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General introduction
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Chapter 1

personalized medicine, predictive information about someone’s diagnosis and prognosis 

 
What are prediction models and how are they being used?

1-3 
Prognostic models can estimate the future health status of currently healthy individuals, 

cardiovascular disease (CVD) in the general population), to estimate the chance of 

patients with TIA), or to predict the course of disease in participants who already have 
1,2 

Prediction models are a combination of two or more predictors that are associated 
4 Predictors can be 

patient characteristics (such as demographics, symptoms, signs, comorbidities, 
anthropometrics), but also results of tests (such as imaging, laboratory tests, or genetic 

3 In development 

3

Prognostic models can be useful to make individualized decisions on preventative 
2 In clinical practice, 

models can be used to enhance decision making on treatment administration,5 and to 
assist in the communication about the course of a disease between physicians and 

2,6 In a research setting, prediction models are for example used to stratify 
patients by disease severity, or to correct for confounders in observational causal 

2,6

How are prediction models being assessed?
The performance of a prediction model is often measured in terms of discrimination 

2,3,7 With discrimination we mean the ability of a model to distinguish 

AUC or c-statistic of 1 means perfect discriminative ability, whereas a model with a 
8 Calibration is the agreement, on 

average, between the number of participants with the outcome as predicted by the model 

(O) divided by the expected number of participants with the outcome (E), as predicted 
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2,9

These prediction model performance measures can directly be calculated in the 
dataset used for model development, called apparent performance, or after applying 
some form of so-called internal validation of the prediction model in the development 

2,3 Frequently used methods for internal validation are bootstrapping and 
6 Internally validating a prediction model gives information about 

about the transportability and generalizability to other populations or settings, which 
is done by testing the performance in an independent dataset that was not used for 

10,11

studies provide information about the performance of a model in populations that, for 
example, differ in the case-mix from the development population or in situations where 

between development and external validation datasets may cause a model to predict 

6,10,12

due to effective treatments that will modify the occurrence of the outcome, may also 
13,14 Therefore, 

it is advised to perform multiple external validation studies to get full insight in the 
10

validation dataset, the model can be updated or predictors can be added based on the 

for differences in outcome frequency between development and validation dataset by 
15,16 Incremental value studies assess the added 

17 
After prediction model development and validation (with or without model updating or 

extent the actual use of a (validated) prediction model impacts medical decision making 

15,18

1
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The role of systematic reviews in the development and use of prediction models
Many systematic reviews have shown that studies in which prediction models are being 

19-21 Continuous 
variables are often being categorized, which may also reduce the generalizability of 

19,22-24 Participants with 
19,23,25,26 Predictors 

during model development may be selected based on univariable analyses, which may 
19,22,27,28

Systematic reviews have also shown that many models exist for the same target 
22,23,29-32 For healthcare professionals it can be very 

without meta-analyses) are becoming increasingly important to overview the evidence 
on existing models that are developed and/or validated in a certain medical domain 

conduct, and reporting is available, but this guidance hardly exists for systematic reviews 
33 

Objective
The aim of this thesis was to provide guidance on how to perform systematic reviews 
and meta-analyses of prediction model studies and to apply the developed guidance on 

Outline of this thesis
In Chapter 2 we present a guide for systematic reviews and meta-analyses of prediction 

Chapter 3 we provide an 
overview of all existing prediction models for predicting future occurrence of CVD in the 

Chapter 4 we meta-analysed the 
predictive performance of three frequently advocated prediction models to predict 10-

Chapter 5 we studied the incremental value of 
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Use of treatments during follow-up may affect the predictive performance of a model 
and can be a source of heterogeneity in predictive performance of a prediction model 

13,14 Chapter 6 gives an overview on how treatment use is 

Due to poor reporting of prediction model studies,19

34,35 In Chapter 7 we 
present the results of a baseline measurement on the quality of reporting before the 

Finally, we noticed that heterogeneity in reported performance of prediction models 

variations in study design and quality can partly explain this heterogeneity2,4,10,36,37 we 
studied this using a meta-epidemiological approach, as presented in Chapter 8

1
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References

Assessing the performance of prediction models: a framework for traditional and 

framework to enhance the interpretation of external validation studies of clinical 
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Assessing the incremental value of diagnostic and prognostic markers: a review 

Prediction models for the risk of cardiovascular disease in patients with type 2 

1
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Abstract

Validation of prediction models is highly recommended and increasingly common 

meta-analysis needed to summarise the predictive performance of the model being 

researchers systematically reviewing and meta-analysing the existing evidence on a 

the predictive performance of the model across studies, and provides recommendations 

of the meta-analysis and illustrate each step in an example review, by summarising the 
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Introduction

Systematic reviews and meta-analysis are an important—if not the most important—
1 Traditionally, they aim to summarise 

the results of publications or reports of primary treatment studies and (more recently) 

diagnostic test accuracy studies, there is limited guidance on the conduct of systematic 

A common aim of primary prognostic studies concerns the development of so-called 

probability or risk that a certain condition will occur in the future by combining 

2 A 
similar issue relates to diagnostic prediction models, where the validation performance 
of a model for predicting the risk of a disease being already present is of interest across 

Previous guidance papers regarding methods for systematic reviews of predictive 
modelling studies have addressed the searching,3-5 design,2 data extraction, and critical 
appraisal6,7

performance of one or more prediction models is crucial to examine a model’s predictive 
ability across different study populations, settings, or locations,8-11 and to evaluate the 

Although systematic reviews of prediction modelling studies are increasingly 
common,12-17 researchers often refrain from undertaking a quantitative synthesis or 

this pitfall are concerns about the quality of included studies, unavailability of relevant 
summary statistics due to incomplete reporting,18 or simply a lack of methodological 

systematic review question, to identify the relevant prediction modelling studies from 
the literature3,5 6,7 Additionally, and 
not yet addressed in previous publications, we provide guidance on which predictive 
performance measures could be extracted from the primary studies, why they are 

The need to extract aggregate results and information from published studies provides 
unique challenges that are not faced when individual participant data are available, as 
described recently in The BMJ 19

2
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We subsequently discuss how to quantitatively summarise the extracted predictive 

different steps are summarised in Figure 1, some of which are explained further in 

study—that is, the synthesis of studies validating predictive performance of the additive 

of discrimination and calibration) and highlight other clinically important measures of 

Empirical example
As mentioned earlier, we illustrate our guidance using a published review of studies 

13 This prognostic model aims to predict 30 day mortality in 

European steering group in 1999 using logistic regression in a dataset from 13 302 adult 

13 It is important 

poor performance could eventually lead to poor decision making and thereby affect 

In this paper, we focus on the validation studies that examined the predictive 

more than 100 000 patients from 20 external validation studies and from the original 
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Figure 1: Flowchart for systematically reviewing and, if considered appropriate, meta-analysis of 

multivariable prediction model for individual prognosis or diagnosis

2
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Steps of the systematic review

Formulating the review question and protocol
As for any other type of biomedical research, it is strongly recommended to start with a 
study protocol describing the rationale, objectives, design, methodology, and statistical 

20

checklist (checklist for critical appraisal and data extraction for systematic reviews of 
6

PICO system (population, intervention, comparison, and outcome) used in therapeutic 
studies, and additionally considers timing (that is, at which time point and over what time 
period the outcome is predicted) and setting (that is, the role or setting of the prognostic 

Case study

Formulating the search strategy

end, the search strategy should be formulated according to aforementioned PICOTS of 

3-5 or by adding the name or 

15

Case study
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6  describes key items for 

The items are explained below in brief, and applied to our case study:

Critical appraisal
The quality of any meta-analysis of a systematic review strongly depends on the relevance 

6 and, in the near future, using the prediction model 
7

Case study

21

6 describes key items for

The items are explained below in brief, and applied to our case study:

Box 1: PICOTS system

2
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Figure 2 Overall judgment for risk of bias of included articles in the case study (predictive per-

whether predictors have not been measured and were therefore omitted from the model in the 

-

validation)

 
Quantitative data extraction and preparation
To allow for quantitative synthesis of the predictive performance of the prediction model 
under study, the necessary results or performance measures and their precision need 

of predictive performance, discrimination and calibration, and discuss how to deal with 
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Discrimination
Discrimination refers to a prediction model’s ability to distinguish between patients 

model performance, they can still be estimated from other reported quantities when 

errors), and implement the transformations that are needed for conducting the meta-

The C statistic of a prediction model can vary substantially across different 

8,22 In particular, it has 
been demonstrated that the distribution of patient characteristics (so-called case mix 
variation) could substantially affect the discrimination of the prediction model, even 

22 The more similarity that exists between participants of a validation 
study (that is, a more homogeneous or narrower case mix), the less discrimination can 

Therefore, it is important to extract information on the case mix variation between 
patients for each included validation study,8 such as the standard deviation of the key 

weighted sum of the values of the predictors in the validation study, where the weights are 
23 Heterogeneity 

in reported C statistics might also appear when predictor effects differ across studies 

measures have been proposed that allow to disentangle between different sources of 
22,24

Case study

When measures of uncertainty were not reported, we approximated the standard error 
of the C statistic (seven studies) using the equations provided in appendix 7 (Figure 

26

2
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Figure 3: Estimation of the standard deviation of the linear predictor as a way to quantify case mix 
variation within a study
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Figure 4:
study (to predict all cause mortality at 30 days in patients undergoing coronary artery bypass 

-

Calibration
Calibration refers to a model’s accuracy of predicted risk probabilities, and indicates the 
extent to which expected outcomes (predicted from the model) and observed outcomes 

against observed outcome frequencies (so-called calibration plots, see appendix 4), often 
23 Also for calibration, reported performance estimates 

differences in healthcare quality and delivery, for example, with screening programmes 
in some countries identifying disease at an earlier stage, and thus apparently improving 

to identify studies and participants relevant to the target population, so that a meta-

