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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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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-



2

The PREVEND risk model

27

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-



Chapter 2

28

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. 

HF-free 

New onset 

HFpEF 

Death before  

new onset HF 

 

New onset 

HFrEF 

h1(t) 

h2(t) 

h3(t) 

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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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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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) 

  75.377  (14.548) 

Female sex 

log(UAE) 

Cholesterol 

HDL-cholesterol 

log(hs-CRP) 

log(TGL) 

log(NT-proBNP) 

hs-TnT DL 

log(hs-TnT) 

SBP 

Heart rate 

Smoking 

History of MI 

BMI 

History of Stroke 

LDL-cholesterol 

Cystatin C 

log(creatinine) 

  

 0.313 (0.078)         1.367 

 

  

-0.197 (0.098)         0.821 

  

 0.269 (0.090)         1.309 

-0.386 (0.247)         0.680 

-0.065 (0.115)         0.937 

 0.007 (0.004)         1.007 

 

  

 0.645 (0.241)         1.906 

 0.084 (0.020)         1.088 

 

  

 0.964 (0.452)         2.621 

-1.912 (0.540)         0.148 

 -0.966 (0.171)       0.381 

 

 

 

 

 

0.564 (0.058)       1.757 

 -0.186 (0.201)       0.830 

0.386 (0.071)       1.471 

 

0.012 (0.006)       1.012 

   0.563 (0.135)       1.755 

0.930 (0.151)       2.533 

0.082 (0.015)       1.086 

 

0.148 (0.061)       1.159 

  

 -0.907 (0.318)        0.404 

-0.643 (0.103)          0.526 

 0.135 (0.035)          1.144 

 0.436 (0.129)          1.547 

-0.326 (0.185)          0.722 

 0.147 (0.040)          1.158 

-0.436 (0.155)          0.646 

 0.172 (0.037)          1.188 

-0.189 (0.107)          0.828 

 0.130 (0.045)          1.139 

 

 0.009 (0.004)          1.009 

 0.495 (0.081)          1.640 

 0.372 (0.112)          1.451 

 

 0.612 (0.217)          1.845 

-0.395 (0.128)          0.674   

 0.805 (0.184)          2.236 

-0.975 (0.263)          0.377 

SE, standard error; HR, hazard ratio; UAE, urinary albumin excretion; HDL, high-density lipoprotein; hs-
CRP, highly-sensitive c-reactive protein; TGL, triglycerides; NT-proBNP, N-terminal pro-B-type 
natriuretic peptide; hs-TnT, highly-sensitive troponin T; DL, detection limit; SBP, systolic blood pressure; 
MI, myocardial infarction; BMI, body-mass index; LDL, low-density lipoprotein. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2a: Calibration plot of mean predicted vs. mean observed (  95% confidence interval) 10-years 
cumulative incidence for new onset HFpEF by deciles of predicted cumulative incidence for new onset 
HFpEF 
 

 

 

 

 

 

 

 

 

 

Figure 2b: Calibration plot of mean predicted vs. mean observed (  95% confidence interval) 10-years 
cumulative incidence for new onset HFrEF by deciles of predicted cumulative incidence for new onset 
HFrEF 
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Figure 2a: Calibration plot of mean predicted vs. mean observed (  95% confidence interval) 10-years 
cumulative incidence for new onset HFpEF by deciles of predicted cumulative incidence for new onset 
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Figure 2b: Calibration plot of mean predicted vs. mean observed (  95% confidence interval) 10-years 
cumulative incidence for new onset HFrEF by deciles of predicted cumulative incidence for new onset 
HFrEF 
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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 

  


