J. An economic approach to clinical trial design and research priority-
setting. Health Econ 1996;5:513-24. 

12. Tambour M, Zethraeus N, Johannesson M. A note on confidence intervals in cost-
effectiveness analysis. Int J Technol Assess Health Care 1998;14:467-71. 

13. Claxton K. The irrelevance of inference: a decision-making approach to the stochastic 
evaluation of health care technologies. J Health Econ 1999;18:341-64. 

14. Hoch J, Briggs A, Willan A. Something old, something new, something borrowed, 
something blue: A framework for the marriage of health econometrics and cost-
effectiveness analysis. Health Econ 2002;11:415-30. 

15. Bonetti M, Gelber R. A graphical method to assess treatment-covariate interactions using 
the cox model on subsets of the data. Stat Med 2000;19:2595-609. 

16. Bonetti M, Gelber R. Patterns of treatment effects in subsets of patients in clinical trials. 
Biostatistics 2004;5:465-81. 

17. Royston P, Sauerbrei W. Interactions between treatment and continuous covariates: A step 
toward individualizing therapy. J Clin Oncol 2008;26:1397-9. 

18. Jaarsma T, van der Wal MH, Hogenhuis J, et al. Design and methodology of the COACH 
study: A multicenter randomised coordinating study evaluating outcomes of advising and 
counselling in heart failure. Eur J Heart Fail 2004;6:227-33. 

19. Jaarsma T, van der Wal MH, Lesman-Leegte I, et al. Effect of moderate or intensive 
disease management program on outcome in patients with heart failure: Coordinating 
study evaluating outcomes of advising and counseling in heart failure (COACH). Arch 
Intern Med 2008;168:316-24. 



3

STEPP for personalized HF care

57

3.5 ACKNOWLEGGEMENTS 

This research was performed within the framework of CTMM, the Center for Translational 

Molecular Medicine (www.ctmm.nl), projects TRIUMPH (grant 01C-103) and ENGINE 

(grant 01C-401), and supported by the Dutch Heart Foundation. The COACH study was 

supported by grant 2000Z003 from the Dutch Heart Foundation and by additional unrestricted 

grants from Biosite France SAS, Jouy-en-Josas, France (brain natriuretic peptide), Roche 

Diagnostics Nederland BV, Venlo, the Netherlands (N-terminal prohormone brain natriuretic 

peptide), and Novartis Pharma BV, Arnhem, the Netherlands. 

  

3.6 REFERENCES  

1. Briggs A, Claxton K, Sculpher M. Decision modelling for health economic evaluation. 
New York: Oxford University Press, 2006. 

2. Drummond MF, Sculpher MJ, Torrance G, et al. Methods for the economic evaluation of 
health care programmes (3rd ed.). New York: Oxford University Press, 2005. 

3. Husereau D, Drummond M, Petrou S, et al. Consolidated Health Economic Evaluation 
Reporting Standards (CHEERS)—explanation and elaboration: A report of the ISPOR 
health economic evaluation publication guidelines good reporting practices task force. 
Value Health 2013;16:231-50. 

4. Eichler HG, Kong SX, Gerth WC, et al. Use of cost-effectiveness analysis in health-care 
resource allocation decision-making: How are cost-effectiveness thresholds expected to 
emerge? Value Health 2004;7:518-28. 

5. Grutters J, Sculpher M, Briggs A, et al. Acknowledging patient heterogeneity in economic 
evaluation. Pharmacoeconomics 2013;31:111-23. 

6. Sculpher M. Subgroups and heterogeneity in cost-effectiveness analysis. 
Pharmacoeconomics 2008;26:799-806. 

7. Willan A, Briggs A, Hoch J. Regression methods for covariate adjustment and subgroup 
analysis for non-censored cost-effectiveness data. Health Econ 2004;13:461-75. 

8. Coyle D, Buxton MJ, O’Brien BJ. Stratified cost-effectiveness analysis: A framework for 
establishing efficient limited use criteria. Health Econ 2003;12:421-7. 

9. Basu A, Meltzer D. Value of information on preference heterogeneity and individualized 
care. Med Decis Making 2007;27:112-27. 

10. Espinoza MA, Manca A, Claxton K, et al. The value of heterogeneity for cost-
effectiveness subgroup analysis: Conceptual framework and application. Med Decis 
Making 2014;34:951-64. 

11. Claxton K, Posnett J. An economic approach to clinical trial design and research priority-
setting. Health Econ 1996;5:513-24. 

12. Tambour M, Zethraeus N, Johannesson M. A note on confidence intervals in cost-
effectiveness analysis. Int J Technol Assess Health Care 1998;14:467-71. 

13. Claxton K. The irrelevance of inference: a decision-making approach to the stochastic 
evaluation of health care technologies. J Health Econ 1999;18:341-64. 

14. Hoch J, Briggs A, Willan A. Something old, something new, something borrowed, 
something blue: A framework for the marriage of health econometrics and cost-
effectiveness analysis. Health Econ 2002;11:415-30. 

15. Bonetti M, Gelber R. A graphical method to assess treatment-covariate interactions using 
the cox model on subsets of the data. Stat Med 2000;19:2595-609. 

16. Bonetti M, Gelber R. Patterns of treatment effects in subsets of patients in clinical trials. 
Biostatistics 2004;5:465-81. 

17. Royston P, Sauerbrei W. Interactions between treatment and continuous covariates: A step 
toward individualizing therapy. J Clin Oncol 2008;26:1397-9. 

18. Jaarsma T, van der Wal MH, Hogenhuis J, et al. Design and methodology of the COACH 
study: A multicenter randomised coordinating study evaluating outcomes of advising and 
counselling in heart failure. Eur J Heart Fail 2004;6:227-33. 

19. Jaarsma T, van der Wal MH, Lesman-Leegte I, et al. Effect of moderate or intensive 
disease management program on outcome in patients with heart failure: Coordinating 
study evaluating outcomes of advising and counseling in heart failure (COACH). Arch 
Intern Med 2008;168:316-24. 



Chapter 3

58

20. Postmus D, van Veldhuisen DJ, Jaarsma T, et al. The COACH risk engine: A multistate 
model for predicting survival and hospitalization in patients with heart failure. Eur J Heart 
Fail 2012;14:168-75.  

21. Rubin D. Multiple imputation after 18+ years. J Am Stat Assoc 1996;91:473-89. 
22. Postmus D, Pari AA, Jaarsma T, et al. A trial-based economic evaluation of 2 nurse-led 

disease management programs in heart failure. Am Heart J 2011;162:1096-104. 
23. Burke JF, Hayward RA, Nelson JP, et al. Using internally developed risk models to assess 

heterogeneity in treatment effects in clinical trials. Circ-Cardiovasc Qual Outcomes 
2014;7:163-9. 

24. Kent DM, Rothwell PM, Ioannidis JP, et al. Assessing and reporting heterogeneity in 
treatment effects in clinical trials: a proposal. Trials 2010;11:85. 

25. Hayward RA, Kent DM, Vijan S, et al. Multivariable risk prediction can greatly enhance 
the statistical power of clinical trial subgroup analysis. BMC Med Res Methodol 
2006;6:18. 

26. Rothwell PM. Subgroup analysis in randomised controlled trials: importance, indications, 
and interpretation. Lancet 2005;365:176–86. 

27. Royston P, Altman DG, Sauerbrei W. Dichotomizing continuous predictors in multiple 
regression: A bad idea. Stat Med 2006;25:127-41. 

  



20. Postmus D, van Veldhuisen DJ, Jaarsma T, et al. The COACH risk engine: A multistate 
model for predicting survival and hospitalization in patients with heart failure. Eur J Heart 
Fail 2012;14:168-75.  

21. Rubin D. Multiple imputation after 18+ years. J Am Stat Assoc 1996;91:473-89. 
22. Postmus D, Pari AA, Jaarsma T, et al. A trial-based economic evaluation of 2 nurse-led 

disease management programs in heart failure. Am Heart J 2011;162:1096-104. 
23. Burke JF, Hayward RA, Nelson JP, et al. Using internally developed risk models to assess 

heterogeneity in treatment effects in clinical trials. Circ-Cardiovasc Qual Outcomes 
2014;7:163-9. 

24. Kent DM, Rothwell PM, Ioannidis JP, et al. Assessing and reporting heterogeneity in 
treatment effects in clinical trials: a proposal. Trials 2010;11:85. 

25. Hayward RA, Kent DM, Vijan S, et al. Multivariable risk prediction can greatly enhance 
the statistical power of clinical trial subgroup analysis. BMC Med Res Methodol 
2006;6:18. 

26. Rothwell PM. Subgroup analysis in randomised controlled trials: importance, indications, 
and interpretation. Lancet 2005;365:176–86. 

27. Royston P, Altman DG, Sauerbrei W. Dichotomizing continuous predictors in multiple 
regression: A bad idea. Stat Med 2006;25:127-41. 

  

PA
RT II 

QUANTIFICATION OF THE ADDED VALUE 
OF INCLUDING BIOMARKERS



  



  Chapter

4

The WAP four-disulfide core 
domainprotein HE4: 

a novel biomarker for 
heart failure

Rudolf A. de Boer, Qi Cao, Douwe Postmus, Kevin Damman, 

Adriaan A Voors, Tiny Jaarsma, Dirk J. van Veldhuisen, 

William D. Arnold, Hans L. Hillege, Herman H.W. Silljé

JACC Heart Failure 2013;1(2):164-9



Chapter 4

62

ABSTRACT 

Objectives: We investigated clinical determinants and added prognostic value of HE4 as a 

biomarker not previously described in heart failure (HF).  

Background: Identification of plasma biomarkers that help to risk stratify HF patients may 

help to improve treatment.  

Methods: Plasma HE4 levels were determined in 567 participants of the Coordinating study 

evaluating outcomes of Advising and Counseling in Heart failure (COACH). Patients had 

been hospitalized for HF and were followed for 18 months. The primary endpoint of this 

study was a composite of all-cause mortality and HF hospitalization. 

Results: HE4 showed a strong correlation with HF severity, according to NYHA functional 

class and BNP levels (P < 0.001). HE4 also showed a positive correlation with GDF15 

(P<0.001) and, in addition, correlated with kidney function (eGFR; P<0.001). Cox regression 

analysis revealed that a doubling of HE4 levels was associated with a hazard ratio (HR) of 

1.73 (1.53-1.95) for the primary outcome (P<0.001). After correction for age, gender, BNP 

and eGFR the HR was 1.46 (1.23-1.72) (P<0.001) and after additional adjustment for GDF15 

the HR lowered to 1.30 (1.07-1.59) (P=0.009). The AUC in the ROC curve analysis increased 

from 0.727 to 0.752 when HE4 was included to the clinical evaluation (P=0.051). The IDI 

and NRI for reclassification showed significant improvements when HE4 was added to the 

clinical model and this remained significant after BNP inclusion to the model.  

Conclusions: HE4 plasma levels are correlated with markers of HF severity, show prognostic 

value, and can improve risk assessment in HF.   

Abbreviations: HF = heart failure; LVEF = Left ventricular ejection fraction; NYHA = New 

York Heart Association; IDI = integrated discrimination improvement; NRI = net 

reclassification index; WFDC-2 = WAP four-disulfide core domain protein 2 

4.1 INTRODUCTION 

Heart failure (HF) is the final common syndrome of most cardiovascular diseases, including 

myocardial infarction, hypertension, valvular disease, cardiomyopathy and others. Once HF 

ensues it is associated with a high morbidity and mortality especially since HF often is 

diagnosed after it has already progressed.1-3 The number of HF patients is estimated between 

1-2% of the total population2, and is expected to increase dramatically in the next decades due 

to the ageing population.  

There is not a single diagnostic or prognostic test for HF, reflecting the heterogeneous 

background of HF. Prognosis is estimated using several key patient characteristics, such as 

age, co-morbidity, severity of disease (NYHA class, LVEF). Natriuretic peptides (NPs) have 

clearly enhanced management of patients with HF and current guidelines mention BNP, its 

precursor NT-proBNP and NT-proANP as diagnostic biomarkers.2,3 With the increasing 

availability of therapeutic strategies and novel treatment modalities, decision-making in the 

care of the patient has, however, become more difficult. The demand for patient-tailored 

therapeutic strategies requires a careful risk stratification of patients with HF and requires the 

identification of new biomarkers that may fulfil these purposes.  

A number of potential new biomarkers for HF have been described in the last years, 

including galectin-3, ST2, and GDF154-7, but none have come into standard clinical use so far. 

This underscores that despite impressive technical developments in genomics and proteomics, 

identification of useful biomarkers is still a daunting task. Plasma HE4 (also termed WFDC-2) 

is currently in use for monitoring recurrence of progression of epithelial ovarian cancer8, but 

its biomarker potential has not been investigated in other diseases. During standard specificity 

testing a strong correlation was observed between HE4 and severity of heart failure (NYHA 

functional class, unpublished results), which prompted the current investigation.  

Here we aimed to evaluate whether or not HE4 could constitute a potential new HF 

biomarker. Plasma samples of the Coordinating study evaluating Outcomes of Advising and 

Counseling in Heart failure (COACH) trial were analysed.  
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ABSTRACT 

Objectives: We investigated clinical determinants and added prognostic value of HE4 as a 

biomarker not previously described in heart failure (HF).  

Background: Identification of plasma biomarkers that help to risk stratify HF patients may 

help to improve treatment.  

Methods: Plasma HE4 levels were determined in 567 participants of the Coordinating study 

evaluating outcomes of Advising and Counseling in Heart failure (COACH). Patients had 

been hospitalized for HF and were followed for 18 months. The primary endpoint of this 

study was a composite of all-cause mortality and HF hospitalization. 

Results: HE4 showed a strong correlation with HF severity, according to NYHA functional 

class and BNP levels (P < 0.001). HE4 also showed a positive correlation with GDF15 

(P<0.001) and, in addition, correlated with kidney function (eGFR; P<0.001). Cox regression 

analysis revealed that a doubling of HE4 levels was associated with a hazard ratio (HR) of 

1.73 (1.53-1.95) for the primary outcome (P<0.001). After correction for age, gender, BNP 

and eGFR the HR was 1.46 (1.23-1.72) (P<0.001) and after additional adjustment for GDF15 

the HR lowered to 1.30 (1.07-1.59) (P=0.009). The AUC in the ROC curve analysis increased 

from 0.727 to 0.752 when HE4 was included to the clinical evaluation (P=0.051). The IDI 

and NRI for reclassification showed significant improvements when HE4 was added to the 

clinical model and this remained significant after BNP inclusion to the model.  

Conclusions: HE4 plasma levels are correlated with markers of HF severity, show prognostic 

value, and can improve risk assessment in HF.   

Abbreviations: HF = heart failure; LVEF = Left ventricular ejection fraction; NYHA = New 

York Heart Association; IDI = integrated discrimination improvement; NRI = net 

reclassification index; WFDC-2 = WAP four-disulfide core domain protein 2 

4.1 INTRODUCTION 

Heart failure (HF) is the final common syndrome of most cardiovascular diseases, including 

myocardial infarction, hypertension, valvular disease, cardiomyopathy and others. Once HF 

ensues it is associated with a high morbidity and mortality especially since HF often is 

diagnosed after it has already progressed.1-3 The number of HF patients is estimated between 

1-2% of the total population2, and is expected to increase dramatically in the next decades due 

to the ageing population.  

There is not a single diagnostic or prognostic test for HF, reflecting the heterogeneous 

background of HF. Prognosis is estimated using several key patient characteristics, such as 

age, co-morbidity, severity of disease (NYHA class, LVEF). Natriuretic peptides (NPs) have 

clearly enhanced management of patients with HF and current guidelines mention BNP, its 

precursor NT-proBNP and NT-proANP as diagnostic biomarkers.2,3 With the increasing 

availability of therapeutic strategies and novel treatment modalities, decision-making in the 

care of the patient has, however, become more difficult. The demand for patient-tailored 

therapeutic strategies requires a careful risk stratification of patients with HF and requires the 

identification of new biomarkers that may fulfil these purposes.  

A number of potential new biomarkers for HF have been described in the last years, 

including galectin-3, ST2, and GDF154-7, but none have come into standard clinical use so far. 

This underscores that despite impressive technical developments in genomics and proteomics, 

identification of useful biomarkers is still a daunting task. Plasma HE4 (also termed WFDC-2) 

is currently in use for monitoring recurrence of progression of epithelial ovarian cancer8, but 

its biomarker potential has not been investigated in other diseases. During standard specificity 

testing a strong correlation was observed between HE4 and severity of heart failure (NYHA 

functional class, unpublished results), which prompted the current investigation.  

Here we aimed to evaluate whether or not HE4 could constitute a potential new HF 

biomarker. Plasma samples of the Coordinating study evaluating Outcomes of Advising and 

Counseling in Heart failure (COACH) trial were analysed.  
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4.2 METHODS 

4.2.1 Study design and outcome parameters 

This is a substudy of the Coordinating study evaluating outcomes of Advising and Counseling 

in Heart failure (COACH) trial. The design and outcomes of the COACH trial 

(NCT98675639) have been published before.9,10 Plasma (for determination of HE4 and of 

other biomarkers) was available from 567 patients during the index admission, and these 

patients form the cohort for the current substudy. This study complies with the Declaration of 

Helsinki, local medical ethics committees approved the study, and all patients provided 

written informed consent. Detailed information and further methods can be found in the 

supplemental methods section.  

 

4.2.2 Statistical analysis 

HE4 levels (ng/mL) were divided in quartiles (1st quartile: 0.7 – 3.5; 2nd quartile: 3.5 – 5.6; 3rd 

quartile 5.6 – 10.1; 4th quartile 10.1 – 63.3). Baseline demographics are given in means ± 

standard deviation (SD) or as medians with interquartile ranges (IQR) when variables were 

non-normally distributed. Detailed statistical analysis is described in the supplemental 

methods section.  

 

  

4.3 RESULTS 

4.3.1 Study population 

Base-line characteristics of the 567 patients in this subanalysis (Table 1) were comparable to 

those of the total COACH cohort (n = 1,023; data not shown).10 Mean age of the study 

population was 7111 years, and 62% were male patients. Approximately half of the patients 

were in New York Heart Association (NYHA) II, the other half in class III and 3 % in class 

IV. LVEF was measured predominantly by echocardiography and the mean LVEF was 

3314%. Mean eGFR was 54 mL/min/1.73 m2, median brain natriuretic peptide (BNP) value 

was 456 pg/mL, and patients were on standard medication for HF, including ACE 

inhibitors/ARB, beta-blockers, and diuretics. 

 

4.3.2 Identification of HE4 and baseline characteristics of patients stratified to HE4 

levels  

Using bead-based multiplex immunoassay screening platform, HE4 was identified as a 

protein whose plasma levels showed a strong correlation with HF severity. In Table 1 the 

base-line characteristics of patients are shown, according to quartiles of plasma HE4 levels. 