Summarising estimates of calibration performance is challenging because calibration 
plots are most often not presented, and because studies tend to report different types 

12,27 Therefore, we propose to extract information on 
the total number of observed (O) and expected (E) events, which are statistics most likely 



33

Systematic review and meta-analysis of prediction model performance

O:E ratio is strongly related to the calibration in the large (appendix 5), but that is rarely 

These O:E ratios could also be extracted, although it is unlikely that all studies will report 

Case study

Although the total O:E ratio was typically not reported, it could be calculated from other 

it was also possible to extract the proportion of observed outcomes across different 

Performance of survival models
Although we focus on discrimination and calibration measures of prediction models 
with a binary outcome, similar performance measures exist for prediction models with 

reported C statistics because different adaptations have been proposed for use with 
9,28,29 We therefore recommend to carefully evaluate the type of 

For instance, the D statistic gives the log hazard ratio of a model’s predicted risks 
dichotomised at the median value, and can be estimated from Harrell’s C statistic when 

30 Finally, when summarising the calibration performance of survival models, it is 
recommended to extract or calculate O:E ratios for particular (same) time points because 

censoring, the total number of events and the observed outcome risk at particular time 
points should be derived (or approximated) using Kaplan-Meier estimates or Kaplan-

Meta-analysis

extracted, the retrieved estimates of model discrimination and calibration can be 

design, execution, and thus case-mix, variation between their results are unlikely to occur 

2
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8,22 For this reason, the meta-analysis should usually allow for (rather than 
ignore) the presence of heterogeneity and aim to produce a summary result (with its 

19 Other meta-analysis models have also been proposed, such as by Pennells 
and colleagues, who suggest weighting by the number of events in each study because 

31 However, we recommend to use 
traditional random effects models where the weights are based on the within-study 

and calibration separately, they can also jointly be synthesised using multivariate meta-
9 This might help to increase precision of summary estimates, and to avoid 

exclusion of studies for which relevant estimates are missing (eg, discrimination is 

To further interpret the relevance of any between-study heterogeneity, it is also 

provides a range for the potential model performance in a new validation study, although 
32 It is also possible to 

9 This 
probability can, for instance, indicate the likelihood of achieving a certain C statistic in 

Of course, it is also desirable to understand the cause of between-study heterogeneity 

Some caution is warranted when summarising estimates of model discrimination 
33-35 and 

total O:E ratios33 should be rescaled before meta-analysis to improve the validity of its 

performance, to better account for the uncertainty in the estimated between-study 
36,37 The HKSJ method is implemented in several meta-analysis software 

packages, including the metareg module in Stata (StataCorp) and the metafor package 
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Case study

calibration performance, we found similar summary estimates for the C statistic and 

Investigating heterogeneity across studies
When the discrimination or calibration performance of a prediction model is 
heterogeneous across validation studies, it is important to investigate potential sources 

As mentioned earlier, the discrimination and calibration of a prediction model can be 
affected by differences in the design38 and in populations across the validation studies, 

8,22

In general, sources of heterogeneity can be explored by performing a meta-regression 
analysis where the dependent variable is the (transformed) estimate of the model 

39 Study level or summarised patient level characteristics (eg, 

This approach is also known as subgroup analysis and is most sensible when there are 

19

differences in the heterogeneity between patients across the included validation studies 
(difference case mix variation),8 differences in study characteristics (eg, in terms of 

or characteristics related to selective reporting and publication (eg, risk of bias, study 

2
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how the dependent variable (here, the logit C statistic or log O:E ratio) changes between 
subgroups of studies in case of a categorical explanatory variable or with one unit 

are prone to ecological bias when investigating summarised patient level covariates as 
40

Case study
To investigate whether population differences generated heterogeneity across the 
included validation studies, we performed several meta-regression analyses (Figure 

Although the power was limited to detect any association, results suggest that the 

the total O:E ratio across different subgroups, using the reported calibration tables 

that miscalibration was more problematic in (developed) countries with low mortality 

quite poor because predicted risks appear too high in low risk patients, and the extent 

Although it has been suggested that overprediction likely occurs due to improvements 
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Figure 5: -

Sensitivity analysis
As for any meta-analysis, it is important to show that results are not distorted by low 

Case study
We performed a subgroup analysis by excluding those studies at high risk of bias, to 

similar summary estimates of discrimination and calibration as those in the full analysis 

2
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Reporting and presentation
As for any other type of systematic review and meta-analysis, it is important to report the 

for systematic reviews and meta-analyses)41 highlights the key issues for reporting of 
meta-analysis of intervention studies, which are also generally relevant for meta-analysis 

42

(transparent reporting of a multivariable prediction model for individual prognosis or 
diagnosis)23,43 provides several recommendations for the reporting of studies developing, 

evaluation) might help to interpret the results of the systematic review and to present 
21

As illustrated in this article, researchers should clearly describe the review question, 
search strategy, tools used for critical appraisal and risk of bias assessment, quality of 
the included studies, methods used for data extraction and meta-analysis, data used 

recommend to report details on the relevant study populations (eg, using the mean 
and standard deviation of the linear predictor) and to present summary estimates with 

to report probabilities of good performance separately for each performance measure, 

Table 2:
mortality at 30 days in patients undergoing coronary artery bypass grafting) after excluding studies 
with high risk of bias

Meta-
analysis

Performance Risk of 
bias

No of 
included 
studies

Summary 
estimate

95% 

interval

95% 
prediction 
interval

C statistic Low/
unclear/
high

18

O:E ratio Low/
unclear/
high

19

C statistic Low/
unclear/
high

20

O:E ratio Low/
unclear/
high

20



39

Systematic review and meta-analysis of prediction model performance

Meta-
analysis

Performance Risk of 
bias

No of 
included 
studies

Summary 
estimate

95% 

interval

95% 
prediction 
interval

Univariate C statistic Low/
unclear/
high

17

Univariate O:E ratio Low/
unclear/
high

18

Bivariate C statistic Low/
unclear/
high

19

Bivariate O:E ratio Low/
unclear/
high

19

Univariate C statistic Low/
unclear

13

Univariate O:E ratio Low/
unclear

13

Bivariate C statistic Low/
unclear

14

Bivariate O:E ratio Low/
unclear

14

Univariate C statistic Low 4

Univariate O:E ratio Low 3

Bivariate C statistic Low 4

Bivariate O:E ratio Low 4

 

Concluding remarks

In this article, we provide guidance on how to systematically review and quantitatively 

systematic review and meta-analysis of a prognostic model, all guidance can similarly 

2
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statistics, quantitatively summarise the extracted estimates, and investigate sources 

Meta-analysis of a prediction model’s predictive performance bears many similarities 

heterogeneity is much more likely in meta-analysis of studies assessing the predictive 
performance of a prediction model, owing to the increased variation of eligible study 
designs, increased inclusion of studies with different populations, and increased 

it is paramount to identify relevant studies through a systematic review, assess the 
presence of important subgroups, and evaluate the performance the model is likely to 

Although several concerns can be resolved by aforementioned strategies, it is 
possible that substantial between-study heterogeneity remains and can only be 

19 Previous 
studies have demonstrated that access to individual participant data might also help to 
retrieve unreported performance measures (eg, calibration slope), estimate the within-
study correlation between performance measures,8 avoid continuity corrections and 
data transformations, further interpret model generalisability,8,19,22,31 and tailor the model 

44

Although this strategy has already been adopted by several authors, caution is warranted 

comparisons between competing models and the increased likelihood of heterogeneity 

well known that performance measures such as the C statistic are relatively insensitive 

performance estimates might often be of limited value, and that a meta-analysis should 

Formal comparisons between competing models are possible (eg, by adopting network 

Finally, the following limitations need to be considered in order to fully appreciate 

improving over the past few years, it will often be necessary to restore missing 

methods we discussed in this article are most applicable when meta-analysing the 
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Although the same principles apply to survival models, the level of reporting tends to 
be even less consistent because many more statistical choices and multiple time points 

methods have, however, been recommended when predicting the likely performance in 
45 Lastly, we mainly focused on statistical measures of model 

performance, and did not discuss how to meta-analyse clinical measures of performance 
46 Because these performance measures are not frequently reported 

In summary, systematic review and meta-analysis of prediction model performance 
could help to interpret the potential applicability and generalisability of a prediction 

individual participant data to investigate in more detail how the model performs across 
19,44
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1 The additive EuroSCORE

10 The system is additive: to calculate 
the predicted risk for a patient, the scores for existing risk factors are added to give an 

Score

Patient-related factors

Age Per 5 years or part thereof over 60 years 1

Sex Female 1

Chronic pulmonary 
disease

Longterm use of bronchodilators or steroids for lung
disease

1

Extracardiac 
arteriopathy

Any one or more of the following: claudication, carotid 

intervention on the abdominal aorta, limb arteries or 
carotids

2

Neurological 
dysfunction

Disease severely affecting ambulation or day-to-day 
functioning

2

Previous cardiac 
surgery

3

Serum creatinine 2

Active endocarditis Patient still under antibiotic treatment for endocarditis 
at the time of surgery

3

Critical preoperative 
state

Any one or more of the following: ventricular 

preoperative cardiac massage, preoperative ventilation 
before arrival in the anaesthetic room, preoperative 
inotropic support, intraaortic balloon counterpulsation 

10 ml/h)

3

Cardiac-related factors

Unstable angina
anaesthetic room

2

LV dysfunction 1
3

infarct
2

Pulmonary 
hypertension

2

2
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Score

Operation-related factors

Emergency Carried out on referral before the beginning of the next 
working day

2

Other than isolated Major cardiac procedure other than or in addition to 2

Surgery on thoracic 
aorta

For disorder of ascending, arch or descending aorta 3

Postinfarct septal 
rupture

4

2 Validation studies in the empirical example

Below is an overview of the 21 articles that were included in our meta-analysis:

late outcome of myocardial revascularization with and without cardiopulmonary 
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[Original development study with a split-sample 
validation.]

[Two 
validation studies were available from this article: one using data from 1995 and one using 
data from 1998-1999.]

of four coronary surgery risk-adjusted models to predict mortality in individual 

cardiac operative risk evaluation predicts long-term survival in patients with coronary 

2
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3 The PICOTS system

9 describes key items for 

brief, and applied to our case study:
·  Population

·   Intervention (Model)

remains whether or not to include the results of the model development study as 

·   Comparator - If applicable, one may address competing models for the prognostic 

·   Outcomes
Although the majority of validation studies use the same outcome and the same 

the Framingham score was designed to estimate the 10-year risk of coronary 
heart disease (CHD), but has also been used to predict all cause mortality and 

5,15

·   Timing
point in time, so-called prognostic T0) and over what time period the outcome is 

score for predicting 10 year CHD risk has also been validated for 5 year and 
5 We here focus on 30-day all cause mortality, predicted using 

·   Setting
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4 Calibration of a prediction model
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0.8

1

Predicted risk

O:E = 1, a = 0 and b < 1

(i) Perfect calibration

(iii) Too much variation in predicted risk

(ii) Systematic over-prediction

(iv) Substantial mis-calibration

Figure 1: Calibration of a prediction model 

Calibration plot (ii) typically occurs when the outcome occurrence in the validation set 

and when the outcome occurrence in the validation set is lower than in the original 

2
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5 Relation between total O:E ratio and  
calibration-in-the-large

For logistic regression models, calibration-in-the large (For logistic regression models, calibration-in-the large ( ) is calculated as follows:

where indicates the average linear predictor in the validation study (using the regression 
 indicates the observed outcome probability in 

the validation study and  indicates the expected outcome probability in the validation 
 Hence, when  

and  can be extracted from a publication, we have 

(1)

(2)

(3)

(4)

(5)

We can then use the Delta method to estimate the error variance of the total O:E ratio:6

(6)

(7)

(8)

(9)

(10)

=

=

=

=

=

=

=
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such that

(11)

(12)

(13)

(14)

2
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6 Variance estimators

Below, we provide equations for approximating the within-study error variance of ln(O:E) 
and logit(c O denote the total number of observed 
events, E the total number of expected (predicted) events and N

In some situations, the total O:E ratio is given together with its error variance me situations, the total O:E ratio is given together with its error variance 
We can then use the Delta method to estimate :6

(15)

(16)

In most situations, however, O and E are reported separately without any estimate of 
O as 

a binomially distributed variable since O is given as the number of successes (events) 
from N subjects:

(17)

(18)

(19)

(20)

such that

(21)

(22)

(23)

=

=

=

=

=

=

=
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(24)

(25)

(26)

(27)

For those situations in which N is large and is very small, the Poisson distribution 
can be used to approximate the binomial distribution such that:

(28)

(29)

(30)

Again, we can use the Delta method to estimate the within-study variance of the 
logarithm of the total O:E ratio:6

(31)

(32)

(33)

(34)

(35)

(36)

with corresponding estimates of 
:

=

=

=

=

2
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(37)

(38)

(39)

(40)

(41)

(42)

(43)

(44)

Note that for prediction models with a survival (time-to-event) outcome, the number 
of observed events O is usually affected by censoring and therefore not reliable for 

approximate) the observed event risk from Kaplan-Meier estimates or Kaplan-Meier 
, with an error variance of:

(45)

(46)

When applying the log transformation, we have:

(47)

(48)

(49)

=

=

=

=

=
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(50)

(51)

For model discrimination, we can use the Delta method to approximate the within-study 
variance of the logit c-statistic:

(52)

(53)

(54)

(55)

When the within-study variance of the c-statistic, Var(c), is not known it is still possible 
to approximate the within-study variance of the logit c-statistic:7,11

(56)

(57)

(58)

(59)

where s is the total number of observed events (also denoted as O in this article), 
t is the total number of non-events (which can be calculated as N O) and 

* *

2
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7 Data extraction

In this section we describe how to obtain estimates for logit(c) and the total O:E ratio, as 
O denote the 

total number of observed events, E the total number of expected (predicted) events and 
NNN  as the observed, and as 

When pooling estimates of a model’s discrimination and calibration, standard errors of 

1,2 When no appropriate estimates of uncertainty are reported, 
it is still possible to approximate the standard error from the total number of observed 

7,11 Details are 

Example

In the study Sergeant 2001, we have N O E

and

Alternatively, using Poisson approximation, we have:

=

=

=

=

=

=
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9 Statistical models for meta-analysis

Below, we present the random effects meta-analysis models for summarizing estimates 

meta-analysis of the c-statistic we have:

with the logit of the c-statistic in the ith study, and  its error variance 

with the log of the total O:E ratio in the ith study, and  its error 
μ and 

the weighted averages into a summary c-statistic and total O:E ratio by applying 
 and, respectively, 

When a meta-analysis is affected by heterogeneity, it is often helpful to calculate a 

13

setting is approximately given as

In these equations,  is the  percentile of the t distribution with  

We can extend aforementioned meta-analysis models to investigate whether the 

meta-regression of the c-statistic we have:

stuuu

~

~
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where xi indicates the explanatory or independent variable of the ith

in each validation study as values for xi discr (and its standard error) 

explanatory variable xi

For meta-regression of the total O:E ratio we have:

Note that the interpretation of discr and cal is now dependent on the magnitude of xi
It is therefore often helpful to transform the explanatory variable such that its mean 

Finally, it is also possible to jointly evaluate these estimates by performing a multivariate 
8 This may help to increase precision of summary estimates, and to 

predictive performance, and to quantify the overall probability of ‘good’ performance in 

meta-analysis model can be written as follows:

with

and

=

=

~

~

~

2
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where MVN denotes a multivariate normal distribution, Si the within-study variance-
covariance matrix of the ith study and T
In contrast to the standard (univariate) meta-analysis model, this model takes the 
within-study and between-study correlation between the c-statistic and total O:E ratio 
into account when deriving summary estimates for discrimination and calibration 

when some entries of logit(ci)  or ln(O: Ei) 
study covariance are often not reported, one may assume that sume that 

For logistic regression models, the total O:E ratio and calibration-in-the-large can be 
written as a function of the outcome prevalence  and the average linear predictor 

depends on the deviation of linear predictor between patients that experience and do not 
3,16 As a result, for validation of a logistic regression 

model, the c-statistic should be independent from the total O:E ratio (or from the 

An example can be found in,14 where the within-study correlation between ln(E:O) and the 
c-statistic was calculated in 12 studies using the corresponding individual participant 
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10 Investigating heterogeneity in the performance of the 
additive EuroSCORE

To investigate whether population differences generated heterogeneity across the 
validation studies, we performed meta-regression analyses and implemented the 

the following explanatory variables from the external validation studies in separate meta-

Figure 2:

2
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Table A.3 describes the total O:E ratio across different continents, and can be used to assess 

we have: we have:  such that 

Continent Mortality Total O:E ratio

N Median Summary

Overall 18

Europe 10

South-East Asia 4

North America 2

South America & South Africa 2

Table A.3:

To further investigate the extent of mis-calibration, we used the reported calibration 
tables and histograms within the primary validation studies to investigate the total O:E 

Figure 3: n
-



67

Systematic review and meta-analysis of prediction model performance

References

BMJ 

BMJ 

and markers: A simulation study of the sensitivity of different performance 
Stat Methods Med 

Res

regression model: relation to the variance and odds ratio of a continuous explanatory 
BMC Med Res Methodol

BMJ
The Biometric 

Bulletin

Radiology

Stat Med

Critical appraisal and data extraction for systematic reviews of prediction modelling 
PLoS Med

Eur J Cardiothorac Surg 

Stat Med 

BMJ

analysis of individual participant data helped externally validate the performance 
J Clin Epidemiol

2



68

Chapter 2

JAMA

Am 
J Epidemiol



69

Systematic review and meta-analysis of prediction model performance

2





Lotty Hooft
Ewoud Schuit

Thomas PA Debray

Ioanna Tzoulaki
Camille M Lassale

Virginia Chiocchia

Michael Maia Schlüssel

James A Black
Pauline Heus

Linda M Peelen

BMJ. 2016;353:i2416

Prediction models for cardiovascular 
disease risk in the general population: 

systematic review

Chapter 3



72

Chapter 3

Abstract

Objective: To provide an overview of prediction models for risk of cardiovascular disease 

Design:
Data sources:
Eligibility criteria for study selection: Studies describing the development or external 

Results: 9965 references were screened, of which 212 articles were included in the review, 

Conclusions: There is an excess of models predicting incident CVD in the general 

methodological shortcomings, incomplete presentation, and lack of external validation 

model, in this era of large datasets, future research should focus on externally validating 
and comparing head-to-head promising CVD risk models that already exist, on tailoring or 
even combining these models to local settings, and investigating whether these models 
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Introduction

Cardiovascular disease (CVD) is a leading cause of morbidity and mortality 
worldwide,3 4 Prevention of CVD 

have been developed, which mathematically combine multiple predictors to estimate the 
risk of developing CVD–for example, the Framingham,5-7 8 9-11