Patients with higher HE4 levels clearly had an unfavourable clinical profile: they were older, 

were in higher NYHA class (both P < 0.001), had more comorbidities including atrial 

fibrillation and COPD. ACE inhibitors, ARBs, and beta-blocker treatment were less often 

prescribed in the patient in the higher HE4 quartiles (P=0.005 and 0.001, respectively).  
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Table 1: Base-line parameters according to plasma HE4 levels 

Quartiles of HE4 (ng/mL) 

 

Variables 

Quartile 1 

(0.7-3.5) 

Quartile 2 

(3.5-5.6) 

Quartile 3 

(5.6-10.1) 

Quartile 4 

(10.1-63.3) 

Overall 

sample 

 

P-value 

 

N 

Age (years) 

Gender (% male) 

NYHA(%,II/III/IV) 

BMI (kg/m2) 

LVEF (%) 

% patients LVEF≥40% 

% patients LVEF≥55% 

 

142 

66±12 

56 

66/32/2 

28±5 

33±14 

35 

10 

 

141 

70±11 

60 

51/48/1 

27±5 

33±16 

31 

13 

 

142 

74±9 

63 

40/54/6 

27±6 

32±13 

28 

9 

 

142 

75±9 

69 

30/65/5 

26±5 

34±13 

30 

11 

 

567 

71±11   

62 

47/50/3* 

27±5** 

33±14*** 

31*** 

11*** 

 

 

<0.001 

0.13 

<0.001 

0.050 

0.82 

0.70 

0.75 

 

Medical history (%) 

Hypertension 

Myocardial infarction 

Diabetes 

Atrial fibrillation 

COPD 

CVA 

 

 

39 

33 

25 

35 

23 

8 

 

 

39 

41 

28 

42 

21 

9 

 

 

44 

41 

31 

52 

32 

11 

 

 

47 

49 

38 

55 

36 

13 

 

 

42 

41 

30 

46 

28 

10 

 

 

0.46 

0.070 

0.093 

0.002 

0.018 

0.56 

 

Medication (%) 

ACE inhibitors + ARB 

Beta-blocker 

Diuretics 

 

 

87 

73 

93 

 

 

87 

72 

95 

 

 

82 

53 

98 

 

 

73 

69 

96 

 

 

82 

67 

96 

 

 

0.005 

0.001 

0.21 

* N=564, ** N=539, *** N=515 

ACE= angiotensin-converting enzyme; ARB= angiotensin receptor blockers 

  

Table 2: Correlation and concentrations of plasma markers in relation to plasma HE4 

 Quartiles of HE4 (ng/mL)    

Variables Quartile 1 
(0.7-3.5) 

Quartile 2 
(3.5-5.6) 

Quartile 3 
(5.6-10.1) 

Quartile 4 
(10.1-63.3) 

Overall 
sample 

Spearman 
Correlation 
coefficient 

P-value 
Spearman 

N 
 
eGFR 
 
BUN 
(median; IQR) 
 
Creatinine 
 
NGAL 
(median; IQR) 
 
Sodium 
 
Potassium 
 
Hb 
 
HCT 
 
BNP 
(median; IQR) 
 
NT-proBNP 
(median; IQR) 
 
GDF15 
(median; IQR) 
 
CRP 
(median; IQR) 
 
GAL3 
 

142 
 
69±17 
 
8.2 
(6.8-10.4) 
 
94±24 
 
105 
(76-160) 
 
140±4 

 
4.1±0.5 
 
8.6±1.4 

 
0.41±0.06 
 
303 
(149-540) 
 
1655 
(760-
2688) 
1.7 
(1.3-2.2) 
 
10.4 
(4.2-33.0) 
 
16±6 
 

141 
 
61±17 
 
9.7 
(7.5-12.3) 
 
107±27 
 
101 
(73-131) 
 
139±4 
 
4.2±0.5 
 
8.4±1.1 

 
0.41±0.06 
 
451 
(210-906) 
 
2253 
(1407-4062) 
 
2.5 
(1.9-3.2) 
 
9.6 
(4.2-21.5) 
 
19±6 
 

142 
 
48±16 
 
12.8 
(9.7-16.2) 
 
132±38 
 
129 
(98-175) 
 
138±5 
 
4.3±0.5 
 
7.9±1.1 

 
0.39±0.06 
 
477 
(207-904) 
 
3159 
(1347-5474) 
 
3.2 
(2.4-4.2) 
 
14.4 
(5.6-33.0) 
 
24±9 
 

142 
 
38±15 
 
17.6 
(13.1-24.0) 
 
175±72 
 
156 
(104-197) 
 
139±5 
 
4.4±0.6 
 
7.8±1.2 

 
0.39±0.06 
 
634 
(337-1435) 
 
6163 
(2483-
14070) 
5.1 
(3.7-6.4) 
 
15.1 
(5.4-33.0) 
 
30±12 
 

567 
 
54±20 
 
11.1 
(8.3-15.6) 
 
127±54 
 
119 
(86-170) 
 
139±4 
 
4.2±0.5 
 
8.1±1.2 
 
0.40±0.06 
 
456 
(203-903) 
 
2532 
(1310-5678) 

 
2.8 
(1.9-4.3) 

 
11.4 
(4.7-33.0) 
 

22±10 
 

 
 
-0.634 
(N=557) 
0.602 
(N=509) 
 
0.640 
(N=557) 
0.253 
(N=567) 
 
-0.099 
(N=559) 
0.153 
(N=558) 
-0.275 
(N=312) 
-0.170 
(N=261) 
0.270 
(N=544) 
 
0.418 
(N=538) 
 
0.728 
(N=567) 
 
0.102 
(N=567) 
 
0.570 
(N=565) 

 
 
<0.001 
 
<0.001 
 
 
<0.001 
 
<0.001 

 
 
0.020 

 
<0.001 
 
<0.001 
 
0.006 
 
<0.001 
 
 
<0.001 
 
 
<0.001 

 
 
0.015 

 
 
<0.001 
 
 

eGFR (estimated glomerular filtration rate ; mL/min/1.73 2m ); BUN (blood urea nitrogen; mg/dl); Creatinine 
(mmol/L); NGAL_( Neutrophil Gelatinase Associated Lipocalin; ng/mL); Sodium (mol/L);  Potassium (mol/L); 
Hb  (hemoglobin; g/dL); BNP (brain natriuretic peptide; pg/mL); NT-proBNP (N-terminal-proBNP; pg/mL); 
GDF-15 (Growth differentiation factor 15; ng/mL) ; CRP  (C-Reactive Protein ; g/mL); GAL3 (galectin-3; 
ng/mL); HCT=hematocrit. 
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Table 2: Correlation and concentrations of plasma markers in relation to plasma HE4 

 Quartiles of HE4 (ng/mL)    

Variables Quartile 1 
(0.7-3.5) 

Quartile 2 
(3.5-5.6) 

Quartile 3 
(5.6-10.1) 

Quartile 4 
(10.1-63.3) 

Overall 
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Spearman 
Correlation 
coefficient 

P-value 
Spearman 

N 
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Hb 
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(median; IQR) 
 
NT-proBNP 
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GDF15 
(median; IQR) 
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(median; IQR) 
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94±24 
 
105 
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140±4 

 
4.1±0.5 
 
8.6±1.4 

 
0.41±0.06 
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(149-540) 
 
1655 
(760-
2688) 
1.7 
(1.3-2.2) 
 
10.4 
(4.2-33.0) 
 
16±6 
 

141 
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107±27 
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(207-904) 
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(N=538) 
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<0.001 
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<0.001 
 
 

eGFR (estimated glomerular filtration rate ; mL/min/1.73 2m ); BUN (blood urea nitrogen; mg/dl); Creatinine 
(mmol/L); NGAL_( Neutrophil Gelatinase Associated Lipocalin; ng/mL); Sodium (mol/L);  Potassium (mol/L); 
Hb  (hemoglobin; g/dL); BNP (brain natriuretic peptide; pg/mL); NT-proBNP (N-terminal-proBNP; pg/mL); 
GDF-15 (Growth differentiation factor 15; ng/mL) ; CRP  (C-Reactive Protein ; g/mL); GAL3 (galectin-3; 
ng/mL); HCT=hematocrit. 
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4.3.3 Relation between HE4 and other HF plasma markers and kidney function  

By Spearman’s rank correlation coefficient a weak, but significant, positive correlation was 

observed between BNP, NT-proBNP and plasma HE4 levels (Table 2). The positive 

correlation was stronger with Galectin-3, a fibrosis biomarker with predictive value in heart 

failure patients.11 The strongest association was observed with GDF-15, an emerging  

prognostic biomarker in patients with cardiovascular disease and heart failure.6 The 

association between HE4 levels and the inflammation biomarker C-reactive protein (CRP) 

was weak. We also observed significant correlations between kidney function indices, 

including blood urea nitrogen (BUN), serum creatinine, and eGFR.  

 

4.3.4 Association between baseline HE4 and primary outcome 

In a period of 18 months, 240 patients reached the primary outcome (92 deaths and 148  

rehospitalizations due to worsening HF). Kaplan-Meier curves show that the risk for the 

primary outcome was clearly increased for patients in the higher quartiles of HE4, especially 

quartile 4 (Figure 1a; P<0.001, log-rank test). For the latter quartile this appeared pronounced 

compared with BNP (Figure 1b). The crude and adjusted associations between the log2 

transformed HE4 values and the primary outcome are depicted in Table 3. The crude hazard 

ratio for the risk of experiencing the primary outcome was 1.73 per doubling of HE4. 

Adjustment for age and gender only marginally lowered this hazard ratio to 1.67. Additional 

adjustment for BNP further mitigated the hazard ratio of HE4 to 1.58, and a further decrease 

to 1.46 was observed after adjusting for eGFR and to 1.30 after adjustment for GDF15 . Also 

for the separate endpoints, admission for heart failure and death, significant (p<0.001) 

changes in hazard ratio’s were found of 1.53 and 1.93, respectively (supplemental table 1 and 

2). These were still significant after correction for gender, age and BNP.  

 

4.3.5 Performance of HE4 as a prognostic biomarker 

As shown in Table 4, prediction based on the clinical model resulted in a AUC of 0.7272. 

Addition of HE4 increased the AUC to 0.7515 (P=0.051), whereas the addition of BNP 

increased this value to 0.77594 (P=0.013).  IDI and NRI were calculated and are also shown 

in Table 4. This revealed a significant improvement when HE4 was added to the clinical 

model. The improvement was comparable to the improvement that is achieved when BNP is 

added to the clinical model. CRP, another suggested non-cardiac specific prognostic marker 

for HF did not significantly improve prognosis in our clinical model (supplemental table 3). 

Adding HE4 to a model including clinical predictors and BNP showed a further significant 

improvement in IDI and NRI (Table 4). Similar results were obtained for the single endpoint 

death, but no significance was obtained for the single endpoint of HF-related readmission 

when BNP was included (supplemental table 4 and 5). Finally, we added HE4 to a model 

containing all demographic, clinical, and biological variables included in our previously 

published prognostic model.12 This still resulted in a significant value of the IDI, but the NRI 

was no longer significant. 
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(a) 

 
   (b) 
 
Figure 1: Primary outcome Kaplan-Meier estimates a) for HE4 quartiles and b) for BNP quartiles 

Table 3: Primary outcome prediction using Cox regression analysis: death or admission for heart failure: 

doubling of HE4, BNP and GDF15 

Variable 

 

Hazard ratio 

(95% CI) 

P-value 

 

 

HE4 (doubling) 

Adjusted for age, gender 

Adjusted for age, gender, BNP (doubling) 

Adjusted for age, gender, BNP (doubling), eGFR  

Adjusted for age, gender, BNP (doubling), eGFR, GDF15 (doubling) 

 

1.73 (1.53-1.95) 

1.67 (1.47-1.89) 

1.58 (1.38-1.81) 

1.46 (1.23-1.72) 

1.30 (1.07-1.59) 

 

<0.001 

<0.001 

<0.001 

<0.001 

0.009 

Table 4: Performance metrics of HE4 in risk prediction models 

 

*Clinical model includes age, sex, diastolic blood pressure, systolic blood pressure, stroke, myocardial 

infarction, atrial fibrillation, peripheral arterial disease, diabetes, left ventricular ejection fraction, previous 

heart failure hospitalization.  

† In comparison to the clinical model  

§ In comparison to the clinical model + BNP (doubling) 

# In comparison to the clinical model + BNP (doubling) + eGFR + sodium 

AUC=area under the curve; BNP=brain natriuretic peptide; eGFR=estimated glomerular filtration rate; IDI 

=integrated discrimination improvement; NA=not applicable; NRI=net reclassification index 

 

 

 

Model AUC 

(95% CI) 

IDI 

(95% CI) 

Continuous NRI 

(95% CI) 

Clinical model* 0.7272 (0.6819-0.7725) NA NA 

Clinical model + HE4 

(doubling)† 

0.7515 (0.7082-0.7948) 

P=0.0509 

0.0368 (0.0190-0.0546) 

P <0.0010 

0.4537 (0.2442-0.6405) 

P<0.0010 

Clinical model + BNP 

(doubling)† 

0.7594 (0.7166-0.8021) 

P =0.0126 

0.0383 (0.0213-0.0552) 

P <0.0010 

0.4273 (0.2053-0.6308) 

P<0.0010 

Clinical model + BNP 

(doubling) + HE4 

(doubling)§ 

 

0.7699 (0.7280-0.8118) 

P =0.2037 

 

0.0205 (0.0071-0.339) 

P =0.0027 

 

0.3102 (0.1170-0.5241) 

P=0.0031 

Clinical model + BNP 

(doubling) + eGFR+ 

sodium§ 

 

0.7650 (0.7226-0.8075) 

P =0.1962 

 

0.0228 (0.0087-0.0369) 

P =0.0015 

 

0.2364 (0.0206-0.4606) 

P=0.0350 

Clinical model + BNP 

(doubling) + eGFR + 

sodium + HE4 

(doubling)# 

 

0.7702 (0.7283-0.8121) 

P =0.3715 

 

0.0100 (0.0008-0.0191) 

P=0.0323 

 

0.1509 (-0.0328-0.3840) 

P =0.1547 
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4.4 DISCUSSION 

This is the first study describing HE4 as a novel biomarker for heart failure. We showed that 

HE4 was strongly associated with HF severity and outcome and that this association was  

independent from other established risk factors for poor outcome in HF, including age, 

gender, BNP, and renal function.  Moreover, addition of HE4 to commonly used clinical 

parameters resulted in improved reclassification as assessed by the NRI and IDI. Also after 

inclusion of the gold standard biomarker, BNP, to the clinical model, HE4 improved 

reclassification. Finally, after accounting for all demographic, clinical, and biological 

variables included in our previously published prognostic model12, addition of HE4 still 

resulted in a significant value of the IDI. The value of the NRI was, however, no longer 

significant. 

 

4.4.1 HE4 function 

HE4 (also termed WFDC2) was originally identified as a major human epididymis-specific 

protein with secretory properties.13 Later studies showed, however, strong expression of this 

gene in the respiratory tract, nasopharynx and salivary glands, moderate expression in kidney 

and low expression in other organs.14-16 Thus, our observed association of serum HE4 levels 

with HF severity does not necessarily indicate a direct function of HE4 in the heart itself, but 

may rather be an indirect response of other tissues that become affected by the HF syndrome.  

HE4 belongs to the class of whey four disulfide core domain (WFDC) proteins. The two best 

studied proteins of this family, SLPI and elafin, were originally identified on the basis of their 

anti-proteinase activity17,18, but it is questionable whether HE4 has any anti-proteinase 

activity.19 Other functions linked to the WFDC include antimicrobial and immunomodulatory 

properties.19,20 Our observation that HE4 serum levels show a association with GDF-15 levels 

may further hint towards a role of this protein in the immune system. GDF-15 acts as an 

inhibitor of polymorphonuclear leukocyte infiltration (PMN) and leukocyte infiltration in the 

heart in a myocardial infarct model.21 In HF patients inflammatory activity is increased22 and 

it is tempting to suggest that like GDF-15, HE4 may have an immunomodulatory function.  

 

4.4.2 HE4 as a prognostic biomarker 

HE4 was originally identified as a biomarker for ovarian carcinoma and was  reported to be 

less frequently positive in non-malignant disease as compared to CA125, a clinically accepted 

ovarian cancer marker23 and this was confirmed by others.24,25 The Food and Drug 

Administration (FDA) has approved HE4 for monitoring recurrence of progression of 

epithelial ovarian cancer.8 The decision to measure HE4 in the COACH samples was made 

because of preliminary findings observed during cancer marker specificity experiments that 

showed a strong association between elevated HE4 levels and NYHA class in a set of heart 

failure samples compared to normal samples chosen (unpublished data). It is clear that HE4 is 

not a disease-specific biomarker and it is unlikely to be useful for large scale diagnostic 

screening for a specific disease in the general population. For prognostic purposes, monitoring 

disease progression, or monitoring response to therapy, specificity may be less important and 

hence HE4 may be well suited for these purposes. This is in line with its use for monitoring 

recurrence of ovarian cancer. The overall expectation of a cardiovascular biomarker is to 

enhance the ability of the clinician to optimally treat the patient26 and our data show that HE4 

levels are strongly associated with HF severity and outcome and improve classification of HF 

patients. Whether HE4 also has value in monitoring response to HF therapy requires future 

investigations. 

 

4.4.3 Limitations of this study 

Although the clinical characteristics of this subset did not differ from the entire COACH 

cohort, we could only measure plasma HE4 levels in a subset of patients for whom base-line 

plasma samples were available. Sampling was at the time of discharge so at variable time 

points, and at different levels of recompensation. The COACH trial included Dutch 

(Caucasian) patients, so results may not be generalizable to other HF patients. We only 

analysed HE4 levels in one patient cohort and it will be important to replicate these findings 

in the future in other HF cohorts. 

 

4.4.4 Conclusions 

Herein we showed that HE4 is associated with HF severity and outcome and identified HE4 

as a strong and independent prognostic biomarker for HF outcome. HE4 is not a tissue 

specific biomarker and several other parameters and biomarkers are strongly correlated with 

HE4, giving potential insight in pathophysiological pathways involved. HE4 improves risk 

classification and hence could potentially improve disease management. 
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Supplemental Methods 

Study design and outcome parameters 

This is a substudy of the Coordinating study evaluating outcomes of Advising and Counseling 

in Heart failure (COACH) trial. The design and outcomes of the COACH trial 

(NCT98675639) have been published before.1,2 Briefly, patients admitted because of acutely 

decompensated heart failure were asked to participate in a prospective randomized disease 

management study. They were subsequently included in the trial prior to discharge and blood 

was drawn at discharge. A total of 1,023 patients were included. Plasma (for determination of 

HE4 and of other biomarkers) was available from 567 patients during the index admission, 

and these patients form the cohort for the current substudy.  Blood samples were collected and 

kidney function was determined before the patient was discharged, when patients were 

stabilized after the acute HF admission and NYHA class was assessed at discharge. Mean 

follow-up was 18 months. Demographic and clinical data were collected during index 

admission from the medical charts and patient interview. We used the primary outcome of 

COACH: time to first rehospitalisation for heart failure or all-cause mortality. Hospitalization 

due to HF was defined as an unplanned overnight stay in the hospital due to worsening HF. 

Patients had to have typical symptoms and signs of HF, using standard criteria. All events 

were evaluated and adjudicated by an independent end-point committee. This study complies 

with the Declaration of Helsinki, local medical ethics committees approved the study, and all 

patients provided written informed consent.  

 

Bead-Based immunoassay screening and measurement of HE4 

Multiplexed bead-based immunoassays were performed on human plasma samples in 

microtiter plates. Recombinant fabs to HE4 were generated by murine immunization and 

phage display technology.3,4 The primary antibody for each assay was conjugated to modified 

paramagnetic Luminex beads obtained from Radix Biosolutions.  The secondary antibodies 

were biotinylated.  Fluorescent signals were generated using Streptavidin-R-Phycoerythrin 

(SA-RPE: Prozyme PJ31S) and read using a Luminex LX200 reader.  An 8-point calibration 

curve was made gravimetrically by spiking HE4 antigen into plasma from healthy donors.  

Antigen concentrations were calculated using a standard curve determined by fitting a five 

parameter logistic function to the signals obtained for the 8-point calibration curves.  The 

reportable range for the HE4 was 0.16 to 130 ng/mL.  The intra-assay and inter-assay CVs 

were 13.7% and 15.7%, respectively, for a spiked sample in common to all runs (i.e. 8 reps 

per plate on 19 plates for 152 total reps).  The concentration of this spiked sample was 8.8 

ng/mL, which coincides well with patient values. 

 

Determination of kidney function 

We calculated estimated GFR (eGFR, mL/min/1.73 m2) using the simplified Modification of 

Diet in Renal Disease formula (186.3 x (serum creatinin (mg/dL)) -1.154 x age -0.203 x (0.742 if 

female)).5 

 

Statistical analysis 

We divided HE4 levels (ng/mL) in quartiles (1st quartile: 0.7 – 3.5; 2nd quartile: 3.5 – 5.6; 3rd 

quartile 5.6 – 10.1; 4th quartile 10.1 – 63.3). Baseline demographics are given in means ± 

standard deviation (SD) or as medians with interquartile ranges (IQR) when variables were 

non-normally distributed. Kaplan-Meier curves for the primary outcome (composite of all-

cause mortality and hospitalization due to HF) were constructed for the different quartiles of 

HE4, and a log-rank test was performed to determine whether the differences in event-free 

survival between these four groups were statistically significant. To assess the association 

between HE4 and the occurrence of the primary outcome, we first fitted an univariable Cox 

regression model with the log2 transformed HE4 values as the independent variable. We then 

extended this model by stepwise inclusion of known prognostic factors to evaluate whether or 

not HE4 was also independently associated with this outcome.  