Some of these prediction models are included in clinical guidelines for therapeutic 
management12

Several reviews have shown that there is an abundance of prediction models for 
16 However, the most comprehensive review16 includes 

reviews have shown that the number of published prediction models has increased 

the outcomes that the models intended to predict, the most common predictors, the 
predictive performance of all these models, and which developed prediction models 

18,19

We carried out a systematic review of multivariable prediction models developed 
to predict the risk of developing CVD in the general population, to describe the 
characteristics of the models’ development, included predictors, CVD outcomes 

Methods

We conducted our systematic review following the recently published guidance from 

13

Literature search
We performed a literature search in Medline and Embase on 1 June 2013 using search 
terms to identify primary articles reporting on the development and/or validation of 
models predicting incident CVD, published from 2004 onwards (see supplementary 

comprehensive systematic review,16 and a cross reference check was performed for all 

3
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Eligibility criteria
We included all primary articles that reported on one or more multivariable (that is, 
including at least two predictors20) prediction models, tools, or scores, that have been 
proposed for individual risk estimation of any future CVD outcome in the general 

21-23 or 
external validation23-25 1,2,14,17 Studies reporting 
on the incremental value or model extension—that is, evaluating the incremental value 
of one or more new predictors to existing models,26

as development studies if they reported the development of a model in their objectives 
or conclusions, or if it was clear from other information in the article that they developed 

with a cross sectional study design that, for example, compared predicted risks of two 

27 External validation articles were excluded if the corresponding development 

A single article can describe the development and/or validation of several prediction 

models as separate models whenever a combination of two or more predictors with 

Additionally, two presented models yielding the same predictor-outcome associations 

Screening process
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Box 1:

Internal validation—testing a model’s predictive accuracy by reusing (parts of) the dataset 

validation and bootstrapping1

External validation—testing a model’s predictive accuracy in a population other than the 
development population2

Prediction horizon—time frame for which the model is intended to predict the outcome13

Discrimination—ability of the model to distinguish between people who do and do not develop 
the outcome of interest14

Calibration—agreement between predicted and observed numbers of events1,15

Updating—adjusting a previously developed model to a new setting or study population, to 

17-19 It is also possible 
to combine and update existing models

Data extraction and critical appraisal
We categorised the eligible articles into two groups: development articles, and external 

The list of extracted items was based on the recently issued Cochrane guidance for 
data extraction and critical appraisal for systematic reviews of prediction models 

13) supplemented by items obtained from methodological 
13,28-31 The full list 

model development included study design (eg, cohort, case-control), study 
population, geographical location, outcome, prediction horizon, modelling method 
(eg, Cox proportional hazards model, logistic model), method of internal validation (eg, 
bootstrapping, cross validation), number of study participants and CVD events, number 
and type of predictors, model presentation (eg, full regression equation, risk chart), and 

external validation of a prediction model we extracted the type of external validation (eg, 
temporal, geographical25,32), whether or not the validation was performed by the same 
investigators who developed the model, study population, geographical location, number 
of participants and events, and the model’s performance before and (if conducted) after 

3
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To accomplish consistent data extraction, a standardised data extraction form was 

Descriptive analyses

synthesis of the models, as this was beyond the scope of our review, and formal methods 

Patient involvement
No patients were involved in setting the research question or the outcome measures, 

no plans to disseminate the results of the research to study participants or the relevant 
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Results

concerned the development of one or more CVD risk prediction models and 136 articles 
described the external validation of one or more of these models (see supplementary 

Figure 1: Flow diagram of selected articles

Figure 2: Numbers of articles in which only one or more models were developed (dark blue), only 
one or more models were externally validated (light blue), or one or more models were developed 

total numbers in 2013 are displayed with dotted lines

3
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Studies describing the development of CVD prediction models 
Study designs and study populations

Study populations (that is, case mix) differed noticeably between studies, mainly 

explicitly stated they excluded study participants with existing CVD (including coronary 
heart disease, stroke, other heart diseases, or combinations of those), or with other 

CVD outcomes

Predictors

included use of antihypertensive treatment and no models included use of lipid lowering 
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Sample size
The number of participants used to develop the prediction models ranged from 51 
to 1 189 845 (median 3969), and the number of events ranged between 28 and 55 667 

33,34

Modelling method and prediction horizon
We found that most prediction models were developed using Cox proportional hazards 

Model presentation



81

Prediction models for CVD in the general population

Predictive performance

Table 2 shows that reporting of discriminative performance measures seems to have 

Table 1:
unless stated otherwise

Performance measures Development Validation

Discrimination measures:

 C statistic/AUC 143 (39) 303 (64)

 D statistic 5 (1) 45 (9)

24 (7) 8 (2)

 Any 163 (45) 306 (65)

Calibration measures:

 Plot 31 (9) 122 (26)

 Table 34 (9) 62 (13)

 Slope 3 (1) 7 (1)

 Intercept 2 (1) 7 (1)

 Hosmer Lemeshow test 60 (17) 68 (14)

 Observed:expected ratio 12 (3) 124 (26)

7 (2) 20 (4)

 Any 116 (32) 277 (58)

Overall performance measures:

2 13 (4) 49 (10)

 Brier score 15 (4) 45 (9)

 Other‡ 10 (3)

 Any 35 (10) 68 (14)

Any performance measure 191 (53) 398 (84)

Total 363 474

2

3
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Table 2:
numbers (percentages) unless stated otherwise

Performance measures Publication year

1967-2001 2002-05 2006-08 2009-13

Development:

 Discrimination 12 (14) 46 (55) 41 (44) 64 (64)

 Calibration 13 (15) 41 (49) 25 (27) 37 (37)

0 (0) 2 (2) 12 (13) 21 (21)

 Any performance 25 (29) 48 (58) 42 (45) 76 (76)

 Total 87 83 93 100

Validation:

 Discrimination 12 (32) 41 (44) 71 (68) 182 (77)

 Calibration 29 (76) 45 (48) 64 (61) 139 (59)

 Overall performance 0 (0) 0 (0) 22 (21) 46 (19)

 Any performance 31 (82) 56 (60) 98 (93) 213 (90)

 Total 38 93 105 237

2 and 
35

Internal validation

Studies describing external validation of a prediction model

7 5 8 Framingham 
36 37 Framingham (Anderson 

6 10
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Table 3: List of the models that were validated at least three times, and their predicted outcomes 
(sorted by number of validations)

Reference (No of developed 
models)

Predicted outcomes No of validations

Framingham Wilson 
19987 Fatal or non-fatal CHD 89

Framingham Anderson 
19915

Fatal or non-fatal: CHD, CVD, 
myocardial infarction, and stroke 73

8 Fatal: CHD, CVD, and non-CHD 63

Framingham D’Agostino 
200836 Fatal CVD 44

Framingham ATP III 
200237 Fatal or non-fatal CHD 31

Framingham Anderson 
19916 Fatal or non-fatal CHD 30

200710 Fatal CVD 12

38 Fatal or non-fatal CHD 8

Framingham Wolf 199139 Fatal or non-fatal stroke 8

Chambless 200340 Fatal or non-fatal CHD 7

Friedland 200941

Fatal or non-fatal: CHD, myocardial 

percutaneous transluminal coronary 

attack

6

20109 Fatal CVD 6

Keys 197242 Fatal or non-fatal CHD 6

Leaverton 198743 Fatal CHD 6

200744 Fatal CVD 4

Woodward 200745 Fatal CVD 4

Levy 199046 Fatal or non-fatal CHD 4

Chien 201247 Fatal or non-fatal CHD 3

— 32

3
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in a different paper but with authors overlapping between the development and validation 

validation studies ranged from very small (eg, 90 participants or one event) to very large 

a different geographical area from the development study—for example, the Framingham 
(Anderson 1991)5 model (developed on data from the United States) was often validated 

5

validations were performed in people outside these age ranges, whereas for Framingham 
(Wilson 1998)7 8

often validated models (Framingham (Wilson 1998),7 Framingham (Anderson 1991),5 and 
8

Models that were external validated differed in many respects from the non-validated 

models was 2002 (or 2003 after excluding the earliest Framingham models) versus 
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Discussion

This review shows that there is an abundance of cardiovascular risk prediction models 

than a decade ago,16 excluded models that were not internally or externally validated,18 or 
19

Clearly, the array of studies describing the development of new risk prediction models 
for cardiovascular disease (CVD) in the general population is overwhelming, whereas 

Healthcare professionals and policymakers are already in great doubt about which 

of spending large amounts of research funding on the development of new models, in 
this era of large datasets, studies need to be aimed at validating the existing models and 
preferably using head-to-head comparisons of their relative predictive performance, be 
aimed at tailoring these models to local settings or populations, and focus on improving 

48

We found much variability in geographical location of both model development and 
model validation, but the majority of models were developed and validated in European 

that more than three quarters of all CVD deaths occur in low income and middle income 
countries,49 a prediction model for people from Africa or South America has only recently 

50 Several prediction models have been developed using data from 
Asia (eg,44,51,52

Models tailored to these countries are important, as it is known that predictor-outcome 
53

compare and choose between the existing prediction models based on our review, let 

predicted probabilities and model performances, and consequently indicate different 

reporting of the predicted outcomes, preferably by explicit reporting of the ICD-9 or 

3
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ICD-10 codes for each outcome, would help the comparison of developed risk models, 

also the conduct of external validation of developed models and, most importantly, the 
30

more emphasis placed on repeating the process of identifying predictors and developing 
new models rather than validating, tailoring, and improving existing CVD risk prediction 

Strengths and limitations of this study
The major strengths of this review include the comprehensive search, careful selection 
of studies, and extensive data extraction on key characteristics of CVD risk prediction 

ago, and since then more than 4000 articles have been published that matched our 

Pooled Cohort Equations12 50

considering the large number of included models, including these articles is unlikely to 

focus from model development to model validation, head-to-head comparison, model 

have led to some underestimation of the number of models and external validations in 

for external validations of a model published in an article in which several models were 

therefore assumed all developed models in such articles as validated, which could even 

Comparison with other studies
As with previous reviews in other specialties,29,54,55 we found that important clinical and 
methodological information needed for validation and use of a developed model by 

of research waste, especially because it prevents future studies from summarising or 
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56 We have already 

Although we observed an improvement in the reporting of discriminative performance 

statement was recently published ( 30,57

Since the publication of the review by Beswick et al16 in 2008, in which they searched 

prediction models has more than tripled, from 110 to 363, revealing problems such as the 

prediction horizons, and study populations, and showing how poorly researchers make 

stated that -New prediction models should have multiple external validations in diverse 
populations with differing age ranges, ethnicity, sex and cardiovascular risk-,16 we still 

Presumably there are various reasons why researchers continue to develop a new CVD 
risk prediction model from scratch, such as the perceived lack of prediction models for 

existing models in another setting, availability of data with higher quality (eg, greater 
sample size, prospectively collected data), funding priorities, or merely self-serving to 

these studies are still similar in design and execution, as corresponding models often 
include the same (or similar) predictors, target the same (or similar) patient populations, 

without knowing—repeating the same process and mostly introduce implicit knowledge 

literature on prediction of CVD outcomes for the general population, we think it is time 

past few decades, statistical methods for building prediction models using established 

extending, and even combining the most promising existing models for prediction of 

3
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Ideally, systematic reviews also guide evidence informed health decision making, in 
this case leading to recommendations on which models to advocate or even use in 

independent investigators) of the majority of CVD risk prediction models, the even bigger 
lack of head-to-head comparisons of these models (even of the well known CVD risk 

developed models, and the large variability in studied populations, predicted outcomes, 
time horizons, included predictors, and reported performance measures, we believe it is 

were externally validated across various different locations, and ideally of models that 

CVD risk prediction models should attempt to identify boundaries of the external validity 

This leads to a number of new recommendations in the discipline of CVD risk 

initiative in obstetrics58

thus potential impact, of cardiovascular risk prediction models could substantially be 
improved by making better use of existing evidence, rather than starting from scratch 

59 Thirdly, the suitable and promising models for a 

and subsequently be validated (and if necessary tailored to the situation at hand), 
allowing for head-to-head comparisons such as previously done for prediction models 
for type 2 diabetes60 61 Fourthly, more work is 
needed to evaluate the presence of heterogeneity in performance of different models 

This can be achieved by combining the individual participant data (IPD) from multiple 
sources, including the increasingly available large registry datasets, and performing 

62,63 Analysis of such combined or large datasets has 
the advantage not only of increased total sample size, but also of better tackling case 

better tailoring of existing models to different settings and consequently improving 
the robustness and thus generalisability of prediction models across subgroups and 

59,63-68 If, after these efforts, generalisability of a developed 
and validated prediction model is still not good enough (eg, because of too much 
differences between populations, treatment standards, or data quality), more advanced 
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prediction modelling,69,70 modelling strategies that take into account treatment-covariate 
interactions,71 72,73 Finally, models with 
adequate generalisability -as inferred from external validation studies- should be 
evaluated for potential impact on doctors’ decision making or patient outcomes, before 

20,74 A recently published systematic review showed 
that the provision of risk information increases prescribing of antihypertensive drugs 
and lipid lowering drugs, but to our knowledge there are yet no studies investigating the 
effect of the use of prediction models and risk information provision on actual incidences 

27

Conclusions

The current literature is overwhelmed with models for predicting the risk of cardiovascular 

directly compared on their relative predictive performance, making them currently of yet 

We believe it is time to stop developing yet another similar CVD risk prediction model for 

in this era of large and combined datasets, we should focus on externally validating 
and comparing head-to-head the promising existing CVD risk models, on tailoring 
these models to local settings, to investigate whether they may be extended with new 
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Supplemental Table 1:

17 or/1-16
18 cardiovascular diseases/
19 coronary disease/

25 exp hypertension/
26 exp hyperlipidemia/
27 or/18-26

3
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54 or/28-53
55 27 and 54
56 17 or 55
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86 or/57-85
87 56 or 86
88 exp decision support techniques/
89 Diagnosis, Computer-Assisted/
90 Decision Support Systems,Clinical/
91 algorithms/

99 or/88-98

104 or/100-103
105 27 and 99 and 104
106 87 or 105

108 exp Stroke/

111 107 or 108 or 109
112 111 and 54
113 111 and 99 and 104
114 112 or 113
115 106 or 114 

3
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Supplemental Table 2: Continued

First author, publication year Number of models 
developed

Number of articles 
in which model is 
validated

Adult Treatment Panel III 20021 2 192-20

Alssema 201221 2 -

Anderson 1991a22 12 2823-50

Anderson 1991b51 4 109,25,52-59

Arima 200960 1 -

Asayama 200861 2 -

200662
2 -

200763
4 163

Aslibekyan 201164 2 164

Assmann 200265 1 65,7,66-69

Assmann 200770 3 171

Assmann 200866 1 -

Balkau 200472 8 -

Bastuji 200223 6 -

Beer 201173 1 -

Bell 201274 4 -

Berard 201175 1 -

Boland 200476 1 176

Bolton 201377 1 -

Boudik 200652 1 -

Brand 197678 1 -

Braun 201379 6 179

Brautbar 200980 2 -

Brindle 200681 32 -

Chamberlain 20113 2 -

Chambless 200382 4 383-85

Chen 200927 2 127

Chien 201071 2 -

Chien 201267 3 167

Supplemental Table 2: Continued

Supplemental Table 2: List of articles in which the development of a model was presented, the 
number of models that were developed in these articles and references of papers in which these 
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Supplemental Table 2: Continued

First author, publication year Number of models 
developed

Number of articles 
in which model is 
validated

Ciampi 200186 10 -

Conroy 200387 12 2124,27,43,44,55,85,88-102

Cook 20064 1 -

Cooper 20055 1 -

Cross 2012103 1 1103

D’Agostino 1994104 2 1105

D’Agostino 2000106 2 -

D’Agostino 2008107 4 156,20,28,43,50,53,73,108-115

Davies 2010116 1 -

31 5 -

Donfrancesco 2010117 2 -

Dunder 20047 1 -

Duprez 20118 1 -

Empana 2011118 1 -

Faeh 2013119 2 -

Ferrario 200569 1 -

Folsom 2003120 1 13

Friedland 2009121 7 1121

122 4 143

123 2 -

Hesse 2005124 1 1124

Hippisley-Cox 200734 2 428,29,33,35

Hippisley-Cox 2008b35 2 130

Hippisley-Cox 2010125 2 130

Hoes 1993126 2 -

Houterman 2002127 2 -

Ishikawa 2009128 3 -

Janssen 2005129 1 -

Kannel 1976130 2 -

Keys 1972131 4 1131

Knuiman 1997132 4 -

Knuiman 1998133 2 -

3
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Supplemental Table 2: Continued

First author, publication year Number of models 
developed

Number of articles 
in which model is 
validated

Koller 201210 4 -

L’Italien 2000134 1 1134

Larson 1995135 3 -

Leaverton 1987136 4 2132,136

Lee 2006137 2 -

Lee 2008138 4 -

Levy 1990139 4 1132

Liu 2004140 2 -

Lloyd-Jones 2006141 2 147

Lumley 2002142 2 1143

Macfarlane 2007144 1 -

Mainous 200793 3 -

Mannan 2010145 2 -

Mannan 2011146 1 -

Mannan 2013147 2 -

Matsumoto 2009148 2 -

May 200637 2 -

May 2007149 1 -

150 4 1150

McNeil 2001151 1 -

Menotti 1990152 1 -

Menotti 1994153 1 1153

Menotti 2000154 3 -

Menotti 2002155 3 -

Menotti 2005156 2 -

Merry 201294 1 -

Moons 2002157 3 -

Nelson 201240 1 140

158 6 -

Noda 2010159 3 -

Nordestgaard 2010160 1 -

Odell 1994161 9 -
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Supplemental Table 2: Continued

First author, publication year Number of models 
developed

Number of articles 
in which model is 
validated

Onat 2012162 2 -

Panagiotakos 200796 2 -

Pencina 2009163 1 -

Petersson 2009164 2 -

Plichart 2011165 2 -

Pocock 2001166 1 141

Polonsky 2010167 2 -

Prati 2011168 1 -

169 8 -

15 2 120

16 4 120

Schnabel 2009170 1 13

Shaper 1986171 2 -

Simons 200318 2 141

Smith 2010172 2 -

Tanabe 2010173 2 -

Teramoto 2008174 1 -

Thomsen 2001175 1 -

Thorsen 1979176 1 -

Truett 1967177 2 178

Tsang 2003178 1 1178

Tunstall-Pedoe 1991179 2 1179

Vergnaud 2008180 1 -

Voss 2002181 2 1182

Wilson 1987183 2 167

Wilson 1998184 2 412,3,15,54,68,69,88-90,93-

95,98,101,103,107,138,140,180,182,185-

205

Wolf 1991206 2 571,142,143,207,208

Woodward 200748 2 234,53

Wu 2006209 2 1209

Wu 2011210 2 -

211 1 -

3
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Supplemental Table 2: Continued