The incremental value of HE4 for predicting the primary outcome was assessed on top 

of 14 demographic, clinical, and biological variables that were previously shown to be 

independently associated with mortality and HF-related hospitalization in the COACH study 

population.6 First, we evaluated the incremental value of HE4 over the prognostic model’s 

demographic and clinical variables (age, sex, diastolic blood pressure, systolic blood pressure, 

stroke, myocardial infarction, atrial fibrillation, peripheral arterial disease, diabetes, left 

ventricular ejection fraction, and previous HF-related hospitalization). We then assessed 

whether HE4 could still improve prognostic performance after also including one or more of 

the model’s biological variables (BNP, eGFR, and sodium). To quantify the incremental 

prognostic value of HE4, we considered measures of discrimination and measures of 

reclassification. The area under the receiver-operating characteristic curve (AUC) 

methodology was used to evaluate the impact of HE4 on discrimination. To determine the 

impact of HE4 on reclassification, the integrated discrimination improvement (IDI) and the 

continuous version of the net reclassification improvement (NRI) were calculated.7,8  
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Statistical analyses were performed using R (R Foundation for Statistical Computing, 

software version 2.14.1, Vienna, Austria). P values < 0.05 were considered to denote 

statistically significant differences. 
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Supplemental table 1. Single outcome prediction using Cox regression analysis: admission 
for heart failure only: doubling of HE4, BNP and GDF15 

 
 
 
  

 
HE4 (doubling) 
 
Adjusted for age, gender 
 
Adjusted for age, gender, BNP (doubling) 
 
Adjusted for age, gender, BNP (doubling), eGFR  
 
Adjusted for age, gender, BNP (doubling), eGFR, GDF15 (doubling) 

 
1.53 (1.31-1.78) 
 
1.51 (1.28-1.77) 
 
1.47 (1.24-1.74) 
 
1.28 (1.04-1.58) 
 
1.06 (0.82-1.36) 
 

 
<0.001 
 
<0.001 
 
<0.001 
 
0.020 
 
0.654 
 



4

Added predictive value of HE4

79

Statistical analyses were performed using R (R Foundation for Statistical Computing, 

software version 2.14.1, Vienna, Austria). P values < 0.05 were considered to denote 

statistically significant differences. 

 

References  

1. Jaarsma T, Van Der Wal MH, Hogenhuis J, et al. Design and methodology of the 
COACH study: A multicenter randomised coordinating study evaluating outcomes of 
advising and counselling in heart failure. Eur J Heart Fail. 2004;6:227-33.  

2. Jaarsma T, van der Wal MH, Lesman-Leegte I, et al. Effect of moderate or intensive 
disease management program on outcome in patients with heart failure: Coordinating 
study evaluating outcomes of advising and counseling in heart failure (COACH). Arch 
Intern Med. 2008;168:316-24.  

3. Buechler J, Grunars V, Gray J. Polyvalent display libraries. US Patent. 2000;6,057,098.  
4. Carmen S, Jermutus L. Concepts in antibody phage display. Brief Funct Genomic 

Proteomic. 2002;1:189-203.  
5. Smilde TD, van Veldhuisen DJ, Navis G, Voors AA, Hillege HL. Drawbacks and 

prognostic value of formulas estimating renal function in patients with chronic heart 
failure and systolic dysfunction. Circulation. 2006;114:1572-80.  

6. Postmus D, van Veldhuisen DJ, Jaarsma T, et al. The COACH risk engine: A multistate 
model for predicting survival and hospitalization in patients with heart failure. Eur J Heart 
Fail. 2012;14:168-75.  

7. Pencina MJ, D'Agostino RB S, D'Agostino RB,Jr, Vasan RS. Evaluating the added 
predictive ability of a new marker: From area under the ROC curve to reclassification and 
beyond. Stat Med. 2008;27:157,72; discussion 207-12.  

8. Pencina MJ, D'Agostino RB S, Steyerberg EW. Extensions of net reclassification 
improvement calculations to measure usefulness of new biomarkers, Stat Med. 2011 11-
21. 

 

 

  

Supplemental table 1. Single outcome prediction using Cox regression analysis: admission 
for heart failure only: doubling of HE4, BNP and GDF15 

 
 
 
  

 
HE4 (doubling) 
 
Adjusted for age, gender 
 
Adjusted for age, gender, BNP (doubling) 
 
Adjusted for age, gender, BNP (doubling), eGFR  
 
Adjusted for age, gender, BNP (doubling), eGFR, GDF15 (doubling) 

 
1.53 (1.31-1.78) 
 
1.51 (1.28-1.77) 
 
1.47 (1.24-1.74) 
 
1.28 (1.04-1.58) 
 
1.06 (0.82-1.36) 
 

 
<0.001 
 
<0.001 
 
<0.001 
 
0.020 
 
0.654 
 



Chapter 4

80

Supplemental table 2. Single outcome prediction using Cox regression analysis: death  
 

 
 
 
 

 
Variable 
 

 
Hazard ratio 
(95% CI) 

 
P-value 
 

 
HE4 (doubling) 
 
Adjusted for age, gender 
 
Adjusted for age, gender, BNP (doubling) 
 
Adjusted for age, gender, BNP (doubling), eGFR  
 
Adjusted for age, gender, BNP (doubling), eGFR, GDF15 (doubling) 

 
1.93 (1.66-2.25) 
 
1.84 (1.57-2.16) 
 
1.66 (1.40-1.97) 
 
1.57 (1.28-1.94) 
 
1.38 (1.08-1.77) 
 

 
<0.001 
 
<0.001 
 
<0.001 
 
<0.001 
 
0.011 
 

Supplemental Table 3. Comparison of performance metrics of HE4 with CRP in risk 
prediction models (combined endpoint). 

 

 

 

* Clinical model includes age, sex, diastolic blood pressure, systolic blood pressure, stroke, myocardial 

infarction, atrial fibrillation, peripheral arterial disease, diabetes, left ventricular ejection fraction, previous 

heart failure hospitalization. 

† In comparison to the clinical model  

§ In comparison to the clinical model + CRP 

AUC=area under the curve; CRP=C-Reactive Protein; IDI =integrated discrimination improvement; 

NA=not applicable; NRI=net reclassification index 

 

 

Model AUC 

(95% CI) 

IDI 

(95% CI) 

Continuous NRI  

(95% CI) 

Clinical model* 0.7272 (0.6819-0.7725) NA NA 

Clinical model + CRP† 0.7284 (0.6833-0.7734) 

P =0.7472 

0.0019 (-0.0024-0.0062) 

P =0.3924 

0.1524 (-0.0607-0.3158) 

P=0.1203 

Clinical model + CRP + 

HE4 (doubling)§ 

0.7521 (0.7089-0.7953) 

P =0.0503 

0.0357 (0.0182-0.0533) 

P <0.0010 

0.4395 (0.2217-0.6276) 

P<0.0010 
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Supplemental Table 4. Performance metrics of HE4 in risk prediction models (Single 
endpoint: Death) 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Clinical model includes age, sex, diastolic blood pressure, systolic blood pressure, stroke, myocardial 

infarction, atrial fibrillation, peripheral arterial disease, diabetes, left ventricular ejection fraction, previous 

heart failure hospitalization.  

† In comparison to the clinical model  

§ In comparison to the clinical model + BNP (doubling) 

# In comparison to the clinical model + BNP (doubling) + eGFR + sodium 

BNP=brain natriuretic peptide; eGFR=estimated glomerular filtration rate; IDI =integrated discrimination 

improvement; NA=not applicable; NRI=net reclassification index 

Model IDI 

(95% CI) 

Continuous NRI 

(95% CI) 

Clinical model* NA NA 

Clinical model + HE4 

(doubling)† 

0.0532 (0.0301-0.0763) 

P <0.0010 

0.4996 (0.2437-0.7032) 

P <0.0010 

Clinical model + BNP 

(doubling)† 

0.0649 (0.0429-0.0869) 

P <0.0010 

0.5246 (0.3073-0.7803) 

P <0.0010 

Clinical model + BNP 

(doubling) + HE4 

(doubling)§ 

 

0.0261 (0.0094-0.428) 

P =0.0022 

 

0.2876 (0.0749-0.5574) 

P =0.0173 

Clinical model + BNP 

(doubling) + eGFR+ 

sodium§ 

 

0.0325 (0.0140-0.0511) 

P <0.0010 

 

0.2536 (0.0630-0.5363) 

P =0.0362 

Clinical model + BNP 

(doubling) + eGFR + 

sodium + HE4 

(doubling)# 

 

0.0120 (0.001-0.0229) 

P=0.0305 

 

0.1901 (-0.0668-0.4154) 

P =0.1222 

Supplemental Table 5. Performance metrics of HE4 in risk prediction models (Single 

endpoint: HF-related readmission) 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Clinical model includes age, sex, diastolic blood pressure, systolic blood pressure, stroke, myocardial 

infarction, atrial fibrillation, peripheral arterial disease, diabetes, left ventricular ejection fraction, previous 

heart failure hospitalization.  

† In comparison to the clinical model  

§ In comparison to the clinical model + BNP (doubling) 

# In comparison to the clinical model + BNP (doubling) + eGFR + sodium 

BNP=brain natriuretic peptide; eGFR=estimated glomerular filtration rate; IDI =integrated discrimination 

improvement; NA=not applicable; NRI=net reclassification index 

  

Model IDI 

(95% CI) 

Continuous NRI 

(95% CI) 

Clinical model* NA NA 

Clinical model + HE4 

(doubling)† 

0.0105 (-0.0002-0.0212) 

P =0.0537 

0.2919 (0.0627-0.5299) 

P =0.0132 

Clinical model + BNP 

(doubling)† 

0.0095 (-0.0005-0.0196) 

P =0.0631 

0.2429 (0.0321-0.4957) 

P =0.0475 

Clinical model + BNP 

(doubling) + HE4 

(doubling)§ 

 

0.0059 (-0.0022-0.0141) 

P =0.1517 

 

0.2160 (-0.0367-0.4721) 

P =0.0875 

Clinical model + BNP 

(doubling) + eGFR+ 

sodium§ 

 

0.0109 (0.0006-0.0212) 

P =0.0389 

 

0.1627 (-0.0359-0.4593) 

P =0.1884 

Clinical model + BNP 

(doubling) + eGFR + 

sodium + HE4 

(doubling)# 

 

0.0012 (-0.0021-0.0044) 

P=0.4862 

 

0.0314 (-0.0813-0.3034) 

P =0.7534 
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Supplemental Table 4. Performance metrics of HE4 in risk prediction models (Single 
endpoint: Death) 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Clinical model includes age, sex, diastolic blood pressure, systolic blood pressure, stroke, myocardial 

infarction, atrial fibrillation, peripheral arterial disease, diabetes, left ventricular ejection fraction, previous 

heart failure hospitalization.  
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ABSTRACT 

Continuous-time state transition models may end up having large unwieldy structures when 

trying to represent all relevant stages of clinical disease processes by means of a standard 

Markov model. In such situations, a more parsimonious, and therefore easier to grasp, model 

of a patient’s disease progression can often be obtained by assuming that the future state 

transitions do not only depend on the present state (Markov assumption) but also on the past 

through time since entry in the present state. Despite that these so-called semi-Markov models 

are still relatively straightforward to specify and implement, they are not yet routinely applied 

in health economic evaluation to assess the cost-effectiveness of alternative interventions. To 

facilitate a better understanding of this type of model among applied health economic 

analysts, the first part of this paper provides a detailed discussion of what the semi-Markov 

model entails, and how such models can be specified in an intuitive way by adopting an 

approach called vertical modeling. In the second part of the paper, we use this approach to 

construct a semi-Markov model for assessing the long-term cost-effectiveness of three disease 

management programs for heart failure. Compared to a standard Markov model with the same 

disease states, our proposed semi-Markov model fitted the observed data much better. When 

subsequently extrapolating beyond the clinical trial period, these relatively large differences 

in goodness-of-fit translated into almost a doubling in mean total cost and a 60-day decrease 

in mean survival time when using the Markov model instead of the semi-Markov model. For 

the disease process considered in our case study, the semi-Markov model thus provided a 

sensible balance between model parsimoniousness and computational complexity.  

5.1 INTRODUCTION 

Continuous-time state-transition models (STMs) are increasingly applied in health economic 

evaluation to assess the cost-effectiveness of health care interventions.1-4 Similar to the 

routinely applied discrete-time models, this type of model entails defining a set of discrete 

health states reflecting the different conditions that a patient can be in and a set of transition 

probabilities governing the transitions between these health states.5 However, compared to a 

discrete-time model in which time progresses in fixed increments  (i.e., 1-year cycles), time in 

a continuous-time STM progresses continuously meaning that transitions are no longer 

restricted to occur at the beginning or end of pre-defined time intervals.1,2 As such, the cost-

effectiveness estimates obtained from a continuous-time STM are not affected by the selected 

cycle length, meaning that there is no need to apply corrective measures such as half-cycle 

correction.6 

The best known continuous-time STM is the Markov model, which is based on the 

premise that the future state transitions only depend on the present and are independent of any 

knowledge from the past, such as time since entry into the present state or the sequence of 

prior states leading to the present.7,8 As this assumption greatly simplifies the dependence 

structure, the resulting models can generally still be evaluated analytically.7 A downside of 

this approach is however that without considerably expanding the number of health states a 

standard Markov model is sometimes too restrictive to be able to accurately reflect 

subsequent phases of actual clinical disease processes. 

The above situation for instance occurs in the modeling of diseases such as chronic 

obstructive pulmonary disease or heart failure (HF), where periods of stable chronic disease 

alternate with periods of acute decompensation in which additional medical treatment is 

required and hence the corresponding treatment costs are increased. As the risk of 

experiencing an adverse event generally decreases as the time since the last exacerbation 

increases, the probability of a patient leaving the stable chronic disease state should depend 

on the time since the last exacerbation. To realistically represent such a disease process by 

means of a continuous-time Markov model, one needs to divide the stable chronic disease 

state into a set of embedded states representing increasingly longer time periods since the 

occurrence of the last exacerbation, resulting in a relatively complex model with a large 

number of parameters.2 

Instead of trying to represent complex clinical disease processes by means of a 

standard Markov model, Foucher et al.3 proposed to relax the Markov assumption by 
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assuming that the future state transitions do not only depend on the present but also on the 

past through the time since entry in the present state. Although these so-called semi-Markov 

models 9-11 allow for a more parsimonious representation of complex medical processes in 

situations where some form of time dependency needs to be built into the model, they are not 

yet widely applied in health economic evaluation to assess the cost-effectiveness of 

alternative health care interventions. One of the reasons for this may be that the parameters of 

this type of model do not have a clear clinical interpretation when specified according to the 

cause-specific hazards formulation or the pattern-mixture formulation, which are standard 

approaches for parameterizing semi-Markov models.12 An alternative approach that is not 

hampered by this lack of interpretability is vertical modeling.13 However, as this 

parameterization was only recently introduced in the medical statistical literature, it has not 

yet been extensively discussed in the context of health economic modeling. To facilitate a 

better understanding of the continuous-time semi-Markov model among applied health 

economic analysts, the first part of this paper describes in more detail what such a model 

entails and how such models can be specified in an intuitive way by applying vertical 

modeling. The second part of this paper consists of an illustrative case study in which we use 

vertical modeling to assess the cost-effectiveness of three disease management programs 

(DMPs) for HF. 

  

5.2 SPECIFICATION, ESTIMATION, AND EVALUATION OF CONTINUOUS-

TIME SEMI-MARKOV MODELS  

5.2.1 Definition of the continuous-time semi-Markov model 

A continuous-time STM is a stochastic process {X(t),t≥0} with a finite state space E={1,…,k} 

reflecting how a patient’s disease progresses over time. For a given time s, let ns denote the 

number of transitions within the time interval [0,s], and let v1,…,vns denote the consecutive 

times at which these transitions occurred. The history of the process up to time s can then be 

expressed as H(s)={(vi,X(vi)),0≤i≤ns}, where v0 is set equal to 0 so that X(v0)=X(0) represents 

the starting state of the process. Relative to H(s), the probability that the process will be in 

state h at time t given that it is in state g at time s is defined as  

( , ( )) ( ( ) ( ) , ( )); , ,ghP s t H s P X t h X s g H s s t g h E          <1>  

Finally, the transition intensities are given by 

0

( , ( ))
( ( )) lim ; , ,gh

gh t

P t t t H t
t H t g h g h E

t


 


  


      <2> 

meaning that the probability that an individual who is in state g at time t will make a transition 

to state h in the interval [t,t+dt) is approximately equal to αgh(t,H(t))dt for small values of dt.14 

To make this more concrete, consider a patient who, at time 0, has just been 

discharged alive from hospital after having been admitted because of HF. A possible state 

space for describing this patient’s disease progression could be E={discharged alive from 

hospital, HF-related hospital readmission, and dead}. Now, suppose that this patient is 

readmitted at day 115, is discharged alive from hospital at day 130, and is still alive at day 

180. The history of the process up to time 180 would then be equal to H(180)={(0, discharged 

alive from hospital), (115, HF-related hospital readmission), (130, discharged alive from 

hospital)}. In addition, suppose that Pdishosp,dead(180,240|H(180))=0.20 and that 

αdishosp,dead(180|H(180))=0.004. We then know that the probability of this patient being dead 

by time 240 is 20% and that the probability of his/her death occurring within the next week 

(i.e., within the interval [180,187)) is approximately equal to %8.2%1007004.0  . 

For a given starting state distribution, the probability structure of a continuous-time 

STM is completely determined by its transition intensities, which, in turn, are defined in terms 

of the limits of the transition probabilities. Different types of STM can therefore be 
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assuming that the future state transitions do not only depend on the present but also on the 
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distinguished by changing the extent to which these probabilities depend on the history of the 

process (i.e., the course of disease). The most straightforward model is the Markov model, 

which is obtained by assuming that the transition probabilities only depend on the present 

(i.e., the fact that the system is in state X(s) at time s). In this paper, we focus on the class of 

semi-Markov models in which, in addition to the present, the transition probabilities depend 

on the past through the time since entry vns in the present state X(s). The definition of the 

transition probabilities in Equation <1> then simplifies to 

( , ( )) ( , ) ( ( ) ( ) , )
s sgh gh n nP s t H s P s t v P X t h X s g v          <3> 

If, in addition, it holds that Pgh(s,t|vns) is independent of s such that 

( ( ) ( ) , ) ( ( ) ( ) ,0)
s s sn n nP X t h X s g v P X t v h X s v g            <4> 

the resulting STM is called a homogeneous semi-Markov model (HSMM).15 

Returning to our HF example, the use of an HSMM corresponds to a situation where 

patients who are still alive 50 days after being discharged alive from the index admission  

have the same probability of dying within the next 60 days as patients who are still alive 50 

days after being discharged alive from their second HF-related hospital readmission. If we 

make the additional assumption that this probability does also not depend on the time spent 

within the present state, the resulting STM becomes a Markov model. In terms of our 

example, this would imply that patients who are still alive 50 days after being discharged 

from the hospital have the same probability of dying within the next 60 days as patients who 

are still alive 10 days after being discharged from the hospital. 

 

5.2.2 Statistical model specification 

By substituting Equations <3> and <4> in Equation <2>, it follows that the transition 

intensities of an HSMM can be expressed as  

0 0
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( ( )) lim lim ( )t tn n

gh ght u

P X t t v h X t v g P X u u h X u g
t H t u

t u
 

   

       
  

 
  <5> 

Where u=t-vnt denotes the duration in state g. One way of specifying the HSMM would 

therefore be to directly express the transition intensities as functions of the duration u.16 

Although this so-called cause-specific hazards formulation is a standard approach for 

specifying continuous-time STMs, it has the disadvantage that these model entities cannot be 

directly interpreted in terms of survival curves or event frequencies. This may make it 

difficult to discuss the face validity of the model with clinical experts or to communicate the 

results of the cost-effectiveness analysis to decision makers. Alternatively, one could specify 

the HSMM at the level of a set of directly observable quantities that can be uniquely derived 

from the transition intensities. This is the approach taken in both the pattern-mixture 

formulation17, which is based on modeling the time to the next state transition conditional on 

the new state visited, and vertical modeling13, which is based on modeling the new state 

visited conditional on the time spent in the current state. 