First author, publication year Number of models 
developed

Number of articles 
in which model is 
validated

49 3 -

- 384,85,212

Supplemental Table 3: 

Outcome N (%)

Fatal or nonfatal CHD

Fatal or nonfatal CVD

Fatal CVD

Fatal or nonfatal stroke

Fatal or nonfatal MI

Fatal CHD

All-cause mortality

Fatal nonCHD

Fatal or nonfatal stroke, TIA

Ischemic stroke

Fatal stroke

Hemorrhagic stroke

Nonfatal MI

Claudication

Coronary artery bypass grafting

Heart failure

Ischemic stroke, TIA

Nonfatal CHD

Percutaneous transluminal coronary angioplasty

TIA

Total 363
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Supplemental Table 4: Continued

Outcome 
category

Fatal or 
nonfatal CHD infarction, and any CHD, classical angina pectoris, clinical judgment of 

history, and (3) follow-up clinical diagnosis of possible heart disease with 

CHD death or hospitalization: ICD-9 410-414

fatal MI, angina pectoris, chronic heart disease of possible coronary origin, 
coronary bypass surgery, coronary angioplasty

CHD: death from CHD (sudden or non-sudden), myocardial infarction, angina 

revascularization

CHD: fatal and non-fatal myocardial infarction, angina pectoris, cardiac/
sudden death, and angioplasty

CHD: fatal and non-fatal myocardial infarction, cardiovascular death, angina 
pectoris

CHD: ICD-9: 410-414

CHD: presence of angina pectoris, a history of myocardial infarction with or 

revascularisation, death from heart failure of coronary origin and fatal 
coronary event

CHD: sudden coronary death, fatal acute myocardial infarction, nonfatal 

for angina pectoris with CHD angiographically demonstrated

Supplemental Table 4: Continued
Supplemental Table 4: 

3
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Supplemental Table 4: Continued

Outcome 
category

any other associated hospital information or medical history, including that 

Coronary artery disease

Coronary artery disease or coronary artery disease death (angina pectoris, 

799, 250, 428, 440 in association with 410-414 codes in other causes were 

Coronary heart disease

Coronary heart disease (MI, CHD death, angina pectoris, coronary 

Coronary heart disease events: myocardial infarction or death from coronary 

angina), myocardial infarction, and sudden death

infarction (recognized or not), sudden death

Coronary heart disease: angina pectoris, recognized and unrecognized 

death

Coronary heart disease: coronary revascularization or fatal or nonfatal 
myocardial infarction

Coronary heart disease: hospitalization for angina pectoris, myocardial 

codes), or a revascularization procedure (percutaneous intervention or 

Coronary heart disease: MI or acute coronary death

Coronary heart disease: MI, aorto-coronary bypass, angina, other forms of 

or after surgery

Coronary heart disease: myocardial infarction, death due to CHD, 

revascularization
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Supplemental Table 4: Continued

Outcome 
category

Coronary mortality, non-fatal myocardial infarction

infarction

Fatal and nonfatal CHD: angina pectoris and myocardial infarction (ICD-9 

Fatal or non-fatal myocardial infarction, angioplasty, coronary artery bypass 
surgery

death due to CHD

First coronary heart disease event

Hard CHD: acute myocardial infarction, sudden death, and other coronary 
deaths

Incident cases of coronary heart disease: death with an underlying or 

Incident coronary heart disease: a clinical diagnosis of an acute myocardial 
infarction, unstable angina pectoris, a percutaneous transluminal coronary 
angioplasty, or coronary artery bypass grafting according to the Cardiology 
information system or coronary heart disease as primary or secondary 
cause of death according to Statistics Netherlands (ICD9 410–414 or ICD10 

Incident coronary heart disease: fatal and nonfatal myocardial infarction, 
percutaneous coronary intervention, coronary artery bypass graft

Incident coronary heart disease: myocardial infarction, fatal coronary heart 
disease, cardiac procedure

Ischemic cardiovascular disease: acute myocardial infarction, coronary 
death, ischemic cardiac arrest, ischemic stroke (brain infarction due to 
occlusion of precerebral arteries or embolic brain infarction, ICD-9 433-434)

3
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Supplemental Table 4: Continued

Outcome 
category

Major coronary events: nonfatal MI and coronary deaths

Major coronary events: sudden coronary death, non-sudden coronary death, 

fatal chronic ischemic heart disease, surgery of coronary arteries

Myocardial infarction, undergone coronary artery bypass grafting, had 
percutaneous coronary intervention, or had a coronary angiography or 
computed tomography angiography demonstrating a stenosis of at least 

fatal MI (MI 28 d before death and no known nonatherosclerotic cause of 
death), atherosclerotic CHD death (Chest pain 72 h before death and no 

heart disease in the absence of valvular heart disease or nonischemic 

Fatal or 
nonfatal CVD 

Atherosclerotic CVD: ICD-8 D410-D414, D427, D430-438, D440-444

Cardiovascular disease

Cardiovascular disease event: coronary heart disease (CHD) and stroke

Cardiovascular disease event: coronary heart disease (CHD) and stroke - 

Cardiovascular disease: coronary heart disease (angina and myocardial 
infarction), stroke, or transient ischaemic attacks in the term cardiovascular 

Cardiovascular disease: coronary heart disease, congestive heart failure, 
cerebrovascular disease, intermittent claudication

Cardiovascular disease: includes coronary heart disease (angina and 
myocardial infarction), stroke, or transient ischaemic attacks, but not 

Cardiovascular disease: myocardial infarction, coronary heart disease, 

resulting from coronary heart disease, angina pectoris, atherothrombotic 
stroke, intermittent claudication, or other cardiovascular death
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Supplemental Table 4: Continued

Outcome 
category

Cardiovascular disease: stroke or coronary heart disease including acute 
myocardial infarction, silent myocardial infarction, sudden cardiac death 
within 1 h after onset of acute illness, coronary artery disease followed 

acute myocardial infarction, silent myocardial infarction, sudden cardiac 
death within 1 h after the onset of acute illness, or coronary artery disease 

infarction was diagnosed when a subject met at least two of the following 
criteria: (1) typical symptoms, including prolonged severe anterior chest 

and (4) morphological changes, including local asynergy of cardiac wall 
motion on echocardiography, persistent perfusion defect on cardiac 
scintigraphy, or myocardial necrosis or scars 41 cm long accompanied 

symptoms or abnormal cardiac enzyme changes, and was detected by 

determination of its pathological type were based on the clinical history, 
neurological examination and all available clinical data, including brain CT/

Cardiovascular events (myocardial infarction, ischemic stroke, coronary 

CHD, ischemic stroke and MI (ICD codes of 433–434 (I63), 410–414 (I20–I25) 
and 410–411 (I21–I22, I24))

CHF, AF, MI, coronary revascularisation, stroke, transient ischemic attack 

CVD including coronary heart disease, stroke, or peripheral vascular disease

non-fatal MI, angina pectoris, chronic heart disease of possible coronary 
origin, coronary bypass surgery, coronary angioplasty, cerebrovascular 
death (ICD-9 430-438), stroke, TIA, peripheral artery disease, intermitted 
claudication, aortic aneurysm, arterial surgical procedures

CVD: cardiovascular death, non-fatal myocardial infarction or non-fatal 
cerebrovascular event

angina), cerebrovascular events (including ischaemic stroke, haemorrhagic 
stroke, and transient ischaemic attack), peripheral artery disease 
(intermittent claudication), and heart failure

and angina), cerebrovascular events (ischemic stroke, haemorrhagic 
stroke, transient ischemic attack), peripheral artery disease (intermittent 

3



112

Chapter 3

Supplemental Table 4: Continued

Outcome 
category

myocardial infarction, sudden or non-sudden death attributed to coronary 
disease), cerebrovascular accident (stroke, transient ischaemia, cerebral 
embolism, intracerebral or subarachnoid haemorrhage), intermittent 
claudication, and congestive heart failure

CVD: death from CHD (sudden or non-sudden), myocardial infarction, angina 

CVD: death, myocardial infarction, stroke, congestive heart failure, and 
coronary revascularisation including coronary artery bypass grafting and 
percutaneous transluminal coronary angioplasty

CVD: fatal and non-fatal myocardial infarction, cardiovascular death, 
angina pectoris, fatal and non-fatal stroke, transient ischaemic attack 
and subarachnoid haemorrhage, fatal and non-fatal heart failure and 
cerebrovascular death of other origin

CVD: myocardial infarction, angina, stroke, coronary artery bypass surgery, 
percutaneous coronary intervention, heart failure, peripheral vascular 
disease

CVD: myocardial infarction, angina, stroke, left ventricular or congestive 
cardiac failure, peripheral vascular event, sudden/rapid cardiac death, heart 
failure death or other coronary or cardiovascular death

CVD: myocardial infarction, ischemic stroke, coronary revascularization 
procedures, deaths from cardiovascular causes

Deaths from cardiovascular causes (ICD-9 codes 390–459, ICD-10 codes 
I00-I99) or any hospital discharge diagnosis post recruitment (potentially 
several per admission) for coronary heart disease (ICD-9 410–414, ICD-10 

Fatal or nonfatal CVD (myocardial infarction, percutaneous transluminal 
coronary angioplasty, coronary artery bypass graft, angina pectoris, stroke, 
claudication intermittent, peripheral intervention, or heart failure), sudden 

death due to diseases of the cardiovascular system (ICD-10: I00–I99) and 

Fatal/nonfatal cardiovascular events: ICD-8 and ICD-9: 410–414, 431, 433, 
434, 435, 436, 437, 440, 441, ICD-10: I20–I25, I61, I63-I66, I70–I72
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Supplemental Table 4: Continued