Although mathematically feasible, Andersen and Keiding12 criticized the use of the 

pattern-mixture formulation in real-life decision making contexts as it determines how long a 

patient stays in a certain health state conditional on what will happen to him/her in the future, 

which, in reality, is not known beforehand. Vertical modeling, as an alternative formulation, 

does not suffer from this lack of interpretability as it “sticks to this world” and “does not 

condition on the future”.12 In addition, estimation under the pattern mixture formulation is 

time-consuming and difficult because of the need to infer the next state visited for censored 

observations13, while estimation under vertical modeling is still relatively straightforward as 

we will discuss in more detail in the next section. Because of these clear practical advantages, 

vertical modeling is the approach that we consider in more detail in the remainder of this 

paper. 

Let the random variable U, referred to as the sojourn time hereafter, denote the amount 

of time spent in a state before making a transition to a next state, and let the random variable 

D indicate the new state visited. The vertical modeling approach is based on specifying the 

marginal distribution of U and the conditional distribution of D given U, which can both be 

expressed in terms of the transition intensities αgh(t|H(t)).12 In particular, it follows from 

Equation <5> that for an HSMM the cumulative distribution function of the sojourn time for 

each state g ∈ E can be expressed in terms of the transition intensities αgh(u) as  

0
( ) ( | (0) ) 1 exp( ( ) )

u

g gh
h g

F u P U u X g w dw


             <6>
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observations13, while estimation under vertical modeling is still relatively straightforward as 
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paper. 

Let the random variable U, referred to as the sojourn time hereafter, denote the amount 

of time spent in a state before making a transition to a next state, and let the random variable 

D indicate the new state visited. The vertical modeling approach is based on specifying the 

marginal distribution of U and the conditional distribution of D given U, which can both be 

expressed in terms of the transition intensities αgh(t|H(t)).12 In particular, it follows from 

Equation <5> that for an HSMM the cumulative distribution function of the sojourn time for 

each state g ∈ E can be expressed in terms of the transition intensities αgh(u) as  
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Similarly, it holds that the probability mass function of the conditional distribution of the new 

state indicator can be expressed as 
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By combining Equations <6> and <7>, it follows that the transition intensities can be 

expressed in terms of πgh(u) and Fg(u) as 
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  is 

the probability density function of the sojourn time in state g. This shows that the 

specification of Fg(u) and πgh(u) is indeed sufficient to fully capture an HSMM’s probability 

structure. 

 

5.2.3 Parameter estimation under vertical modeling 

In this paper, we assume that the model is fitted to patient-level data in which the sojourn time 

is either observed exactly or subject to right-censoring within each state. In addition, the 

starting state and all subsequently visited states are assumed to be observed without 

misclassification (i.e., the event indicator should be available to accurately identify the current 

state and the next state visited). The contribution to the likelihood function of the HSMM for 

an individual subject with history H(s) can then be expressed as  
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if X(vns) is a transient state (i.e., all states for which the probability of leaving exceeds 0) and 

the observations are censored at time s and 
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if X(vns) is an absorbing state (i.e., all states for which the probability of leaving is equal to 0) 

and the process terminates at time s=vns. In addition, as the likelihood contributions from the 

different subjects in the dataset are independent, the full likelihood becomes the product of 

the individual likelihoods. 

Because the log-likelihood factors into separate components for Fg(u) and 

πg1(u),…,πgk(u) for each state g ∈ E, parameter estimation under vertical modeling proceeds 

by fitting separate statistical models for the sojourn-time distributions and the future state 

probabilities. Depending on the amount of covariates and on whether extrapolation beyond 

the follow-up period of the clinical trial is required, non-parametric, semi-parametric Cox 

models, or fully parametric survival models can be used to capture the sojourn-time 

distribution in each transient state.18-20 When using parametric survival models, there may be 

clear biological grounds to prefer one specification over another specification. If such 

knowledge is lacking, the best fitting model can alternatively be selected based on a statistical 

criterion, such as the widely applied Akaike information criterion (AIC) or the Bayesian 

information criterion. The future state probabilities can be estimated by applying multinomial 

logistic regression models with the observed sojourn time included as a covariate. Fractional 

polynomials21 or piecewise type splines22 can be used to check for possible non-linearity in 

the relationship between the sojourn time and the future state probabilities. Finally, it should 

be noted that the continuous-time Markov model corresponds to the special case when the 

sojourn-time distributions Fg(u) are exponential and the future state probabilities πgh(u) are 

constant (i.e., independent of the sojourn time u). 

 

5.2.4 Model evaluation under vertical modeling  

In general, evaluating a fitted HSMM to predict costs and health effects is too complex to be 

conducted analytically. 16,23 The simulation process depicted in Figure 1 can then be applied 

to approximate these outcomes numerically. 24 In short, given that the system has just entered 

(or starts in) state g, the sojourn time u is randomly sampled from Fg(u), after which the next 

state is determined in terms of πgh(u). This process is repeated until the system reaches an 

absorbing state or the total simulation time exceeds the time horizon selected for the analysis. 

As usual, the simulation needs to be replicated a large number of times (say 10,000) in order 

to diminish the influence of Monte Carlo error on the results of the cost-effectiveness 

analysis. 
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Figure 1: The process of simulating from a continuous-time HSMM   

5.3 ILLUSTRATIVE CASE STUDY 

The Coordinating study evaluating Outcomes of Advising and Counseling in Heart failure 

(COACH) is a multicenter, randomized controlled trial in which 1,023 patients who were 

discharged alive from the hospital after having been admitted for reasons related to HF were 

randomly assigned to either the control group (follow-up by a cardiologist) or one of the two 

intervention groups with basic or intensive additional support by a nurse specialized in the 

management of HF patients.25,26 The average age of the study population was 71 years and 

38% was female. During the 18 months follow-up period, 411 patients (40%) reached the 

primary endpoint of death or HF-related hospital readmission, of whom 260 (63%) were 

readmitted because of HF. The all-cause mortality rate was 29% in the control group, 27% in 

the basic support group, and 24% in the intensive support group. The study complied with the 

Declaration of Helsinki, and a central appointed ethics committee approved the research 

protocol. Informed consent was obtained from all subjects.  

In this case study, we will illustrate how vertical modeling can be applied to construct 

an HSMM for assessing the long-term cost-effectiveness of the three disease management 

programs (DMPs) considered in COACH. We will also compare the goodness-of-fit of our 

proposed model against that of a Markov model to explore to what extent the use of the 

HSMM results in more reliable cost-effectiveness estimates.  

 

5.3.1 Statistical model specification and parameter estimation 

The state space for the two models was as follows (Figure 2): discharged alive (state 1), HF-

related hospital readmission (state 2), and dead (state 3). To specify the sojourn-time 

distributions of the two transient health states, the available patient-level data was first 

transformed into long format where each row represents one patient at risk of making a 

transition. Patients who were readmitted at least once have been at risk for subsequent 

transitions during different periods of their follow-up, meaning that these patients are 

represented multiple times in this dataset. For example, a patient entering state 1 at some 

point during his or her follow-up was from this point onwards at risk of making a transition to 

either state 2 or state 3. For this patient, a row was therefore included in the dataset with the 

event time set equal to the amount of time spent in state 1 (or the time to censoring if this 

observation was subjected to right-censoring), a censoring indicator set equal to 1 if the 

transition was observed and 0 if the transition was censored, and a new state indicator set 

equal to the next state visited (if the transition was observed). All time variables were 

recorded in days. 
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Figure 2: Schematic representation of the structure of both our HSMM and the Markov model 

 

Using this dataset, the estimation of the HSMM proceeded as follows. First, the 

goodness-of-fit of six different parametric survival models (log-normal, exponential, log-

logistic, Weibull, Gaussian, and logistic) with the event time and censoring indicator as 

defined previously and the treatment indicator included as a covariate was compared in terms 

of the AIC to obtain the best fitting models for F1(u) and F2(u). This resulted in a log-normal 

distribution for both the sojourn time in state 1 and the sojourn time in state 2. The future state 

probabilities π13(u) and π23(u) were estimated by fitting a logistic regression model to the 

observed binary outcomes of out-of-hospital death and in-hospital death, respectively, with 

the treatment indicator and the sojourn time included as the two covariates. Possible non-

linearity in the associations between sojourn time and these two future state probabilities were 

assessed using a closed test procedure based on fractional polynomials, with the significance 

levels for the variable inclusion and for comparing the fit of different fractional polynomial 

functions both set equal to 0.05.27 For out-of-hospital death, a quadratic relationship was 

found between the sojourn time and the log-odds of this future state probability. Possible 

interaction between the treatment indicator and the included sojourn time effects was also 

tested for, but none of these interaction terms were statistically significant. No association 

was found between the sojourn time and the log-odds of in-hospital mortality. This latter 

probability was therefore assumed to be a constant, with values equal to 0.20, 0.14, and 0.13 

for patients in the care-as-usual, basic support, and intensive support group, respectively. For 

the Markov model, F1(u) and F2(u) were estimated by fitting two exponential distributions, 

while the future state probabilities were estimated by fitting two logistic regression models 

that did not include any sojourn time effects. The results of the statistical model specification 

and parameter estimation for both the HSMM and the Markov model are summarized in 

Table 1. All the above analyses were performed using R version 3.1.1 (R Foundation for 

Statistical Computing, Vienna, Austria). 

 

5.3.2 Goodness-of-fit of the estimated sojourn-time distributions 

Figure 3 and Figure 4 display, per treatment group, the goodness-of-fit of F1(u) and F2(u) for 

both our proposed HSMM and the Markov model. The observed sojourn-time distributions 

were obtained by taking the complement (i.e., one minus) of the Kaplan-Meier curves of the 

time spent in each of the health states. From these figures, we can conclude that the sojourn-

time distributions of our proposed HSMM fit the empirical data much better than the sojourn-

time distributions of the Markov model. 

 

5.3.3 Model validation 

The performance on overall survival of both our proposed HSMM and the Markov model was 

internally validated by comparing the predicted (average across 100,000 simulation runs) 

versus the observed (Kaplan-Meier estimate) survival curves.28 As is shown in Figure 5, the 

predicted survival curves obtained from the HSMM closely matched the observed survival 

curves, whereas a clear deviation from the observed survival curves was observed while using 

the Markov model.  

 

5.3.4 Cost-effectiveness analysis 

To evaluate the long-term cost-effectiveness of the three DMPs considered in COACH, the 

simulation process depicted in Figure 1 was repeated 100,000 times with the discharged alive 

state as the starting state and survival time as the measure of health effect. The maximum 

follow-up time for each simulation run was set to be 5 years. As our case study is illustrative 

in nature, we did neither consider patient heterogeneity nor stochastic uncertainty. Our results  
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Table 1: The specification of the regression models and the results of the parameter estimation for both 
the HSMM and the Markov model 
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Note: Care-as-usual is the reference category for TT ; θ(π)=log(π/(1-π)) is the logit function 

 
Figure 3: Goodness-of-fit of the sojourn-time distributions for the discharged alive state for care-as-usual 
(left), basic support (middle), and intensive support (right). The grey area band widths reflect the 95% 
confidence intervals of the observed sojourn-time distributions 

 

 
Figure 4: Goodness-of-fit of the sojourn-time distributions for the HF-related hospital readmission state 
for care-as-usual (left), basic support (middle), and intensive support (right). The grey area band widths 
reflect the 95% confidence intervals of the observed sojourn-time distributions 
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Figure 3: Goodness-of-fit of the sojourn-time distributions for the discharged alive state for care-as-usual 
(left), basic support (middle), and intensive support (right). The grey area band widths reflect the 95% 
confidence intervals of the observed sojourn-time distributions 

 

 
Figure 4: Goodness-of-fit of the sojourn-time distributions for the HF-related hospital readmission state 
for care-as-usual (left), basic support (middle), and intensive support (right). The grey area band widths 
reflect the 95% confidence intervals of the observed sojourn-time distributions 
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Figure 5: Observed versus predicted survival curves for care-as-usual (left), basic support (middle), and 
intensive support (right). The grey area band widths reflect the 95% confidence intervals of the observed 
survival curves 

 

Table 2: Results of the cost-effectiveness analysis. In the ICER column, basic support is compared against 
care-as-usual and intensive support is compared against basic support 
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20406 

therefore represent the expected 5-year cost-effectiveness of the three DMPs in a population 

with the same distribution of covariates as in the COACH study population. 

 To obtain the cost attached to the discharged alive state, we divided the mean 

aggregated intervention costs taken from our previously conducted trial-based economic 

evaluation29 by the average observed out-of-hospital days within the COACH follow-up 

period. This resulted in a state cost of €0.86 per day for care-as-usual, €1.56 per day for basic 

support, and €2.34 per day for intensive support. The cost attached to the HF-related hospital 

readmission state was set to be €769 per day and was assumed to be the same for all three 

DMPs.  

Table 2 depicts the results of the cost-effectiveness analysis using both our proposed 

HSMM and the Markov model with costs and survival time discounted at respective annual 

rates of 4% and 1.5% as described in the Dutch manual for costing.30 These results show that 

the differences in model fit between the HSMM and the Markov model translate into 

relatively large differences with respect to the estimates of the mean total cost, the mean 

survival time, and the mean incremental cost-effectiveness ratio (ICER) between intensive 

support and basic support. 

In the above analysis, we assumed that the level of care provided within each 

treatment group was the same for the clinical trial period as for the period between 18 months 

and 5 years. To investigate the impact of this assumption on the results of the cost-

effectiveness analysis, we reduced, for each DMP, the level of care provided after the first 18 

months to a half-yearly visit and a yearly visit to the cardiologist. For the period between 18 

months and five years, this resulted in state costs for the discharged alive state of €0.60 per 

day and €0.30 per day, respectively. For the HSMM, these reductions in state costs reduced 

the ICER between intensive support and basic support from 15,825 (base case) to 11,167 

(half-yearly follow-up) and 11,083 (yearly follow-up).  For the Markov model, this ICER 

reduced from 20,406 (base case) to 17,318 (half-yearly follow-up) and 17,259 (yearly follow-

up). In addition, we repeated the analysis with annual discount rates of 3% for both costs and 

survival time, but this hardly had any impact on the results of the cost-effectiveness analysis. 
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5.4 DISCUSSION 

In reality, a patient’s future disease status may depend on disease history, co-morbidity, and 

many other factors through complex interactions. Without considerably expanding the 

number of health states, such interactions may however be difficult to capture by means of a 

standard Markov model. Although in such situations a more parsimonious representation of a 

patient’s disease progression can often be obtained by replacing the Markov model by an 

HSMM, this latter type of model is not yet routinely applied in health economic evaluation to 

assess the cost-effectiveness of alternative health care interventions. To facilitate a better 

understanding of this model among applied health economic analysts, this paper provided a 

detailed discussion on how the different parameters of such a model can be specified using 

vertical modeling. We subsequently illustrated the use of this approach in a case study related 

to the disease management of HF. 

To illustrate the potential biases resulting from not including any form of time 

dependency in the definition of the transition intensities, we fitted in our case study both an 

HSMM and a Markov model. The subsequent assessment of the goodness-of-fit showed that 

especially for the sojourn-time distribution of the discharged alive from hospital state, the 

Markov model yielded a poor fit with the observed data. As a consequence of this, the use of 

the Markov model resulted in an overestimation of the mean survival time for the COACH 

study period (Figure 5) and an underestimation of the mean survival time when extrapolating 

these curves to a 5-year period (Table 2). The HSMM, in contrast, closely resembled the 

observed data for all of the performed goodness-of-fit tests. In terms of cost-effectiveness, 

these relatively large differences in goodness-of-fit translated into almost a doubling in mean 

total cost and a 60-day decrease in mean survival time when using the Markov model instead 

of the HSMM. 

The cost-effectiveness analysis that we conducted as part of our case study has two 

limitations. First, since the aim of this case study was to illustrate model specification and 

parameter estimation under vertical modeling, and not to conduct a full economic evaluation 

in support of a real-life decision problem, we felt that it would be sufficient to conduct a 

relatively straightforward deterministic analysis. We obviously recognize that in applied 

health economic evaluation it is a standard practice to complement the results of such a 

deterministic assessment with probabilistic sensitivity analyses to evaluate how uncertainty in 

the model inputs accumulates in overall uncertainty in the modeled outcomes.31 One way to 

obtain a joint probability distribution for the parameters of the sojourn-time distributions and 

the future state probabilities under vertical modeling would be to apply bootstrapping, which 

is relatively straightforward to implement when patient-level data is available.32 Second, the 

regression models that we used to specify the different entities of our HSMM (i.e., the 

parametric survival models for the sojourn-time distributions and the logistic regression 

models for the future state probabilities) did not contain any covariates apart from the 

treatment indicator (for all models) and the sojourn time (to estimate the probability of out-of-

hospital death). Our model therefore does not allow for the assessment of patient 

heterogeneity as described by Groot Koerkamp et al..33 This potential limitation, however, can 

easily be overcome by adding patient characteristics, such as sex, age, and comorbidity as 

additional covariates in the regression models. For a more concrete and extensive discussion 

on how to deal with patient heterogeneity within the context of a health economic evaluation, 

we refer the reader to Grutters et al..34  

The fundamental assumption underlying the HSMM is that the future state transitions 

only depend on the history of the process through the time since entry in the present state. A 

limitation of this type of model is therefore that the possible influence that other time scales 

such as general ageing of an individual may have on a patient’s disease progression are 

ignored. For the modeling of chronic diseases, this could for instance result in an 

overestimation of the mean survival time when age is not included as a fixed-time covariate in 

the regression models, which would allow us to update this variable each time that a transition 

into a new state occurs. Alternatively, one could overcome this limitation by switching from a 

homogeneous to a non-homogeneous semi-Markov model, in which age would then be 

included as a time-dependent covariate.35 The specification and estimation of this latter type 

of model is however far less straightforward as the transition intensities as well as all 

functionals directly derived from these intensities then become functions of both the time 

since entry in the model and the time since entry in the present state. Another way to relax the 

assumptions behind the HSMM would be to let the transition intensities not only depend on 

the time since entry in the present state but also on how often this state has previously been 

visited. For example, Bakal et al.36 have recently established that the time between 

consecutive HF-related hospitalizations decreases as the number of previous admissions 

increases. When using vertical modeling, such dependencies can be easily included in the 

model specification of the sojourn-time distributions by including the number of previous HF 

hospitalizations as an additional covariate in the regression equations. However, as the 

resulting STM is then strictly speaking no longer a semi-Markov model, we refrained from 

doing so in our case study. 
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To conclude, the continuous-time semi-Markov model provides a sensible balance 

between model parsimoniousness and computational complexity for many clinical disease 

processes. In this paper, we described and illustrated how such models can be estimated from 

right-censored time-to-event data. Future research effort may be directed at how one could 

conduct the estimation when the data is subjected to other types of censoring, such as interval 

censoring. 
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ABSTRACT 

Objectives: Early estimates of the commercial headroom available to a new medical device 

can assist producers of health technology in making appropriate product investment decisions. 

The purpose of this study was to illustrate how this quantity can be captured probabilistically 

by combining probability elicitation with early health economic modeling. The technology 

considered was a novel point-of-care testing device in heart failure disease management. 

Methods: First, we developed a continuous-time Markov model to represent the patients’ 

disease progression under the current care setting. Next, we identified the model parameters 

that are likely to change after the introduction of the new device and interviewed three 

cardiologists to capture the probability distributions of these parameters. Finally, we obtained 

the probability distribution of the commercial headroom available per measurement by 

propagating the uncertainty in the model inputs to uncertainty in modeled outcomes. 

Results: For a willingness-to-pay of €10,000 per life year, the median headroom available per 

measurement was €1.64 (IQR: €0.05~€3.16) when the measurement frequency was assumed 

to be daily. In the subsequently conducted sensitivity analysis, this median value increased to 

a maximum of €57.70 for different combinations of the willingness-to-pay threshold and the 

measurement frequency. 

Conclusions: Probability elicitation can successfully be combined with early health economic 

modeling to obtain the probability distribution of the headroom available to a new medical 

technology. Subsequently feeding this distribution into a product investment evaluation 

method enables stakeholders to make more informed decisions regarding to which markets a 

currently available product prototype should being targeted. 

6.1 INTRODUCTION 

Investment in the research and development of new medical technology typically results in 

several promising product concepts. There is usually, however, insufficient funding to further 

develop each of these concepts into concrete products that can be brought to the market. This 

forces producers of medical technology and other stakeholders, such as venture capitalists and 

funding agencies, to already decide early during the product development process which of 

these concepts to abandon and which of them to push forward for further development.1-5  

In the current practice of product investment decision making, such decisions seem 

often be based on potentially arbitrary representations of the expected improvements in 

outcomes and costs resulting from the use of the new technology. A factual representation of 

the current care situation and the specific changes that are likely to occur after the new 

technology has been fully adopted is generally not elaborated. Thus, decisions regarding the 

selection of suitable target markets for a currently available prototype technology are reached 

in a similarly arbitrary way. Early-stage health economic modeling has recently been 

suggested as a tool for supporting product investment decision making in a more formal way 

as it can provide insight into the maximum additional cost at which the intended clinical use 

of the new technology in a selected target market is still deemed cost-effective.3 This upper 

bound on the technology’s maximum cost, also known as the commercial headroom 

available4,6, can then be fed into an appropriate product investment evaluation method to 

determine whether further development of the prototype technology is likely to yield 

sufficient return on investment.7,8 

In early-stage health economic evaluations, there is usually only a limited amount of 

data available with regard to the performance of the new technology, leading to high 

uncertainty in the values of some of the model inputs.9 Expert judgment therefore needs to be 

relied upon to obtain initial estimates of those parameters for which sufficient clinical 

evidence is not yet available. Probability elicitation (PE) refers to a set of techniques for 

formulating one or more experts’ beliefs about the unknown parameters into a probability 

distribution of those parameters.10,11 Previous work already described how PE can be applied 

to handle parameter uncertainty in health economic models.12-14 In this paper, we take the use 

of this approach one step further by illustrating how PE can be combined with early health 

economic modeling to obtain the probability distribution of the commercial headroom 

available to a novel point-of-care testing (POCT) device, which is defined as laboratory 

testing at or near the patient, in the disease management of patients with heart failure (HF).  
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6.2 METHODS 

The approach that we used for combining PE with early health economic modeling is 

summarized in Figure 1. First, conceptual models of the current care setting (e.g., the health 

care setting in which the conventional disease management strategies are applied) and the new 

care setting (e.g., the health care setting in which the novel POCT device is introduced) were 

developed. Then, a continuous-time Markov model that appropriately reflects the disease 

progression in patients under the current care setting was developed. Next, the model 

parameters that are likely to change under the new care setting were identified. These served 

as the unknown Parameter(s) of Interest (uPoI) for which PE was subsequently conducted. 

Finally, the commercial headroom available was calculated and its uncertainty was captured 

probabilistically by propagating the uPoI distributions. 

 

6.2.1 Conceptual models of the two health care settings  

The current care comparator depends on the clinical setting in which the POCT device will be 

applied after it has been brought to the market. As this device could potentially be used in 

different clinical settings (e.g., outpatient clinic, home setting), we used semi-structured 

interviews to learn from the clinical experts in which setting the introduction of the POCT 

device was likely to generate the highest clinical impact. As none of the cardiologists could 

see any value in the use of this device in the outpatient setting, we decided to focus the early 

health economic assessment around the introduction of the POCT device in the home setting. 

More detailed assumptions on how the device would affect the care pathway when introduced 

in this setting were subsequently elicited from the same experts. Based on the results of these 

interviews, the current and new care settings were defined as follows: 

 

 
 
 
 
 
 
 
Figure 1: Schematic representation of the approach used in this paper 
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 The current care setting consisted of several follow-up visits to the cardiologist and of 

additional support provided by nurses with special education and training in HF 

management. During the first four months after discharge, patients on average have 

one visit to the cardiologist and four visits to one of the HF nurses. After this initial 

period, the number of outpatient visits reduces to a yearly follow-up visit to the 

cardiologist. After an HF-related readmission, the above visiting frequency was 

repeated. 

 The new care setting consisted of the introduction of the novel POCT device in the 

home setting to allow for more efficient monitoring of an HF patient’s disease 

progression. The home measuring itself was not expected to change the outpatient 

visiting frequency. 

 

6.2.2 Markov model  

To estimate the expected health outcomes and costs under the current care setting, we 

developed a continuous-time Markov model with three health states (Fig. 2): discharged alive 

from hospital, HF-related hospital readmission, and death. For practical purposes, the 

transition intensities were assumed to be constant over time and independent of patient-related 

risk factors. We used the data collected during the Coordinating Study Evaluating Outcomes 

of Advising and Counseling in Heart Failure (COACH) study, one of the largest multi-center, 

randomized controlled trials of nurse-led disease management programmes in HF15,16, to  
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estimate the current care model parameters. To be consistent with our description of the 

current care setting, we included all patients from the COACH study who received additional 

basic or intensive support from a nurse specialized in the disease management of HF patients. 

This resulted in a total sample size of 684. To make the model of the current care setting 

probabilistic, simple random sampling with replacement was conducted to obtain 10,000 

resamples of equal size to the original sample. For each bootstrap resample, the current care 

transition intensities were subsequently estimated by using the msm package for R17, resulting 

in 10,000 realizations from the joint probability distribution of the current care transition 

intensities. Unit costs for outpatient visits and HF- related hospitalization were taken from 

Postmus et al.18 and set to be equal to €110/visit and €769/day, respectively. 

 

6.2.3 Probability elicitation of the unknown model parameters  

The transition intensities of the continuous-time Markov model were identified as the uPoI for 

the new care setting. The same three cardiologists who assisted in developing the conceptual 

models of the two health care settings were also invited to take part in the face-to-face PE 

interviews. We took the suggestions from Soares et al.13 and expressed the uPoI in terms of 

more directly observable quantities for which the experts’ beliefs were elicited. In particular, 

let iT denote the amount of time spent in health state i , let )( ii tF  denote the proportion of 

patients that has left health state i  by time it , and let ijP denote the probability that when 

leaving state i  the next state will be state j . For a continuous-time Markov model, it holds 

that iT  is exponentially distributed with mean value 

 ji

ijq
1 , where ijq  denotes the transition 

intensity between health states i  and j .17,19 This allows us to express )( ii tF  as: 
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To obtain the probability distributions of ijq , we elicited point estimates of the transition 

probabilities ijp and used the fixed interval elicitation method10,11 to capture the probability 

distributions of )2,1)(( itF ii at the time points 3651 t  days and 102 t days. Equation (3) 

was then used to capture the ijq distributions from the elicited )2,1)(( itF ii distributions and 

ijp  values. A detailed description of the method of data capture and the distribution fitting is 

provided in Supplementary Material I. 

 

6.2.4 Analysis of the commercial headroom available   

 

Let 0e  and 0c  be the expected survival time and cost derived from the current care model, and 

let 1e and rc1 be the expected survival time and non-device-related cost derived from the new 

care model. The expected overall commercial headroom available to the new device can then 

be computed as: 

ceh            (4)                                                                                                                                             

where  denotes the willingness-to-pay per life year, and 01 ccc r   and 01 eee   

denote the expected incremental non-device-related cost and the expected improvement in 

survival time due to the use of the new technology (also known as the effectiveness gap20), 

respectively. 

The POCT of circulating cardiac biomarkers involves placing a disposable containing 

a patient’s blood sample in an analyzer that is located at or near the patient. Denoting the cost 

of the analyzer by anac1  and the cost of a disposable by disc1 , the total device-related cost can 

be expressed as 

mmdisanad ftccc  111                (5)                                                                                                                          

where mt  and mf  are the expected out-of-hospital days and the out-of-hospital measurement 

frequency (expressed in number of measurements per day), respectively. Assuming that the 

fully developed product will only be applied in daily clinical practice if its use is considered 

to be cost-effective, the commercial headroom available reflects the maximum price at which 
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the POCT device can be sold on the market. Further development of the device into a tool for 

monitoring HF disease progression may therefore not be viable if the total device-related cost 

is likely to exceed this value. Equating (4) and (5) and dividing by the total number of 

measurements, this upper-bound on the device-related cost can formally be expressed as 

mmmm

ana
dis ft

ce
ft

cc







1

1                                                                                           (6)                                                                                                                 

where the left-hand side denotes the average cost per measurement and the right-hand side the 

commercial headroom available per measurement 

            Per expert, the uncertainty in the amount of headroom available per measurement was 

captured in a probabilistic way by propagating the uncertainty in the uPoI. This was achieved 

by repeatedly (10,000 times) sampling the current care transition intensities and the uPoI 

values from their corresponding probability distributions to obtain different values of e , c ,  

and mt and then computing 
mm ft

ce

  for given values of    and mf . For a given realization 

of the current care transition intensities and the uPoI, c was estimated by taking the 

difference in the expected values of rc1  and 0c  and e  was estimated by taking the difference 

in the expected values of 1e  and 0e . The expected values of 0c , 0e , rc1 , 1e , and mt  were 

obtained by taking the mean values of 10,000 first-order Monte Carlo simulation runs21 from 

the two continuous-time Markov models, using a 5-year time horizon. This relatively short 

time period was selected to ensure that the assumption of constant transition intensities for the 

continuous-time Markov model would still be reasonable. As up to 70% of all HF patients die 

within 5 years of their first hospital admission22, however, this period should still be long 

enough to capture most of the health effects resulting from introducing the novel POCT 

device in this patient population. To combine multiple experts’ opinions into a single 

distribution of the commercial headroom available per measurement, we performed linear 

opinion pooling with equal experts’ weighting.10,11 

  

6.3 RESULTS 

6.3.1 Current care model  

After 18 months of follow up in the COACH study, 270 (39%) patients reached the combined 

endpoint of HF hospitalization and death. Out of these patients, 176 (65%) had been 

readmitted to the hospital and 94 (35%) had died. In total, 242 HF hospitalizations were 

recorded in the study cohort. The mean duration of hospital stay was 13 days and the 

incidence of in-hospital mortality was 14%.  

The estimated values of the transition intensities under the current care setting are provided in 

Table 1. Using equation (2), the corresponding incidences of out-of-hospital and in-hospital 

mortality were 36% and 13%, respectively. The estimated mean hospital stay in the Markov 

model was 13 days. The event rates and mean hospital duration as predicted from the Markov 

model are close to the event rates and mean hospital duration as observed in the COACH 

study, showing that the current care model fitted the observed data well. 

 

6.3.2 Probability elicitation  

One cardiologist was unable to complete the PE interview because he found it was impossible 

to provide any reliable quantitative judgments with regard to this new device application. The 

probability distributions of   in state   ( =365 days) and state   ( =10 days) and the values of   

that were elicited from the two remaining cardiologists are provided in Supplementary 

Material II. The resulting probability distributions of  together with the corresponding 

probability distributions of these parameters under the current care setting are depicted in 

Figure 3. Both experts believed that the introduction of the POCT device would not have a 

profound impact on the number of transitions from the discharged alive to the death state, but 

they had different opinions on how the use of this device would affect the number of hospital 

readmissions. The first expert believed that individually tailored drug doses in response to the 

observed biomarker trajectories would result in fewer hospital readmissions, while the second 

expert believed that the repeated biomarker measurements would increase admission rates 

among patients with less severe clinical signs and symptoms. This explains why, compared to 

the current care setting, the mode of the distribution of q12 is shifted to the left for expert 1 

and to the right for expert 2. The first expert also believed that the introduction of the POCT 

device would not affect the transition intensities out of the hospital readmission state. For this  
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commercial headroom available per measurement 
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captured in a probabilistic way by propagating the uncertainty in the uPoI. This was achieved 

by repeatedly (10,000 times) sampling the current care transition intensities and the uPoI 

values from their corresponding probability distributions to obtain different values of e , c ,  

and mt and then computing 
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  for given values of    and mf . For a given realization 

of the current care transition intensities and the uPoI, c was estimated by taking the 

difference in the expected values of rc1  and 0c  and e  was estimated by taking the difference 

in the expected values of 1e  and 0e . The expected values of 0c , 0e , rc1 , 1e , and mt  were 

obtained by taking the mean values of 10,000 first-order Monte Carlo simulation runs21 from 

the two continuous-time Markov models, using a 5-year time horizon. This relatively short 

time period was selected to ensure that the assumption of constant transition intensities for the 

continuous-time Markov model would still be reasonable. As up to 70% of all HF patients die 

within 5 years of their first hospital admission22, however, this period should still be long 

enough to capture most of the health effects resulting from introducing the novel POCT 

device in this patient population. To combine multiple experts’ opinions into a single 

distribution of the commercial headroom available per measurement, we performed linear 

opinion pooling with equal experts’ weighting.10,11 

  

6.3 RESULTS 

6.3.1 Current care model  

After 18 months of follow up in the COACH study, 270 (39%) patients reached the combined 

endpoint of HF hospitalization and death. Out of these patients, 176 (65%) had been 

readmitted to the hospital and 94 (35%) had died. In total, 242 HF hospitalizations were 

recorded in the study cohort. The mean duration of hospital stay was 13 days and the 

incidence of in-hospital mortality was 14%.  

The estimated values of the transition intensities under the current care setting are provided in 

Table 1. Using equation (2), the corresponding incidences of out-of-hospital and in-hospital 

mortality were 36% and 13%, respectively. The estimated mean hospital stay in the Markov 

model was 13 days. The event rates and mean hospital duration as predicted from the Markov 

model are close to the event rates and mean hospital duration as observed in the COACH 

study, showing that the current care model fitted the observed data well. 

 

6.3.2 Probability elicitation  

One cardiologist was unable to complete the PE interview because he found it was impossible 

to provide any reliable quantitative judgments with regard to this new device application. The 

probability distributions of   in state   ( =365 days) and state   ( =10 days) and the values of   

that were elicited from the two remaining cardiologists are provided in Supplementary 

Material II. The resulting probability distributions of  together with the corresponding 

probability distributions of these parameters under the current care setting are depicted in 

Figure 3. Both experts believed that the introduction of the POCT device would not have a 

profound impact on the number of transitions from the discharged alive to the death state, but 

they had different opinions on how the use of this device would affect the number of hospital 

readmissions. The first expert believed that individually tailored drug doses in response to the 

observed biomarker trajectories would result in fewer hospital readmissions, while the second 

expert believed that the repeated biomarker measurements would increase admission rates 

among patients with less severe clinical signs and symptoms. This explains why, compared to 

the current care setting, the mode of the distribution of q12 is shifted to the left for expert 1 

and to the right for expert 2. The first expert also believed that the introduction of the POCT 

device would not affect the transition intensities out of the hospital readmission state. For this  
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Table 1: Mean values (95% confidence intervals) of the transition intensities under the current care 

setting 

 1.q  2.q  3.q  

.1q   0.00078 (0.00069, 

0.00089) 

0.00043 (0.00036, 

0.00051) 

.2q  0.06810 (0.05940, 

0.07789) 

 0.01070 (0.00769, 

0.01517) 

.3q  0 0  

 

 

Figure 3: Comparison of the probability distributions of the current care transition intensities as obtained 
using bootstrapping and the probability distributions of the new care transition intensities as elicited from 
the two experts. 

 

 

expert, we therefore assumed that the probability distributions of the transition intensities out 

of the hospital readmission state under the new care setting were equal to the probability 

distributions of these intensities under the current care setting. The second expert, in contrast, 

believed that because of the increased admission rates amongst patients with less severe 

clinical signs and symptoms the average length-of-stay in the hospital would decrease and the 

proportion of patients discharged alive would increase. This explains why, compared to the 

current care setting, the mode of the distribution of q21 is shifted to the right while the mode 

of the distribution of q23 is shifted to the left. 

 

6.3.3 Headroom analysis  

Figure 4 summarizes the distributions of the commercial headroom available per 

measurement based on the separate and pooled experts’ opinions for the base-case scenario of 

a willingness-to-pay threshold of €10,000 per life year and a daily measurement frequency as 

suggested by one of the cardiologists. The corresponding pooled lower quartile, median, and 

upper quartile were €0.05, €1.64, and €3.16 per measurement, respectively. How this median 

value is affected by different assumptions for the willingness-to-pay threshold and the 

measurement frequency is depicted in Figure 5. In comparison to the base-case value of €1.64, 

the median commercial headroom available per measurement increased to €11.48 when the 

measurement frequency was decreased to weekly and increased to €8.24 when the 

willingness-to-pay threshold was increased to €80,000 per life year. When both of these 

parameters were simultaneously set to their most favorable values, the commercial headroom 

available per measurement further increased to €57.70.     
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Figure 4: Probability distribution of the commercial headroom available per measurement for λ = € 
10,000 per life year and mf = 1 

 

Figure 5: Median commercial headroom available per measurement against λ for different values of the 
measurement frequency 

  

6.4 Discussion  

Early-stage health economic evaluations are characterized by evidence scarcity as data from 

clinical research is usually still missing. This lack of clinical evidence leads to high 

uncertainty in some of the model inputs, which can generally only be resolved by 

incorporating expert opinion. In this paper, experts’ beliefs were first elicited through semi-

structured interviews to develop appropriate conceptual models of the healthcare settings 

without and with the use of a new medical technology. PE was then applied to quantitatively 

capture experts’ beliefs in a probabilistic way to handle parameter uncertainty in the 

subsequently constructed mathematical models. Finally, Monte Carlo simulation was applied 

to propagate the uncertainty in the model inputs to uncertainty in the modeled outcomes and 

to obtain a probability distribution of the amount of headroom available per measurement. 

Technology-driven innovation consists of several phases, ranging from idea 

generation and application selection to the commercialization and launching of the developed 

products.23 Given the specific characteristics of such projects, the use of early-stage health 

economic evaluation as a tool for informing product investment decision making seems 

especially useful at the intersection between “investigation and technology transfer” and 

“development and validation”, where it has to be decided to which markets the currently 

available prototype technology is being targeted, if any. For the case study considered in this 

paper, the prototype technology was a novel POCT device for measuring one or more 

circulating biomarkers, and the market considered was the disease management of HF 

patients. For this application of the prototype technology, the median (IQR) of the 

commercial headroom available per measurement was found to be equal to €1.64 

(€0.05~€3.16) for a willingness-to-pay threshold of €10,000 per life year and a daily 

measurement frequency. Further development of the device into a tool for monitoring HF 

disease progression may therefore not be viable if the average cost per measurement is 

expected to be much larger than these values, which can be assessed more formally by 

feeding the obtained distribution of the commercial headroom available into the product 

investment evaluation method proposed by Girling et al..7 This involves comparing the 

projected post-market cash flows resulting from selling the analyzer and disposable at a price 

that puts the average cost per measurement just below the commercial headroom available per 

measurement to the expected development cost to determine whether further development of 

the prototype technology into a commercial product for HF disease management is likely to 

yield sufficient return on investment.  
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An important prerequisite of the use of elicitation in early health economic modeling 

is that experts need to be able or willing to provide values for the unknown model parameters. 

The method can therefore not be applied when experts do not want to speculate about the 

clinical impact of a not yet fully developed product. This problem was also encountered in our 

case study and led to the drop-out of one of the cardiologists from participating in the 

elicitation exercise. Attempts to support product investment decision making through early 

health economic modeling may therefore not be successful when the impact of introducing 

the new technology in a selected clinical setting is difficult to perceive by the participating 

experts. Also, at the start of the product development process, there are typically many 

technological solution principles and/or target markets left to choose from, giving rise to a 

large variety of potential products. Other, more qualitative approaches are then required to 

perform an initial screening of the generated product concepts. 

In previous applications of early health economic modeling, expert beliefs were 

mostly incorporated by eliciting point estimates of the uPoI as well as their minimum and 

maximum values to facilitate a subsequent sensitivity analysis.24-27 Although this so-called 

deterministic value elicitation approach is easier to use than the PE approach applied in this 

paper, it does not allow the parameter uncertainty to be explicitly represented and assessed 

regarding its impact. Propagating the uncertainty in the model inputs to uncertainty in the 

modeled outcomes is nevertheless essential if one wants to support product investment 

decision making through the use of formal decision support methods, such as the one 

described previously. A downside of using PE is that attaching likelihoods to the values of 

unknown parameters is not straightforward. Care must therefore be taken to parameterize the 

uPoI in terms of quantities that still have a clear interpretation. For the Markov model 

considered in this paper, the transitions out of the two transient health states are subjected to 

competing risks, meaning that the overall effect of the POCT device on the number of 

transitions from state i  to state j  does not only depend on the effect of this device on ijq but 

also on its effect on the other transition intensity out of state i .28 We therefore decided not to 

use hazard ratios to parameterize the transition intensities of the new care model in terms of 

the transition intensities of the current care model. Instead, we followed the approach taken by 

Soares et al.13 and parameterized the transition intensities of the new care model in terms of 

two directly observable quantities and elicited their absolute values and their uncertainty 

conditional on the mean values of these quantities under the current care setting. The mean 

values of these quantities under the current setting therefore served as reference values based 

on which the experts’ opinions were elicited. As the elicitation exercise was not repeated for 

different reference values, the underlying assumption of our approach is that an expert’s 

opinion on the new care transition intensities does not depend on the specific values of these 

intensities under the current care setting. Our approach may therefore not be valid when 

experts believe there is a large correlation between the current care and the new care transition 

intensities. 