Outcome 
category

unavailable article), major peripheral artery disease (manifested as fatal 
peripheral artery disease, or as fatal or non-fatal gangrene of the extremities, 
or as fatal or non-fatal aneurysm of the aorta in any anatomical site, or as 
surgical procedures for aortic aneurysm or for lower limb artery disease, or 
as any other fatal cardiovascular event attributed to arteriosclerosis)

First occurrence of cardiovascular disease: myocardial infarction, stroke, 
death from cardiovascular causes, percutaneous transluminal coronary 

Hard cardiovascular disease: recognized MI, sudden death, or 
atherothrombotic brain infarction

Hard CV events: coronary death, myocardial infarction, stroke

Incident cardiovascular disease (CHD or stroke): death with an underlying or 

Major cardiovascular events: major coronary events (sudden coronary death, 

haemorrhagic and thrombotic stroke, surgery of carotid arteries), plus major 
peripheral artery events comprising fatal and non-fatal aortic aneurysms, 

Myocardial infarction (recognized or unrecognized), coronary heart disease, 

Myocardial infarction, stroke, coronary revascularization procedures, or 
cardiovascular death

(ABI)

Fatal CVD Cardiovascular death: ICD-10 codes I00-I99

Cardiovascular death: ICD-9 codes 401–414 and 426–443, with the exception 

Cardiovascular mortality (ICD-10: I10 to I79)

Cardiovascular mortality: ICD-9 codes 401 through 414 and 426 through 

3
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Supplemental Table 4: Continued

Outcome 
category

CVD death: death from MI, CHD death, angina pectoris, coronary 

Fatal cardiovascular events: deaths with an underlying cause given as ICD-10 

Fatal CVD

Fatal CVD: all deaths due to ischaemic heart disease (ICD-9 410–414) and 
cerebrovascular accidents (ICD-9 430–438)

Fatal CVD: ICD-8: 390–458, ICD-10: I00-I99

Sudden death

Fatal or 
nonfatal 

fatal/non-fatal stroke of all types

fatal/non-fatal stroke: Atherothrombotic brain infarction, Transient ischemic 
attack, Cerebral embolus, Intracerebral haemorrhage, Subarachnoid 
haemorrhage

thrombotic stroke, surgery of carotid arteries

nonfatal ischemic stroke, transient ischemic attack (TIA) or all-causes 
vascular death

Stroke

lasting more than 24 hours unless death supervenes, or if it lasts less than 

The event could not be directly caused by trauma to the brain, tumour, or 

(CH), cerebral infarction (CI), and subarachnoid hemorrhage (SAH), were 
determined by using the criteria of the National Institute of Neurological 

Stroke: a sudden neurological symptom of vascular origin that lasted 24 

Stroke: ICD-9-CM, 430-437, or ICD-10 I60-I69

Stroke: including transient ischemia
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Supplemental Table 4: Continued

Outcome 
category

lasting more than 24 hours unless death supervenes or, if less than 24 hours, 

Fatal or 
nonfatal MI 

Acute MI

Acute MI: based on chest pain, cardiac enzyme levels, and 

study 28 or from the World Health Organization

Fatal or non-fatal major ischaemic heart disease: A fatal case was 
considered to have occurred if ischaemic heart disease (ICD codes 410-

myocardial infarction was diagnosed according to World Health Organisation 
criteria

Fatal or nonfatal MI

on electrocardiographic changes accompanied by symptoms, which, in 
retrospect, were consistent with acute MI but which had not been recognized 

diagnosis of recognized MI was based on clinical data with or without 

Heart attack: recognized MI or sudden death

MI

MI (ICD 410/I21)

10th edition: codes I21- I22

Myocardial infarction case: criteria from MONICA project

Myocardial infarction: including silent and unrecognized MI

infarction according to the criteria of the World Health Organization 
Multinational Monitoring of Trends and Determinants in Cardiovascular 
Disease (MONICA) Project

Fatal CHD 

CHD death: ICD-9 410-414

Coronary death: ICD-9 410-414

3
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Supplemental Table 4: Continued

Outcome 
category

Coronary heart disease death (ICD-9 410, 411, 412 or 414)

Coronary heart disease death: death from MI, CHD death, angina pectoris, 

Fatal coronary heart disease

Fatal coronary heart disease (ICD 410-414)

Nonsudden/sudden coronary death

All-cause All-cause mortality

Nonfatal CHD 

Fatal nonCHD: ICD-9 codes 401 through 409 and 426 through 443, with the 

Fatal or 
nonfatal 
stroke, TIA 

Fatal and non-fatal stroke, transient ischaemic attack and subarachnoid 
haemorrhage

of Cerebrovascular Disease III by the National Institute of Neurological 
Disorders and Stroke

Atrial 

on an electrocardiograph

Ischemic 

Atherothrombotic brain infarction

Ischemic stroke

Cerebral Infarction: criteria of the National Institute of Neurological Disorder 
and Stroke

Fatal stroke 

Haemorrhagic 
Haemorrhagic stroke

Cerebral haemorrhage: criteria of the National Institute of Neurological 
Disorder and Stroke

Nonfatal MI Non-fatal acute myocardial infarction
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Supplemental Table 4: Continued

Outcome 
category

Heart failure 

Ischemic 
stroke, TIA 

magnetic resonance imaging and/or computerized tomography

TIA

Claudication Claudication

Coronary artery bypass grafting

Percutaneous transluminal coronary angioplasty

Supplemental Table 5: 

Method N (%)

Cox proportional hazards regression

Accelerated failure time analysis

Logistic regression

Other parametric survival model

Competing risk model

Conditional logistic regression

Poisson regression

Expert weighing

Neural network

Not reported

Total 363

3
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Supplemental Table 6: 

Prediction horizon N (%)

5 years

5-10 years

10 years

10-20 years

20-30 years

Not reported

Total 363

Supplemental Table 7: Characteristics of developed models that were and were not externally 

 
Validated (n=132) 
N (%)

Not validated (n=231) 
N (%)

Study design
cohort)

case-control)

Men

Women

Men and women

Prediction 
horizon

10 years

Not reported

Modelling 
method

Survival model

Logistic regression

Other

Not reported

Internal 
validation

No

Presentation Model can be used for 
individual risk predictions

Model cannot be used for 
individual risk predictions



119

Prediction models for CVD in the general population

Performance 
reported

Discrimination

Calibration

Overall performance

Any performance measure

N reported Median N reported Median

Publication year 132 2003 231 2006

Impact factor 125 220

Number of participants 113 4,890 226 3,513

Number of events 80 364 209 181

Lower age limit 124 35 213 35

Upper age limit 124 74 213 74

Number of predictors 130 7 227 6

A

Supplemental Figure 1: Study design, location and age of included participants of all developed 

B

C

3
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C

D 3
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E

F
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G

Supplemental Figure 2: Ages of people included in external validations of the 7 most often validated 

A: Framingham Wilson 1998,184 B: Framingham Anderson 1991a,22 87 D: 
Framingham D’Agostino 2008,107 E: Framingham ATP III 2002,1 F: Framingham Anderson 1991b,51 

34

3
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Reference list of included studies

on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults (Adult 
Circulation

American Heart Journal 

American Journal of Cardiology 

Annals of Internal Medicine 

point-scoring systems for estimation of individual risk of coronary heart disease 
Atherosclerosis

Stroke

including proinsulin and the apolipoprotein B/apolipoprotein A1 ratio, for the risk 
of acute coronary events in middle-aged men: Uppsala Longitudinal Study of Adult 

American Heart Journal

and cardiac functional and structural screening to identify risk of future morbid 
J Am Soc Hypertens

Diabetes & Metabolism Journal

Annals of Internal Medicine

American Heart Journal
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of current guidelines for coronary heart disease prevention: optimal use of the 
Atherosclerosis

disease risk prediction with and without knowledge of genetic variation at 
Annals of Internal Medicine

risk prediction in diabetic men and women using hemoglobin A1c vs diabetes as a 
Archives of Internal Medicine

algorithms for the assessment of global cardiovascular risk in women: the 
JAMA 

Circulation

Journal of the American College 
of Cardiology

Med J Aust

Journal of the 
American College of Cardiology

Circulation 

One risk assessment tool for cardiovascular disease, type 2 diabetes, and chronic 
Diabetes Care

Am Heart J

The Framingham prediction rule is not valid in a European population of treated 
Journal of hypertension
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Journal of Public 
Health

accuracy of the Framingham coronary risk score in British men: prospective cohort 
BMJ

accuracy of the Framingham risk-score in different socioeconomic groups: a 
British Journal of General Practice

European Journal of Cardiovascular Prevention & Rehabilitation

BMJ 

BMJ (Clinical 
research ed.)