In specifying the Markov model, we assumed that the transition intensities were 

homogeneous (e.g., independent of time) and constant across patients. One way to relax these 

assumptions would be to include time and patient characteristics as regressors within the same 

model structure.29 This would also result, however, in many more parameters to elicit and 

therefore seems less suitable for early-stage health economic modeling. In addition, there 

were only two experts who participated in the PE interviews. The resulting pooled distribution 

of the commercial headroom available may therefore not represent consensuses among a 

larger group of experts. A final important decision that has to be taken when combining PE 

with early health economic modeling is when the pooling of the different experts’ opinions 

has to be conducted. In our study, the probability distributions of the uPoI served as 

intermediate outcomes that were transformed into a probability distribution of the commercial 

headroom available per measurement, the main outcome of interest. We therefore decided to 

not directly pool the distributions of the uPoI but to postpone the pooling until the uncertainty 

in the model inputs was propagated to uncertainty in the modeled outcomes, resulting in both 

individual and aggregated distributions of the commercial headroom available per 

measurement. 

To conclude, this study illustrated by means of a case study how PE can be combined 

with early health economic modeling to obtain the probability distribution of the commercial 

headroom available to a new medical technology. By subsequently feeding this distribution in 

a formal product investment evaluation method, the decision to which markets a currently 

available prototype technology should being targeted, if any, can be taken in a more informed 

way, which should ultimately result in higher return on investment for all stakeholders. 
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Supplementary Material I: details of the elicitation exercise 

Method of data capture 

To capture the quantities of interest, two figures (Figure I & Figure II) describing how 

patients flow through the model’s health states under the current care setting were provided to 

the cardiologists. In particular, the following information was contained within these figures: 

1. Patients’ transition to the composite endpoint of hospital readmission or death within a 

1 year period;  

2. Patients’ transition to each individual outcome (hospital readmission and death) 

conditional on having left the discharged alive state within 1 year; 

3. Patients’ transition to the composite endpoint of discharged alive or death within a 10 

day period; 

4. Patients’ transition to each individual outcome (discharged alive and death) 

conditional on having left the hospital readmission state within 10 days. 

For example, Figure I shows that out of the 684 patients who started in the discharged alive 

from hospital state, 246 reached the combined endpoint of HF-related hospital readmission or 

death within 1 year of follow-up. Out of these patients, 89 had died and 157 had been 

hospitalized. In producing these numbers, we only considered a patient’s first transition out of 

the discharged alive from hospital state (i.e., the 89 deaths do not include patients who were 

admitted to hospital, then discharged alive, and subsequently died within 1 year of follow-up).  

Figure II contains exactly the same information but then expressed in terms of proportions 

rather than absolute numbers. Depending on whether a cardiologist felt more confident to 

think in terms of absolute numbers or proportions, several questions were posed to adjust 

these numbers to the new care setting. These questions are listed in the subsections below.  

Questions posed in terms of absolute numbers 

 QI (a): In the current care setting, out of the 246 patients who left the discharged alive 

from hospital state within a 1 year period, 89 died and 157 were readmitted to the 

hospital. Can you adjust these numbers to reflect the amount of events that you expect 

to observe after 1 year of follow-up under the new care setting? 

 QI (b): In the current care setting, out of the 86 patients who left the hospital 

readmission state within a 10 day period, 11 died and 75 were discharged alive. Can 

you adjust these numbers to reflect the amount of events that you expect to observe 

after 10 days of follow-up under the new care setting? 
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you adjust these numbers to reflect the amount of events that you expect to observe 
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 QI (c): Suppose that for the new care setting you will conduct 100 different 

experiments (n=684) to establish the amount of patients having reached the combined 

endpoint of HF-related hospital readmission or death after 1 year of follow-up. How 

many times would you expect the observed value to be larger (smaller) than 246? 

 QI (d): Suppose that for the new care setting you will conduct 100 different 

experiments (n=157) to establish the amount of patients having reached the combined 

endpoint of discharged alive or death after 10 days of follow-up. How many times 

would you expect the observed value to be larger (smaller) than 86? 

Questions posed in terms of proportions 

 QII (a): In the current care setting, out of all the patients who left the discharged alive 

from hospital state within a 1 year period, 36% died and 64% were readmitted to the 

hospital. Can you adjust these numbers to reflect the proportion of events that you 

expect to observe after 1 year of follow-up under the new care setting? 

 QII (b): In the current care setting, out of all the patients who left the hospital 

readmission state within a 10 day period, 13% died and 87% were discharged alive. 

Can you adjust these numbers to reflect the proportion of events that you expect to 

observe after 10 days of follow-up under the new care setting? 

 QII (c): In the current care setting, out of all the patients who started in the discharged 

alive from hospital state, 36% reached the combined endpoint of HF-related hospital 

readmission or death after 1 year of follow-up. In your opinion, what will be the most 

likely value of this proportion after 1 year of follow-up under the new care setting? 

 QII (d): In the current care setting, out of all the patients who entered in the hospital 

readmission state, 55% reached the combined endpoint of discharged alive from 

hospital or death after 10 days of follow-up. In your opinion, what will be the most 

likely value of this proportion after 10 days of follow-up under the new care setting? 

 QII (e): Suppose that for the new care setting you will conduct 100 different 

experiments to establish the proportion of patients having reached the combined 

endpoint of HF-related hospital readmission or death after 1 year of follow-up. How 

many times would you expect the observed value to be larger (smaller) than 36%? 

 QII (f): Suppose that for the new care setting you will conduct 100 different 

experiments to establish the proportion of patients having reached the combined 

endpoint of discharged alive or death after 10 days of follow-up. How many times 

would you expect the observed value to be larger (smaller) than 55%? 

 

 

 
 

Figure I: Current care model with the flow of patients expressed in absolute 

numbers 

 

 

 

Figure II: Current care model with the flow of patients expressed in proportions 
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Distribution fitting 

The answers provided to questions QI (a) and QI (b) or QII (a) and QII (b) directly resulted in 

point estimates of the transition probabilities ijp . To capture the uncertainty in the values of

)( ii tF , it was assumed that these parameters had a beta distribution. This allowed us to use 

the BetaBuster program  

(downloaded from http://www.epi.ucdavis.edu/diagnostictests/betabuster.html) to translate a 

cardiologist’s answers to the questions above into corresponding values of the Beta 

parameters. In particular, the answers to questions QI (a) and QI (b) or QII (c) and QII (d) 

were used to obtain the distributions’ modes, whereas the answers to the questions QI (c) and 

QI (d) or QII (e) and QII (f) were used to obtain one of the distributions’ percentiles. 

  

Supplementary Material II: results of the elicitation exercise 

 

 

 

 
 
 
 
  

 12p  13p  21p  23p  

Expert 1 0.625 0.375 --- --- 

Expert 2 0.68 0.32 0.93 0.07 
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ABSTRACT 

Aim: To show how the potential economic value of adding biomarkers to a prognostic model 

with demographic and clinical covariates can be evaluated using a case study in heart failure 

(HF) disease management. 

Methods: Patient-level 18-month mortality risks were predicted by both a prediction model 

which contains conventional risk predictors for HF-related outcomes and a model which 

contains three additional biomarkers: NT-proBNP, galectine, and troponin. A previously 

derived cut-off value of 0.16 was adopted to allocate an intensive form of disease 

management programs (DMP) to low-risk patients and a moderate form of DMP to 

intermediate to high-risk patients. The improved ability of risk classification after the 

incorporation of biomarkers was evaluated using the net reclassification improvement (NRI). 

Subsequently, a continuous-time semi-Markov model was developed to evaluate the potential 

economic value of the biomarkers through presenting the commercial headroom available, 

which is a price ceiling for which the intended clinical application of the new medical 

technology may be deemed cost-effective.   

Results: A significantly (P<0.001) improved risk stratification was established with 0.1814 

(95% confidence interval: 0.0926~0.2703) as the NRI estimate. Extending this finding for the 

base-case values of the decision model parameters, we found the commercial headroom 

available for the biomarkers to be €256 within a 5-year time horizon. This value was rather 

sensitive to the alteration of the risk thresholds to 0.1 and 0.2.    

Conclusions: The estimates of the available commercial headroom in several scenario 

analyses indicate considerable economic potential of the biomarkers to support personalized 

disease management in HF. 

  

7.1 INTRODUCTION 

Prognostic models are developed to predict the clinical outcomes associated with a specific 

disease over a given time period1-5, so that treatment selection decisions can be made in an 

informed manner. To ensure more unbiased prediction, such models are generally based on 

multiple demographic and clinical variables.6 However, given that prediction with simple and 

easy-to-use models has not been perfect, a considerable body of literature has appeared 

assessing the added prognostic value of including a single biomarker or a panel of biomarkers 

on top of the conventional risk factors.7-10 Such assessments generally assess the added value 

of those biomarkers in terms of improved risk prediction.11,12 However, because the need to 

take additional biomarker measurements results in a more expensive prognostic test, an 

assessment of model accuracy will not suffice to decide whether the newly added biomarkers 

have the potential to actually improve health outcomes at an affordable manner.13,14 This in 

fact suggests that cost-effectiveness analysis should be conducted to assess the economic 

value of biomarkers to enable more efficient allocation of the scarce health care resource.15 

The innovation of medical technology, i.e., a novel device for biomarker 

measurement, is often a costly and uncertain procedure14,16 in which early-stage assessment is 

important to conduct. Such assessment may aid in selecting out the favorable technology 

concepts for further development to reduce the chance of later-stage market failure and 

disinvestments.16 Early health economic modeling has recently been adopted to evaluate the 

potential economic value of innovative medical technologies.17-20 The main modeled outcome 

is a price ceiling for which the intended clinical application of the new medical technology 

may be deemed cost-effective.21,22 A recently developed approach20 provided a framework to 

illustrate how this upper cost bound, also known as the commercial headroom available, can 

be incorporated in assessing the potential economic value of a biomarker-based technology. 

Despite having been noticed as an important methodological extension to enable early-stage 

economic evaluations by two recently published systematic reviews16,23, there is still no 

published work to illustrate a direct application of this framework. In this study, we therefore 

aim to present a first application to assess to what extent the inclusion of a panel of 

biomarkers in heart failure (HF) might improve risk stratification through allocating 

personalized care while remaining affordable. 
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ABSTRACT 
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sensitive to the alteration of the risk thresholds to 0.1 and 0.2.    

Conclusions: The estimates of the available commercial headroom in several scenario 

analyses indicate considerable economic potential of the biomarkers to support personalized 

disease management in HF. 

  

7.1 INTRODUCTION 

Prognostic models are developed to predict the clinical outcomes associated with a specific 

disease over a given time period1-5, so that treatment selection decisions can be made in an 

informed manner. To ensure more unbiased prediction, such models are generally based on 

multiple demographic and clinical variables.6 However, given that prediction with simple and 

easy-to-use models has not been perfect, a considerable body of literature has appeared 

assessing the added prognostic value of including a single biomarker or a panel of biomarkers 

on top of the conventional risk factors.7-10 Such assessments generally assess the added value 

of those biomarkers in terms of improved risk prediction.11,12 However, because the need to 

take additional biomarker measurements results in a more expensive prognostic test, an 

assessment of model accuracy will not suffice to decide whether the newly added biomarkers 

have the potential to actually improve health outcomes at an affordable manner.13,14 This in 

fact suggests that cost-effectiveness analysis should be conducted to assess the economic 

value of biomarkers to enable more efficient allocation of the scarce health care resource.15 

The innovation of medical technology, i.e., a novel device for biomarker 

measurement, is often a costly and uncertain procedure14,16 in which early-stage assessment is 

important to conduct. Such assessment may aid in selecting out the favorable technology 

concepts for further development to reduce the chance of later-stage market failure and 

disinvestments.16 Early health economic modeling has recently been adopted to evaluate the 

potential economic value of innovative medical technologies.17-20 The main modeled outcome 

is a price ceiling for which the intended clinical application of the new medical technology 
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biomarkers in heart failure (HF) might improve risk stratification through allocating 

personalized care while remaining affordable. 
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7.2 METHODS 

7.2.1 Study cohort 

The clinical evidence of this study was collected in a prospective observational cohort study 

included in TRanslational Initiative on Unique and novel strategies for Management of 

Patients with Heart failure (TRIUMPH).24 TRIUMPH was a program to identify novel 

biomarkers and molecular imaging modalities to innovate heart failure diagnosis, 

prognostication, and disease management by combining large-scale biological discovery with 

technologic advances. After the selection of a panel of novel biomarkers, which successfully 

passed the bioinformatics and early pre-clinical validation, this cohort study aimed to evaluate 

the clinical value of such biomarkers. All patients recruited were 18 years or older and had 

evidence of sustained systolic or diastolic left ventricular dysfunction as shown on 

echocardiography. Out of the 475 patients admitted to hospital with a diagnosis of acute HF, 

454 were discharged alive and followed for a maximum of 400 days after having signed the 

inform consent. This latter group of patients forms the study population for this paper. The 

main endpoints of this study were time to the combined outcome death or hospital 

readmission because of HF, and time to each single endpoint. 

 

7.2.2 Risk prediction and added prognostic value assessment  

The 18-month mortality risk was predicted using a log-normal survival model with multiple 

risk factors that are commonly used for predicting HF-related outcomes. Age, gender, systolic 

blood pressure (SBP), body mass index (BMI), history of previous HF admission, history of 

ischemic HF, and comorbidity of diabetes were selected as the predictors to be included in the 

conventional clinical risk prediction model (referred to as conventional risk model hereafter). 

Baseline values of N-terminal prohormone brain natriuretic peptide (NT-proBNP), galectine 

and troponin were selected as the biomarkers potentially marking additional risk in the 

prediction model. SBP and BMI were measured at admission and biomarker values were 

included as the measurement conducted within 48 hours prior to or after hospital discharge. 

Most continuous variables were entered as linear terms, except for NT-proBNP and troponin, 

which were log transformed. Missing values on these predictor variables were dealt with 

using multiple imputation.25 Mortality risk was calculated by taking the average of the risk 

values predicted from each of the imputed datasets. A threshold value of 0.16 for 18-month 

mortality risk was adopted to stratify patients into low-risk and intermediate to high-risk 

subgroups for both the conventional risk model and the prediction model which includes 

biomarkers (referred to as biomarker risk model hereafter). This value was attained in a 

previous study26 in which the allocation of an intensive form of HF disease management 

program (DMP) to low-risk patients and a moderate form of DMP to intermediate to high-risk 

patients was found to be more cost-effective than different one-size-fits-all strategies offered 

to the entire patient population. The improved risk stratification attained after incorporating 

biomarkers was assessed based on the incremental ability of an individual’s risk modification. 

This was achieved through calculating the net reclassification improvement (NRI) from the 

reclassification table with 0.16 as the cut-off value. 

 

 

Figure 1: Schematic representation of the structure of our decision model  

 

7.2.3 Decision model structure, parameter estimation, and model validation  

To estimate the expected health effect and costs of assigning different interventions to 

different subgroups of patients, we developed a continuous-time homogeneous semi-Markov 

model (HSMM)27,28 with the following three health states (Figure 1): discharged alive (state 

1), HF-related hospital readmission (state 2), and dead (state 3). The specification, parameter 

estimation and evaluation of this model was conducted using vertical modeling formulation29 

based on a previously suggested framework.28 Weibull survival models were used to estimate 

the cumulative distribution functions of the sojourn time u in both state 1 and state 2 (

2,1),( iuFi ). Conditional on time elapsed prior to making a transition, the probabilities of the 

next state visited, also referred to as the future state probabilities ( jijiuij  ;3,2,1;2,1),( ), 
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were estimated by fitting logistic regression models to the observed outcomes of out-of-

hospital death and in-hospital death. Possible non-linear relationships between the sojourn 

time and these two probabilities were assessed based on fractional polynomials.30,31 The 

patient subgroup indicator G was incorporated as the covariate in estimating )(1 uF , )(2 uF , 

and )(13 u . )(23 u was assumed not to differ among patients as the observed in-hospital 

mortality was relatively low for the entire patient population. The specific subgroups 

corresponding to different values of G were depicted as follows: G=1 when patients were 

classified as low-risk based on the two risk prediction models; G=2 when patients were 

classified as low-risk based on the clinical risk model and intermediate to high-risk based on 

the biomarker risk model; G=3 when patients were classified as intermediate to high-risk 

based on the clinical risk model and low-risk based on the biomarker risk model; G=4 when 

patients were classified as intermediate to high-risk based on the two risk prediction models. 

The content and structure of the two hypothetical interventions of this study were assumed to 

be the same as the two nurse-led DMPs (i.e., moderate form and intensive form) included in 

the previous study26 to derive the threshold risk value. The effect of the intervention was only 

incorporated in the Weibull survival function when estimating )(1 uF . Model performance 

regarding overall survival was internally validated by comparing the predicted (average across 

100,000 simulation runs) to the observed empirical 400-day (Kaplan-Meier estimate) survival 

curves. 

 

7.2.4 Headroom analysis 

The commercial headroom available of the biomarkers can be estimated as  
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where  denotes the willingness-to-pay (WTP) threshold and klf denotes the proportion of the 

patients who were risk-reclassified (i.e., when their group indicators G were shown to be 

either 2 or 3) out of the entire patient population. 
i
klt

klc and 
i
klt

kle denotes the average cost and 

health effect when assigning intervention i
klt to the patients who were risk-reclassified. The 

indicator i in i
klt  denotes whether the treatment needs to be assigned based on the 18-month 

mortality predicted using the clinical risk model (i=1) or the biomarker risk model (i=2). For 

patients remaining in the same risk groups (i.e., when their group indicators G were shown to 

be either 1 or 4), the addition of biomarkers did not alter the recommended therapy.  

 

7.2.4.1 Base-case scenario 

A fixed out-of-hospital follow-up frequency for both interventions was assumed for our study. 

The resulting cost associated with the discharged alive state was equal to €1.56 per day for the 

moderate support DMP and €2.34 per day for the intensive support DMP.26 The cost 

associated with the HF-related hospital readmission state was set equal to €769 per day.32 

Following the risk-stratified treatment recommendation33 developed previously, the moderate 

support needs to be assigned to intermediate to high-risk patients and the intensive support to 

low-risk patients within both reclassified risk groups. The hazard ratios between 2
klt  and 1

klt  

were assumed to be 1.1 when G=2 and 0.9 when G=3 as base-case values to reflect the 

corresponding treatment allocations. The expected values of the health effects and costs were 

estimated by repeating the simulation process 100,000 times as suggested for our type of 

model28 with the discharged alive state as the starting state and survival time as the measure 

of health effect. The time horizon for this study was set at 5 years. Future costs and life years 

were discounted at an annual rate of 4% and 1.5% following the Dutch manual for costing.34 

The WTP threshold was assumed to be €20,000. 

 

7.2.4.2 Sensitivity analyses 

Sensitivity analyses were preformed to investigate how the estimate of the commercial 

headroom available might be influenced by altering some of the model input parameters. 

Besides the risk threshold value of 0.16 for the base-case scenario, these values were assumed 

to be altered to 0.10 and 0.20. Also, different hazard ratios were assigned instead of the base-

case assumption of the treatment effect. 
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7.3 RESULTS 

7.3.1 Patient characteristics  

During the follow-up period, 167 patients (37%) reached the combined endpoint of HF 

readmission or death, out of whom 123 patients (74%) were readmitted because of HF. A 

total number of 176 hospital readmissions were recorded with a median duration of 9 days 

(lower and upper quartile: 5~15 days) in hospital. There were 92 (20%) patients who died 

within the follow-up period of whom 15 (16%) in hospital. The observed incidence of in-

hospital mortality was 9%. 

Table 1 summarizes the baseline characteristics for the entire patient population and 

for the subgroups divided by whether they have reached the combined endpoint of HF 

readmission or death. Compared to patients with an event, the patients without an event were 

younger, more likely to be female, and were less likely to suffer from diabetes and to be 

previously admitted because of HF. In addition, their biomarker values were relatively low.  

 

7.3.2 Added prognostic value of biomarkers 

Table 2 depicts the subpopulations of the risk classifications when using the two risk 

prediction models. Most patients (60%) were classified as intermediate to high-risk based on 

the risk predicted using either model. Out of the entire population the proportions with the 

upward and downward risk reclassification when switching from the clinical risk model to the 

biomarker risk model comprised 6% and 15% respectively. Based on this table, the NRI was 

estimated as 0.1814 (95% confidence interval: 0.0926~0.2703). This indicates that addition of 

biomarkers significantly improved risk classification (P<0.001) for a net of 18% of 

individuals. 

 

7.3.3 Model derivation and validation 

The model parameter estimation results are presented in Table 3. The interaction terms 

between the group indicator G and the sojourn time in both logistic regression models did not 

reach statistical significance (P≤0.05). A significant non-linear relationship was found 

between the out-of-hospital sojourn time and the log-odds of the out-of-hospital death. The 

relationship between the log-odds of the in-hospital mortality and the sojourn time in hospital 

was however found not to be significant. The latter probability was therefore assumed to be a 

constant with an estimated value of 0.09 for all patient subgroups. As is shown in Figure 2, 

the predicted survival curves obtained from our decision model closely resembled the 

observed survival curves. 

 

7.3.4 Headroom analysis  

For the base-case values of the model parameters, we found the commercial headroom 

available of the biomarkers to be equal to €256. This indicates that the incorporation of 

different biomarkers may be deemed a potentially cost-effective improvement of risk 

stratification, i.e., the recommended therapy and downstream costs remain within the WTP 

range when the costs of the corresponding biomarkers remain less than this amount. As 

shown in Table 4, the amount of headroom decreases when there is no incremental health gain 

(i.e., hazard ratio=1) due to the increasing level of care. Higher headroom values were 

obtained with increasing treatment effects. In addition, the amount of headroom was prone to 

change across different risk thresholds. When the cut-off value increased to 0.20, the amount 

of headroom increased indicating more optimistic investment decisions. However, it might 

not be viable for further technology development if the cut-off value would decrease to 0.10.  
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Table 1: Patient baseline characteristics for the entire population and for the subgroups divided by 
whether they have reached the combined endpoint of HF readmission or death 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2: Risk reclassification table when using both risk prediction models 

Variables* 
Reached combined 

endpoint 

Not reached 

combined endpoint 
Overall sample 

N 

Age, years 

Female sex 

SBP, mmHg 

BMI, kg/m2 

History of previous HF 

admission 

History of ischemic HF 

Comorbidity of diabetes 

NT-proBNP, pg/mL 

Galectine, ng/mL 

Troponin, ng/mL 

167 

72±12 

37% 

126±26 

29±6 

32% 

 

55% 

42% 

4140 (7066) 

30±11 

45 (54) 

287 

70±13 

38% 

135±30 

28±5 

12% 

 

43% 

33% 

1954 (2863) 

23±10 
 

30 (42) 

454 
 

71±13 
 

37% 
 

131±29 
 

28±6 
 

20% 
 
 
 

48% 
 

36% 
 

2368 (4245) 
 

26±11 
 

33(46) 

*Continuous variables are presented as mean ± standard deviation or median (interquartile range) and 
categorical variables are presented as percentages. 
 
Abbreviations: SBP, systolic blood pressure; BMI, body-mass index; HF, heart failure; NT-proBNP, N-
terminal pro brain natriuretic peptide. 

 

 

Predicted risk using biomarker risk 

model 

Low risk Intermediate to high risk 

 

Predicted risk using 

conventional risk model 

 

Low risk 

Intermediate to 

high risk 

 

89 (20%) 

66 (15%) 

 

 

25 (6%) 

274 (60%) 

 

Table 3: The specification of the regression models and the results of the parameter estimation for our 
decision model 
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F1(u) 
G=1 
G=2 
G=3 
G=4 

 
F2(u) 
G=1 
G=2 
G=3 
G=4 

 
π13(u) 
G=1 
G=2 
G=3 
G=4 

 

π23 
 
 

 
-0.55 (0.06) 
-0.55 (0.06) 
-0.55 (0.06) 
-0.55 (0.06) 
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-1.52 (0.65) 
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-1.52 (0.65) 
-1.52 (0.65) 

 
-2.37 (0.27) 
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1.67 (0.35) 
0.57 (0.34) 
1.56 (0.27) 

 
 
0 

-0.23 (0.43) 
0.09 (0.37) 
-0.30 (0.30) 

 
 
 

1.05 (0.81) 
-1.55 (1.22) 
0.61 (0.67) 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

0.03 (0.01) 
0.03 (0.01) 
0.03 (0.01) 
0.03 (0.01) 
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Figure 2: Observed versus predicted survival curves for patients whose risks were not reclassified (left), 
and for patients whose risks were reclassified (right) when switching from the clinical risk model to the 
biomarker risk model. The grey area band widths reflect the 95% confidence intervals of the observed 
survival curves. 

Table 4: Results of the headroom analysis 

 Hazard ratios between interventions 
when risk groups were upward 

reclassified (G=2);  All scenarios 

1 1.1 1.2 

Base-case (cut-off=0.16) 
Hazard ratios between 

interventions when risk groups 
were downward reclassified 

(G=3) 

 
0.8 
0.9 
1 

 
226 
40 

-153 

 
442 
256 
63 

 
623 
437 
244 

Cut-off=0.20 
Hazard ratios between 

interventions when risk groups 
were downward reclassified 

(G=3) 

 
0.8 
0.9 
1 

 
346 
104 
-107 

 
627 
385 
174 

 
896 
654 
443 

Cut-off=0.10 
Hazard ratios between 

interventions when risk groups 
were downward reclassified 

(G=3) 

 
0.8 
0.9 
1 

 
38 
-62 
-138 

 
50 
-50 
-126 

 
61 
-38 
-114 

7.4 DISCUSSION 

Currently, the interest in innovative medical technologies (i.e., medical devices, 

biotechnologies, information technologies) which enable more tailored patient care is raising 

sharply.35-37 High numbers of novel biomarkers have been identified, yet, their translational 

abilities, i.e., going from bench to bedside, have hardly been assessed in rigorous evaluation 

phases.13,38 Particularly, the investigation of the emerging role of biomarkers to improve 

personalized care at affordable cost largely remained in conceptual phase. This study presents 

a first application of a previously developed method20 to provide exemplary insight into early 

assessment opportunities using a case study in HF disease management. 

A significantly improved risk stratification was detected when adding multiple 

biomarkers to the risk prediction model developed in this study. This improvement may 

contribute to the further development of a practical test procedure incorporating these 

biomarkers. The innovative medical technology foreseen may be economically and financially 

viable. This is because of the available commercial headroom estimated appeared to be 

considerable in several scenario analyses of this study. Note, however, that we have shown 

that the amounts of headroom were rather sensitive when altering the risk thresholds. The 

main results of our study should be interpreted cautiously. First, a generally accepted 

threshold to generate a risk-stratified treatment recommendation is still lacking for HF disease 

management. We therefore adopted the risk threshold and treatment recommendation derived 

in a previous study.26 As the threshold was developed in a different HF population, we 

performed sensitivity analyses to show how the estimates of commercial headroom available 

might be influenced by different threshold values when assuming the same risk-stratified 

treatment recommendation. Strictly speaking, the same graphical approach to develop a 

treatment recommendation that was previously adopted may be applied again to validate 

whether such recommendation can be generalized to a different population. However, the data 

required to enable such a development was not complete for the population considered in this 

study. Secondly, the clinical data in this study was obtained from an observational study with 

no interventions. We therefore implicitly assumed that the content and structure and effect of 

the interventions considered in this study would be similar to those of the two nurse-led 

DMPs considered in the study from which we derived the treatment recommendation. Such 

evidence scarcity from clinical data is a major complication when assessing the potential 

economic value of new medical technologies.16,19,39 Different scenario analyses were therefore 

conducted to assess how estimates of the commercial headroom available were influenced by 

altering the hazard ratios between interventions. 
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required to enable such a development was not complete for the population considered in this 

study. Secondly, the clinical data in this study was obtained from an observational study with 

no interventions. We therefore implicitly assumed that the content and structure and effect of 

the interventions considered in this study would be similar to those of the two nurse-led 

DMPs considered in the study from which we derived the treatment recommendation. Such 

evidence scarcity from clinical data is a major complication when assessing the potential 

economic value of new medical technologies.16,19,39 Different scenario analyses were therefore 

conducted to assess how estimates of the commercial headroom available were influenced by 

altering the hazard ratios between interventions. 
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The innovation of medical technology is always costly and uncertain which requires 

proper methods applied at appropriate development stages to support timely investment and 

reimbursement decisions.18,40,41 The classical economic evaluation is conducted after 

synthesizing appropriate evidence from clinical trials. This serves reimbursement decision 

making on fully developed medical technologies in their targeted markets.17,20 The early-stage 

economic evaluation is of utmost importance to support prioritizing promising prototypes for 

further development of full products. Early health economic modeling is one of the evaluation 

methods that has been proposed when the potential application of a new medical technology 

is foreseen in its targeted clinical setting.19 For instance, the future clinical adoption 

considered in this study is a test-kit/molecular tool, which offers simultaneous measurement 

of a panel of biomarkers with the goal to ultimately improve HF disease management. One of 

the goals of such novel technology might be to accelerate the development of novel 

pharmaceutical interventions adding to personalized medicine. However, the use of early 

health economic modeling is not recommended at the very early stage of technology-driven 

innovations, when there are still many technical solution principles and/or target markets left 

to choose from.19,42 A recent study43 introduced multi-criteria decision analysis (MCDA) in 

support of very early-stage evaluation when the innovation is too uncertain to be assessed 

using more quantitative tools (i.e., early health economic modeling). Such very early-stage 

evidence can subsequently be incorporated into more quantitative evaluations18,21 to support 

later-stage investment decision making. 

To conclude, this paper presents an approach to early assessment of the market 

potential biomarkers when applied in personalized treatment. Assessing and appraising the 

potential economic value of multiple biomarkers in personalized HF disease management 

offered an opportunity to apply and scrutinize new methods. The generalizability of our 

findings and our proposed method need to be validated in other studies. A practical limitation 

is that the biomarkers considered in this study were only measured at baseline. In future 

studies one might consider assessing the merits of serial biomarker measurements during 

follow-up, which might further improve risk stratification. Notably, a repeated measure 

implies additional costs which will have an effect on the commercial headroom available.  
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8.1 INTRODUCTION 

Treatment selection based on average effects observed in potentially heterogeneous entire 

target populations (i.e., one-size-fits-all) masks variation among patients and may result in 

suboptimal decision making.1-6 Personalized medicine aims to improve outcomes by 

providing more tailored and individualized health care to patients.7-9 This however requires 

more extensive patient profiling and adds to costs. More elaborate profiling has a cost, and, 

moreover, treatment as such may become more costly given that the price of medication is 

likely to increase as target populations decrease. Evaluating whether the expected gain in 

clinical outcomes outweigh the cost of additional diagnostic or prognostic tests is therefore 

essential if one wants to optimize the use of the scarce health care resources. The novel 

modeling approaches introduced in this thesis can both be applied at late-stage to support 

health policy makers in determining whether a new biomarker test should be reimbursed, and 

at early-stage to assist technology developers in making considered investment decisions. 

 

  

8.2 SUMMARY OF THE MAIN FINDINGS 

8.2.1 Development of risk-stratified treatment recommendations  

The first part of this thesis consists of two studies to illustrate how a risk-stratified treatment 

recommendation10 may be developed. Chapter 2 presents a specific example of how to 

develop a risk prediction model11-13 to estimate patient-level risk. The clinical outcomes of 

interest were the 10-year cumulative incidences of new onset heart failure (HF) with reduced 

and preserved ejection fraction (HFrEF and HFpEF). Twenty-one risk factors including 

several biomarkers were included as prognostic covariates. A graphical display of the mean 

predicted risk against observed risk within each decile of predicted risk indicated a good 

calibration for both HF outcomes. The discriminative accuracy of this model was moderate 

for the HFrEF outcome with a value of the c statistic of 0.70 and poor for the HFpEF outcome 

with a c statistic of 0.60. This study indicated that it is currently still very difficult to predict 

new onset of HF, even when using a multivariable risk prediction model that already 

incorporates several biomarkers.  

In chapter 3, we introduced an approach to develop a risk-stratified treatment 

recommendation for a randomized controlled trial after synthesizing patient-level data from 

different sources of evidence. Such evidence includes the predicted risks captured from 

multivariable risk prediction model and the net monetary benefit (NMB) estimates.14 The risk 

threshold to generate the treatment recommendation can then be explored and determined 

using Subpopulation Treatment Effect Pattern Plot (STEPP)15,16, a novel graphical 

methodology to explore the treatment cost-effectiveness modification along with the 

continuum of patient-level risk. We illustrated this methodology in a case study of HF disease 

management. Our proposed risk-stratified treatment recommendation significantly improved 

clinical outcome and reduced costs compared to the strategies to treat all patients with the 

same management programs. This finding indicates the potential value of personalized 

medicine in HF care, i.e., builds a case for optimal decision making. 

 

8.2.2 Quantification of the added value of including biomarkers  

The second part of this thesis consists of four studies in which the potential added value of 

biomarkers in personalized HF care was examined. First, chapter 417 investigated the clinical 

determinants and added prognostic value of HE4, which is a novel biomarker that has not 
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determinants and added prognostic value of HE4, which is a novel biomarker that has not 
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previously been described in HF. This biomarker was found to be strongly associated with HF 

severity and outcome. The association was independent of other established risk factors for 

poor outcome in HF. The addition of HE4 to commonly used clinical parameters to predict 

HF-related outcomes resulted in a significant reclassification and improved stratification 

when estimating both continuous net reclassification improvement (NRI) and integrated 

discrimination improvement (IDI).18 This improvement was comparable to the improvement 

achieved when brain natriuretic peptide (BNP) was added to the same set of clinical 

parameters. It indicates that HE4 is a strong and independent prognostic biomarker for HF-

related outcomes in our study population. A potential clinical utility and cost-effectiveness of 

HE4 or a panel of biomarkers includes HE4 to improve HF disease management needs to be 

further evaluated. Ideally, such evaluation of multiple biomarkers needs to be conducted when 

there is evidence available from the studies structured similar as this one to evaluate the added 

predicted value of each biomarker.  

To support the quantification of the potential added value of biomarkers from a health 

economic perspective, chapter 519 introduced the reader to the continuous-time semi-Markov 

model.20,21 Compared to the generally applied Markov models22,23, this type of model includes 

the time dependency between the elapsed time within the current health state and the future 

state transition. This inclusion results in a more parsimonious reflection of patients’ disease 

progression when suffering from complex medical procedure. Importantly, a first introduction 

of vertical modeling24 to specify health economic models was presented. The main advantage 

of this formulation compared to others25,26 is that it contains more interpretable model entities. 

Thus the parameter estimation and evaluation can be conducted in a more straightforward way 

while computational complexity remained limited. The use of vertical modeling may be 

recommended when patient-level data is available from clinical trials, and when the elapsed 

time within each health state is either observed exactly or subject to right-censoring. 

A direct application of vertical modeling in early-stage health economic modeling was 

presented in chapter 627, where we set out to determine the commercial headroom 

available28,29 for a novel point-of-care testing device in the disease management of HF. 

Probability elicitation (PE)30,31 was adopted to capture the distributions of experts’ opinions 

with regard to the anticipated clinical performance of this novel medical technology. Such 

distributions contributed to generate the distribution of the commercial headroom available to 

inform further investment decision making. It was concluded that compared to the current 

care situation, in which the patients were followed by cardiologist and HF nurses, it may not 

be economically profitable to further invest on this device prototype assuming an intended 

daily measurement frequency within five years.  

Applying and extending a well-structured innovative approach32, chapter 7 evaluated 

the potential cost-effectiveness of biomarkers in personalized HF disease management. Two 

multivariable risk prediction models were firstly developed to estimate the patient-level risk 

with or without the incorporation of biomarkers. A significantly (P<0.001) improved ability 

of risk classification contributed by these biomarkers was detected after evaluating the NRI. 

Our previously developed risk-stratified treatment recommendation (from chapter 3) was 

adopted to identify the personalized management strategies based on the risk predicted by 

both models. Early-stage health economic modeling with the same model structure as 

introduced in chapter 5 was used to evaluate the commercial headroom available of the 

biomarkers. Such headroom values were found to be considerable to advice further 

development of a practical test procedure incorporating these biomarkers. The results from 

different scenario analyses indicated that the estimates of the commercial headroom available 

were sensitive to different cut-off values assigned to stratify patients into different risk 

groups. 

 

  



8

General discussion

155

previously been described in HF. This biomarker was found to be strongly associated with HF 

severity and outcome. The association was independent of other established risk factors for 

poor outcome in HF. The addition of HE4 to commonly used clinical parameters to predict 

HF-related outcomes resulted in a significant reclassification and improved stratification 

when estimating both continuous net reclassification improvement (NRI) and integrated 

discrimination improvement (IDI).18 This improvement was comparable to the improvement 

achieved when brain natriuretic peptide (BNP) was added to the same set of clinical 

parameters. It indicates that HE4 is a strong and independent prognostic biomarker for HF-

related outcomes in our study population. A potential clinical utility and cost-effectiveness of 

HE4 or a panel of biomarkers includes HE4 to improve HF disease management needs to be 

further evaluated. Ideally, such evaluation of multiple biomarkers needs to be conducted when 

there is evidence available from the studies structured similar as this one to evaluate the added 

predicted value of each biomarker.  

To support the quantification of the potential added value of biomarkers from a health 

economic perspective, chapter 519 introduced the reader to the continuous-time semi-Markov 

model.20,21 Compared to the generally applied Markov models22,23, this type of model includes 

the time dependency between the elapsed time within the current health state and the future 

state transition. This inclusion results in a more parsimonious reflection of patients’ disease 

progression when suffering from complex medical procedure. Importantly, a first introduction 

of vertical modeling24 to specify health economic models was presented. The main advantage 

of this formulation compared to others25,26 is that it contains more interpretable model entities. 

Thus the parameter estimation and evaluation can be conducted in a more straightforward way 

while computational complexity remained limited. The use of vertical modeling may be 

recommended when patient-level data is available from clinical trials, and when the elapsed 

time within each health state is either observed exactly or subject to right-censoring. 

A direct application of vertical modeling in early-stage health economic modeling was 

presented in chapter 627, where we set out to determine the commercial headroom 

available28,29 for a novel point-of-care testing device in the disease management of HF. 

Probability elicitation (PE)30,31 was adopted to capture the distributions of experts’ opinions 

with regard to the anticipated clinical performance of this novel medical technology. Such 

distributions contributed to generate the distribution of the commercial headroom available to 

inform further investment decision making. It was concluded that compared to the current 

care situation, in which the patients were followed by cardiologist and HF nurses, it may not 

be economically profitable to further invest on this device prototype assuming an intended 

daily measurement frequency within five years.  

Applying and extending a well-structured innovative approach32, chapter 7 evaluated 

the potential cost-effectiveness of biomarkers in personalized HF disease management. Two 

multivariable risk prediction models were firstly developed to estimate the patient-level risk 

with or without the incorporation of biomarkers. A significantly (P<0.001) improved ability 

of risk classification contributed by these biomarkers was detected after evaluating the NRI. 

Our previously developed risk-stratified treatment recommendation (from chapter 3) was 

adopted to identify the personalized management strategies based on the risk predicted by 

both models. Early-stage health economic modeling with the same model structure as 

introduced in chapter 5 was used to evaluate the commercial headroom available of the 

biomarkers. Such headroom values were found to be considerable to advice further 

development of a practical test procedure incorporating these biomarkers. The results from 

different scenario analyses indicated that the estimates of the commercial headroom available 

were sensitive to different cut-off values assigned to stratify patients into different risk 

groups. 

 

  



Chapter 8

156

8.3 METHODOLOGICAL CONSIDERATIONS 

8.3.1 Patient heterogeneity in economic evaluation  

To support the development of risk-stratified treatment recommendations in a health 

economic setting, it is crucial to realize that patient heterogeneity, defined as the variation of 

patients explained by their clinical characteristics33-35, cannot be examined and approached 

similar to how this is generally done in clinical studies.1 In clinical studies, it is common 

practice to investigate whether such variation among patients persists in treatment effect. 

Typically, this is expressed in terms of relative risks, odds ratios or hazard ratios.4,36 In health 

economic settings, however, patient heterogeneity may have profound impact on the 

additional parameters involved, such as resource utilization and health state utility. Ignoring 

or inadequately acknowledging these parameters may lead to health benefits foregone or 

suboptimal use of scarce resources.4,5 STEPP, the novel graphical method proposed in this 

thesis, uses the difference of patient-level net monetary benefit (NMB) to measure the cost-

effectiveness of different treatment regimens. The threshold to generate the risk-stratified 

treatment recommendations can then be explored and determined after visualizing how the 

pattern of differences in NMB varies as a function of the patient-level risk. This therefore 

resulted in optimal treatment recommendations as such a development process takes into 

account how to properly examine and approach patient heterogeneity in health economic 

settings. 

 

8.3.2 Early-stage health economic modeling  

Worldwide, large amounts of resources are being invested in the research and development of 

new medical technology. This poses high and diverse demands from different stakeholders to 

be informed whether actual returns on these investments may be expected.37,38 Governments 

are particularly concerned about the benefits of spending public resources, while investors 

need to be informed about the commercial potential of such technologies given regulatory 

constraints. In line with the latter, academia is expected to focus on issues that would yield 

maximal societal benefit of public funding. Although more and more new medical 

technologies are developed, there are only a few launched to the market.38 This is because the 

development phases of these new technologies are quite costly and uncertain. Late-stage 

evaluations of their cost-effectiveness makes it impossible to rank order and prioritize 

innovations and push forward the potentially valuable, i.e., promising ones for further 

development. Early-stage assessment of the potential cost-effectiveness during the 

development phases of the new medical technologies is therefore desired. Using such 

evaluations, it becomes less likely that new technologies ultimately become market failures 

and more likely to gain access to their intended markets.  

A major complication in conducting early-stage health economic evaluations is that 

evidence regarding the clinical performance of the new technology is usually scarce or even 

missing.39 This evidence scarcity leads to high uncertainty in some of the model inputs to 

evaluate the commercial headroom available. Different approaches exist to deal with the lack 

of evidence in early-stage health economic modeling. Experts’ beliefs in a new technology’s 

intended clinical performance can be elicited through semi-structured interviews to 

quantitatively capture their opinions as probability distributions. Such distributions were then 

incorporated in the decision model to reflect the model parameter uncertainty and to 

propagate the probability distribution of the commercial headroom available. The evidence 

scarcity can also be dealt with by performing scenario analyses with different assumptions of 

the unknown model parameters. Deterministic sensitivity analysis was then used to 

investigate how the estimates of commercial headroom available can be influenced in each 

scenario.  

The main advantage of using PE, although in a more complex way compared to the 

use of the deterministic approach, is that the resulting distribution of commercial headroom 

available can be included in some formal decision support methods40 to support product 

investment decision making. However, as this approach includes the elicitation of subjective 

opinions and the transformation of such opinions into probability distributions, we only 

recommend its use when the unknown parameters are relatively easy to interpret. For 

instance, we found in the try-out interview of our case study that the elicitation of the point 

estimate and its corresponding uncertainty of disease incidence can be conducted in a more 

straightforward way compared to the elicitation of such values of relative risk or hazard ratio. 

Another crucial aspect that needs to be taken into account is that the use of PE depends on to 

what extent the evidence that is already available can support the experts in speculating the 

unknown model parameters. For instance, a rather straightforward clinical setting was 

introduced in our case study that used PE. This includes the clinical evidence available from 

current practice and the biomarker-guided therapy selected as the comparative treatment 

regimen with unknown clinical performance. Experts were then provided with some reference 
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values to reflect the disease progression of the patients who received conventional care (i.e., 

how many patients have left the current health state within a specific amount of time, how 

many out of these patients ultimately died). It was shown that this helped them to speculate 

how the disease progresses when the new technology would be incorporated.27,41 On the other 

hand, instead of PE, the deterministic approach was used in our other case study. The 

unknown model parameter of that study was the treatment effect of a hypothetical 

intervention described in terms of hazard ratio. It is nearly impossible to recruit corresponding 

experts and ask them to make meaningful speculations regarding this parameter based on the 

reference value from the readily available evidence (i.e., NRI estimation of the added 

biomarkers, patient characteristics). The difficulty of such an elicitation can be specified when 

expecting answers on questions like: “In general, to what extent do you think a more intensive 

management strategy reduces the mortality of HF patients compared to a moderate strategy?”, 

and subsequently, “Can you quantify this reduction in terms of a hazard ratio?”.  

 

  

8.4 LIMITATIONS AND FUTURE DIRECTIONS   

8.4.1 Development of risk-stratified treatment recommendations   

The main limitation of using STEPP to develop a risk-stratified treatment recommendation is 

that the selected treatment threshold may be data-driven. For instance, the results might be 

conditional on the value assumed for the willingness-to-pay threshold. This is also one of the 

debates among health economists regarding the use of NMB in general.42 To further verify the 

determination of the treatment threshold, we therefore recommend either our use of a formal 

quantification method2 or the use of sensitivity analysis, for instance, to repeat the graphical 

approach for different values of the willingness-to-pay threshold. In addition, patient 

preference was also suggested to be an important factor to be considered when developing the 

risk-stratified treatment recommendations.1,10 This was not considered in our application of 

the graphical approach. Future research should therefore be directed towards including formal 

techniques to elicit benefit-risk preference data from patients and subsequently incorporate 

such evidence in our proposed graphical approach or approaches alike to ensure more 

optimized and balanced decision making.    

 

8.4.2 Serial biomarker measurements for dynamic risk prediction 

One main limitation of the work presented in this thesis is that all the biomarkers considered 

were only measured at baseline. Nowadays more and more research suggest to investigate not 

only single but also serial measurements during follow-up to see if any improved prediction 

appears for disease occurrence and disease-related outcomes.43-47 For example, de Filippi et 

al.43 reported significant improvements in area under the receiver operating characteristic 

curve when adding follow-up N-terminal pro-B-type natriuretic peptide (NT-proBNP) 

measurements in the prediction model compared to only incorporating the baseline 

measurement (from 0.78 to 0.80 for incidence prediction of new HF onset & from 0.79 to 

0.81 for prediction of cardiovascular death). Similarly, Motiwala et al.46 found a significantly 

improved prediction of time to first cardiovascular event when comparing the combination of 

a baseline galectin-3 value and a measurement at 6 months to the baseline measurement alone. 

A joint modeling framework for longitudinal and time-to-event data has been proposed to 

assess the added predictive value of serial biomarker measurements.48,49 Such a framework is 

able to display how the trajectory of the variable biomarker values is directly associated with 

clinical outcomes. This provides more comprehensive and reliable information to investigate 

the clinical value of a specific biomarker compared to only incorporating a fixed measurement 
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as elevated biomarker levels are normally associated with increased risk of a specific disease 

or disease-related outcomes. As the serial measurement itself is a costly process, one of the 

open issues that requires further investigation is that what is the optimal measurement 

frequency and timing to enable dynamic risk prediction. In the meantime, challenges remain 

to further assess the potential clinical utility and economic value of serial biomarker 

measurements in personalized medicine. Future studies may therefore be performed to 

incorporate the joint modeling technique in the methods proposed in this thesis. However, to 

follow the previously suggested evaluation phases prior to biomarker’s clinical integration, it 

is important to firstly conduct a proof of concept study to evaluate the biomarker’s added 

predictive value. The main hypothesis of such a study is that the incorporation of the serial 

measurements of one or more biomarkers indeed improves the risk prediction of disease-

related outcomes. The study needs to include at least two other comparative risk prediction 

models: a) a model containing only clinical predictors but with no biomarkers; b) a model 

containing clinical predictors and additional one or more biomarkers measured at baseline. 

Subsequently, the optimal model selected from a) and b) can be used together with the model 

which includes serial biomarker measurements to investigate whether such measurements 

indeed improves risk stratification, and whether this will result in a realistic gain in the 

commercial headroom available. 

    

8.4.3 Concluding remarks 

This thesis introduced innovative methods to assess the clinical value and commercial 

potential of biomarkers in personalized medicine. However, as personalized medicine is 

complex compared to traditional medicine, it may remain challenging to get it reimbursed. 

For instance, a specific hurdle to enable risk stratification might be the ethical issues that arise 

when incorporating genomics into screening.50 Such discussions are equally important 

compared to the consideration of cost-effectiveness. These other issues, however, go beyond 

the scope of this thesis.  
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Using case studies in heart failure (HF), this thesis introduced a coherent set of methodologies 

to investigate the clinical impact and commercial potential of biomarker-based strategies for 

offering more personalized care to patients.  

The first part of the thesis (chapters 2 and 3) provided insight into the potential of a 

risk-stratified approach in the prevention and management of HF. Specifically, in chapter 2 a 

risk prediction model was developed to support early identification of healthy individuals at 

risk of new onset HF with reduced or preserved ejection fraction. Although this multivariable 

model showed a good calibration for both HF outcomes, its relatively poor discriminative 

accuracy highlighted the complexity of predicting new onset of HF in the general population. 

In chapter 3, a novel graphical approach was introduced to support the development of a risk-

stratified treatment recommendation in the disease management of HF. This approach enabled 

the exploration of how the cost-effectiveness of three different HF disease management 

programs varied along with increasing levels of predicted 18-month mortality risk. Based on 

the visual exploration, 0.16 was selected as the risk threshold to differentiate patients into 

low-risk and intermediate to high-risk strata. Compared to providing all patients the same 

treatment, a personalized approach based on assigning intensive care to low-risk patients and 

moderate care to intermediate to high-risk patients significantly improved survival time and 

reduced costs.  

The second part of the thesis (chapters 4 to 7) investigated whether it is worthwhile to 

further improve a proposed risk-stratified treatment recommendation by incorporating 

biomarkers. This investigation consisted of two steps. First, the added predictive value of 

biomarkers was estimated compared to a risk prediction model which only included 

conventional clinical predictors. Subsequently, early-stage health economic modeling was 

used to evaluate whether the addition of biomarkers had clinical and commercial potential to 

optimize the recommended therapy. Specifically, chapter 4 assessed the added value of 

plasma HE4, to predict the combined outcome of 18-month all-cause mortality and HF-

related hospitalization. The addition of this biomarker resulted in significant risk 

reclassification and improved stratification in the study population. In Chapter 5 a 

continuous-time semi-Markov model was introduced as a specific approach to estimate the 

long-term cost-effectiveness of different medical interventions. In the illustrative case study, 

this model fitted the observed data much better compared to a standard Markov model with 

the same disease states. In addition, the computational complexity of the so-called vertical 

modeling formulation used to specify the model parameters was found to be moderate. 

Chapter 6 presented a direct application of the semi-Markov model in early-stage health 

economic modeling to estimate the commercial headroom available to a novel biomarker-

based device in the disease monitoring of HF. Experts’ opinions were captured 

probabilistically to quantify the parameter uncertainty caused by limited clinical evidence. 

Compared to the conventional care with several follow-up visits to cardiologist and HF nurses, 

this study found that it may not be economically profitable to further invest on this device to 

achieve better disease monitoring. Chapter 7 presented another application of the semi-

Markov model to evaluate whether the addition of multiple biomarkers had commercial 

potential to further improve the personalized HF disease management strategy formulated in 

chapter 3. Here, a considerable headroom was found to advice future development of a 

practical test procedure incorporating these biomarkers to further improve the personalized 

HF disease management. 

To conclude, this thesis provided a methodological framework for investigating the 

clinical and health economic impact of offering risk-stratified treatment recommendations. 

Widespread application of the methods introduced in this thesis has the potential to improve 

patient care and ultimately to optimize the use of the scarce research and health care resources. 

 

  



S

Summary

167

Using case studies in heart failure (HF), this thesis introduced a coherent set of methodologies 

to investigate the clinical impact and commercial potential of biomarker-based strategies for 

offering more personalized care to patients.  

The first part of the thesis (chapters 2 and 3) provided insight into the potential of a 

risk-stratified approach in the prevention and management of HF. Specifically, in chapter 2 a 

risk prediction model was developed to support early identification of healthy individuals at 

risk of new onset HF with reduced or preserved ejection fraction. Although this multivariable 

model showed a good calibration for both HF outcomes, its relatively poor discriminative 

accuracy highlighted the complexity of predicting new onset of HF in the general population. 

In chapter 3, a novel graphical approach was introduced to support the development of a risk-

stratified treatment recommendation in the disease management of HF. This approach enabled 

the exploration of how the cost-effectiveness of three different HF disease management 

programs varied along with increasing levels of predicted 18-month mortality risk. Based on 

the visual exploration, 0.16 was selected as the risk threshold to differentiate patients into 

low-risk and intermediate to high-risk strata. Compared to providing all patients the same 

treatment, a personalized approach based on assigning intensive care to low-risk patients and 

moderate care to intermediate to high-risk patients significantly improved survival time and 

reduced costs.  

The second part of the thesis (chapters 4 to 7) investigated whether it is worthwhile to 

further improve a proposed risk-stratified treatment recommendation by incorporating 

biomarkers. This investigation consisted of two steps. First, the added predictive value of 

biomarkers was estimated compared to a risk prediction model which only included 

conventional clinical predictors. Subsequently, early-stage health economic modeling was 

used to evaluate whether the addition of biomarkers had clinical and commercial potential to 

optimize the recommended therapy. Specifically, chapter 4 assessed the added value of 

plasma HE4, to predict the combined outcome of 18-month all-cause mortality and HF-

related hospitalization. The addition of this biomarker resulted in significant risk 

reclassification and improved stratification in the study population. In Chapter 5 a 

continuous-time semi-Markov model was introduced as a specific approach to estimate the 

long-term cost-effectiveness of different medical interventions. In the illustrative case study, 

this model fitted the observed data much better compared to a standard Markov model with 

the same disease states. In addition, the computational complexity of the so-called vertical 

modeling formulation used to specify the model parameters was found to be moderate. 

Chapter 6 presented a direct application of the semi-Markov model in early-stage health 

economic modeling to estimate the commercial headroom available to a novel biomarker-

based device in the disease monitoring of HF. Experts’ opinions were captured 

probabilistically to quantify the parameter uncertainty caused by limited clinical evidence. 

Compared to the conventional care with several follow-up visits to cardiologist and HF nurses, 

this study found that it may not be economically profitable to further invest on this device to 

achieve better disease monitoring. Chapter 7 presented another application of the semi-

Markov model to evaluate whether the addition of multiple biomarkers had commercial 

potential to further improve the personalized HF disease management strategy formulated in 

chapter 3. Here, a considerable headroom was found to advice future development of a 

practical test procedure incorporating these biomarkers to further improve the personalized 

HF disease management. 

To conclude, this thesis provided a methodological framework for investigating the 

clinical and health economic impact of offering risk-stratified treatment recommendations. 

Widespread application of the methods introduced in this thesis has the potential to improve 

patient care and ultimately to optimize the use of the scarce research and health care resources. 

 

  



  



  

Nederlandse samenvatting



Nederlandse samenvatting

170

Aan de hand van een aantal case studies op het gebied van hartfalen (HF), is in dit proefschrift 

een integrale verzameling van methodologieën geïntroduceerd waarmee de klinische gevolgen 

en de commerciële potentie kan worden onderzocht van individuele zorgstrategiën 

(personalized care), gebaseerd op biomarkers. 

Het eerste deel van het proefschrift (hoofdstukken 2 en 3) levert inzicht in de potentie 

van een risico gestratificeerde strategie in de preventie en behandeling van HF. In hoofstuk 2 

werd een risico-voorspellingsmodel ontwikkeld, waarmee gezonde individuën met een 

verhoogd risico op HF met verminderde of behouden ejectiefractie in een vroeg stadium 

kunnen worden geïdentificeerd. Dit multivariate model liet een goede calibratie zien voor 

beide HF uitkomsten, maar was ook relatief slecht in het onderscheiden van individuën. Dit 

onderstreept de complexiteit van het voorspellen van de ontwikkeling van HF in de algemene 

populatie. In hoofdstuk 3 werd een nieuwe, grafische aanpak geïntroduceerd voor het 

ontwikkelen van naar risico gestratificeerde behandelopties voor HF. Door deze aanpak kon 

bekeken worden hoe de kosten-effectiviteit van drie verschillende HF behandelprogramma’s 

varieerde bij stijgende niveaus van het voorspelde 18-maand overlijdensrisico. Gebaseerd op 

visuele interpretatie van de resultaten, werd een voorspeld risico van 0.16 geselecteerd als de 

grens om patiënten met een laag risico te onderscheiden van patiënten met een matig tot hoog 

risico patiënten. Vergeleken met het aanbieden van dezelfde behandeling aan alle patiënten, 

verbeterde een personalized care aanpak, waarbij laagrisico patiënten intensieve zorg en 

matig- tot hoogrisico patiënten gemiddelde zorg ontvingen, de overleving significant en 

werden kosten gereduceerd. 

Het tweede deel van dit proefschrift (hoofdstuk 4 tot 7) onderzocht of het waardevol 

is om de voorgestelde, op risico gestratificeerde behandelstrategieën, verder te verbeteren 

door het toevoegen van biomarkers. Dit deel van het onderzoek bestond uit twee stappen. De 

eerste stap was het schatten van de toegevoegde voorspellende waarde van biomarkers, 

vergeleken met een risicomodel waarin alleen conventionele klinische voorspellers worden 

meegenomen. Vervolgens werd vroeg-stadium gezondheidseconomische modellering (early 

stage health economic modelling) gebruikt om te evalueren of het toevoegen van biomarkers 

klinische en commerciële potentie heeft om de voorgestelde therapie te optimalizeren. Meer 

specifiek bekeek hoofdstuk 4 de toegevoegde waarde van plasma HE4, om de uitkomsten 

van 18-maand mortaliteit (alle oorzaken) en HF-gerelateerde ziekenhuisopnames te 

voorspellen. Het toevoegen van deze biomarker resulteerde in een significante risico 

herclassificatie en een verbeterde risicostratificatie in de studiepopulatie. In hoofdstuk 5 werd 

een tijdcontinu, semi-Markov model geïntroduceerd om de lange-termijn kosteneffectiviteit 

van diverse medische interventies te schatten. In de illustratieve case study paste dit model 

beter op de geobserveerde data dan een standaard model met dezelfde ziektestadia. Daarbij 

was de rekenkundige complexiteit van deze zogenoemde verticale-modellering (vertical 

modeling) aanpak om de model parameters te specificeren bescheiden. In hoofdstuk 6 werd 

een directe toepassing gepresenteerd van het semi-Markov model, in vroeg-stadium 

gezondheidseconomische modellering, om de commercial headroom (commerciële ruimte om 

winst te maken) te schatten voor een nieuw apparaat dat op geleide van biomarkers de 

ontwikkeling van HF registreert. De meningen van experts werden in het model opgenomen 

op een probabilistische manier, om de parameteronzekerheid op te vangen die wordt 

veroorzaakt door beperkt klinisch bewijs. Uit deze studie is gebleken dat, vergeleken met de 

conventionele zorg met een aantal follow-up bezoeken aan cardiologen en HF 

verpleegkundigen, het waarschijnlijk niet rendabel is om verder te investeren in dit apparaat. 

In hoofdstuk 7 werd een andere applicatie van het semi-Markov model gepresenteerd, voor 

het evalueren van de commerciële haalbaarheid van het toevoegen van diverse biomarkers aan 

de in hoofdstuk 3 geformuleerde personalized HF behandelopties. In dit hoofdstuk werd wel 

een aanzienlijke headroom gevonden, voor de toekomstige ontwikkeling van een praktische 

testprocedure waarin deze biomarkers worden gebruikt voor het verder verbeteren van de 

personalized care van HF. 

Dit proefschrift gaf een methodologisch raamwerk voor het onderzoeken van de 

klinische en gezondheidseconomische aspecten van het aanbieden van naar risico 

gestratificeerde behandelopties. Het op bredere schaal toepassen van de methodes zoals die 

zijn geïntroduceerd in dit proefschrift zou in potentie de patiëntenzorg kunnen verbeteren en 

uiteindelijk kunnen bijdragen aan optimalisatie van het gebruik van schaarse onderzoeks- en 

gezondheidszorgmiddelen.  
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