United Kingdom: independent and external validation of an updated version of 
BMJ

cardiovascular mortality in older people: population based observational cohort 
BMJ

Eur Heart J 

Heart

BMJ

Predicting cardiovascular risk in England and Wales: prospective derivation and 
BMJ
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BMC Public Health

assessment in older women: can we improve on Framingham? British Women’s 
Heart

The New Zealand medical journal

New Zealand Medical Journal

American Journal of 
Hypertension

cardiovascular events in subjects in the second Australian National Blood Pressure 
Hypertension

of the Framingham and European Society of Cardiology coronary heart disease risk 
Am Heart J

based versus commonly used laboratory-based cardiovascular disease risk scores 
PLoS ONE [Electronic Resource]

European Journal of Cardiovascular Prevention & Rehabilitation

CVD-New Zealand Medical Journal

Heart 

American Journal of Cardiology 

Heart
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Journal of Clinical Epidemiology 

cardiovascular risk prediction algorithms in an Australian population: the ‘old’ 
European Journal of Cardiovascular 

Prevention & Rehabilitation

Circulation

prevention of coronary artery disease among middle aged men in Prague: twenty-
Atherosclerosis

Heart

European 
Journal of Public Health

J Clin Epidemiol

Framingham model to predict heart disease in the United Kingdom: retrospective 
BMJ

applicable to Aboriginal people? Med J Aust

Archives of Internal Medicine

validation of a cardiovascular risk prediction model for Japanese: the Hisayama 
Hypertension Research - Clinical & Experimental

Hypertension Research - Clinical & Experimental
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Development of a cardiovascular risk score for use in low- and middle-income 
Journal of Nutrition

of acute coronary events based on the 10-year follow-up of the prospective 
Circulation

International Journal of Obesity

point-based prediction model for the risk of coronary artery disease in a Chinese 
International Journal of 

Cardiology

Eur Heart J
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European Journal of Clinical Investigation

prediction model for the risk of stroke in a Chinese population: report from a cohort 
Stroke

of the risk of cardiovascular mortality using a score that includes glucose as a risk 
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risk factors for incident cardiovascular events have limited importance in later 
Stroke 
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risk of all-cause mortality: assessment of a risk prediction algorithm in a French 
European Journal of Epidemiology

Cardiovascular prevention in general practice: development and validation of an 
Acta Cardiologica

PLoS ONE

Circulation

Cardiovascular Diabetology

Impact of adding a single allele in the 9p21 locus to traditional risk factors on 

Circulation. Cardiovascular 
Genetics

prevention of cardiovascular disease: a web-based risk score for seven British black 
Heart

J Clin Epidemiol

The 9p21 genetic variant is additive to carotid intima media thickness and plaque 
in improving coronary heart disease risk prediction in white participants of the 

Atherosclerosis
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Journal of the 

American College of Cardiology
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European Journal of Cardiovascular 
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Abstract

Background: The Framingham risk models and Pooled Cohort Equations (PCE) are 
widely used and advocated in guidelines for predicting the 10-year risk of developing 
coronary heart disease (CHD) and cardiovascular disease (CVD), respectively, in the 

summarize the predictive performance of three widely advocated cardiovascular risk 
prediction models (Framingham Wilson 1998, Framingham ATP III 2002 and PCE 2013) 
in men and women separately, and to assess the generalizability of performance across 
different subgroups and geographical regions and determine sources of heterogeneity 

Methods: A search was performed in October 2017, to identify studies investigating 

they externally validated one or more of the original models in the general population 

bias for each validation and extracted data on population characteristics and model 

summarized using random effects models and sources of heterogeneity were explored 

Results:

heterogeneity in the c-statistic between studies, likely due to differences in eligibility 

Conclusions: The Framingham Wilson, Framingham ATP III and PCE discriminate 
comparably well but all overestimate the risk of developing CVD, especially in higher risk 

we highly recommend that researchers further explore reasons for overprediction and 
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Introduction

1 Various strategies, ranging from lifestyle advice to the use of blood 
2-4 

high risk individuals for targeted intervention using so-called CVD risk prediction models 
5 Evidently, it is crucial that CVD risk predictions made 

lead to overtreatment or undertreatment, resulting in either unnecessary costs or disease 

Clinical guidelines from the National Cholesterol Education Program previously 
6 Currently, the 

American College of Cardiology and American Heart Association (AHA) jointly developed 
and advocated the Pooled Cohort Equations (PCE) to predict 10-year risk of CVD for all 

5 Interestingly, the Framingham Wilson model7 is, to our best 
knowledge, not mentioned in clinical guidelines, although it is the model that has been 

8

All three models have been externally validated numerous times across different 

9-12 Some reports have, however, presented contrasting results and 
13,14 

Despite the heterogeneity found between the results and conclusions of these 
external validation studies, a comprehensive systematic overview and meta-analysis 
of all existing evidence on the predictive performance of the Framingham Wilson, ATP 

a vital tool in the cycle of prediction model development, validation and updating15 and 
clearly help researchers, policy makers and clinicians to evaluate which models can 

is not mentioned in clinical guidelines, it is relevant to review this prediction model, 

prediction model, and have used it to assess the incremental value of new predictors, or 
8 Preferably, a meta-analysis of 

the performance of a prediction model should be performed to quantify the performance 
and to investigate sources of heterogeneity, to better understand how the model can be 

We, therefore, compared the predictive performance of the Framingham Wilson, 
Framingham ATP III, and PCE models (see Supplement 1 for details on these prediction 

appraisal, of all published studies that externally validated one or more of these three 

4
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models, followed by a formal meta-analysis to summarize and compare the overall 
predictive performance of these models, and the predictive performance across pre-

models but focused on these three most widely advocated and used models in the 

Box: Terminology 

Case-mix / patient spectrum

Prediction horizon

External validation Estimating the predictive performance of an existing 
prediction model in a dataset or study population other than 

Predictive performance Accuracy of the predictions made by a prediction model, often 

Discrimination Ability of the model to distinguish between people who did and 

Concordance (c)-statistic
of which one developed the outcome and the other did not, 
the former has a higher predicted probability according to 

16

Calibration Agreement between observed event risks and event risks 

Observed Expected (OE) 
ratio

The ratio of the total number of outcome events that occurred 

Calibration slope Measure that gives an indication of the strength of the 

(low risk individuals have a predicted risk that is too low, and 
high risk individuals are given a predicted risk that is too 

17,18

Model updating / 
recalibration

When externally validating a prediction model, adjusting 
the model to the dataset in which the model is validated, to 
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Updating the baseline 
hazard or risk

When externally validating a prediction model, adapting the 
original baseline hazard or intercept of the prediction model 

method corrects for differences in observed outcome 
incidence between the original development and external 

Updating the common slope When externally validating a prediction model, adapting the 

to proportionally adjust for changes in predictor outcome 
19

Model revision Taking the predictors of an existing, previously developed 

Methods

We conducted our review based on the steps described in the CHecklist for critical 

20 and in a recently published guidance paper on the systematic review and 
15 

Search and selection

8,21 Studies published after June 2013 were 

2017 that cited the studies in which the development of one of the original models 

Eligibility criteria
Studies were eligible for inclusion if they described the external validation of Framingham 
Wilson 1998,7 Framingham ATP III 2002,6 22 Studies were included if they 
externally validated these models for fatal or nonfatal coronary heart disease (CHD) in 
the case of Framingham Wilson and ATP III, and hard atherosclerotic CVD (here referred 
to as fatal or nonfatal CVD) in the case of PCE, separately for men and women, in a 

4
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23,24 see Box) before external validation were 

Studies in which the models for men and women were combined in one validation (with 
one performance measure reported for men and women together instead of two separate 

of an additional predictor on top of the original model were also excluded, unless the 
authors explicitly reported on the external validity of the original model before adding 

validation with eligibility criteria and predicted outcome that most closely resembled 

25 

Data extraction and critical appraisal
For each included study, data were extracted on study design, population characteristics, 
participant enrolment, study dates, prediction horizon, predicted outcomes, predictors, 

20 and a 

26,27

extraction form in a team of three reviewers, data were extracted by one of the three 

Information was extracted on model discrimination and calibration, before and, if 
reported, after model updating, in terms of the reported concordance (c)-statistic and 

standard error of performance measure or population characteristics), we contacted 

15 
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Statistical analyses

on previous recommendations,15,28 we pooled the log OE ratio and logit c-statistic using 

gender, resulting in six main groups: Wilson men, Wilson women, ATP III men, ATP 

performance estimate and the PI provides boundaries on the likely performance in 
future model validation studies that are comparable to the studies included in the meta-
analysis, and can thus be seen as an indication of model generalizability (Supplement 

29 The observed and predicted probabilities in risk categories were plotted against 
each other and combined into a summary estimate of the calibration slope using mixed 

Since between-study heterogeneity in estimates of predictive performance is 
expected due to differences in the design and execution of validation studies,15 we 
investigated whether the c-statistic differed between validation studies with different 

30 using the 
packages metafor,31 mvmeta,32 metamisc,33 34 

4
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Results

these 1685 studies, 304 studies were screened on full-text and data were extracted for 
61 studies, describing 167 validations of the performance of one or more of the three 

Description of included validations

times (men: 23, women: 15), Framingham ATP III 13 times (men: 7, women: 6), and PCE 61 

excluded 18 and 9 external validations because the OE ratio and c-statistic, respectively, 
were not available, and subsequently excluded 20 and 26 external validations for the OE 
ratio and c-statistic, respectively, because cohorts were used multiple times to validate 

than three quarters of the validations scored high risk of bias for sample size and 
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Figure 1: Flow diagram of selected studies. Two searches were performed; one in MEDLINE and Embase and 

†The Framingham Wilson 

4
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Figure 2: Summary of risk of bias assessments for validations included in the meta-analyses of 

Calibration
Figure 3 shows the calibration of the six main models, as depicted by their 10-year 

predictions provided by the models were typically higher than observed in the validation 

than the actual number of events in two studies (one in healthy siblings of patients with 
premature coronary artery disease,35 and one in community-dwelling individuals aged 
70–7936 37 and 
Korean38
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Figure 3:

Meta-analysis revealed a considerable degree of between-study heterogeneity in OE 

results of the summary calibration slope suggest that miscalibration of the Framingham 
Wilson and ATP III models, and PCE men model was mostly related to heterogeneity in 
baseline risk (as the summary calibration slope is close to 1), while for PCE women we 

4
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Figure 4: 

(overprediction) and points above the line indicate fewer events were predicted than observed 
39
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Discrimination
For all models, discriminative performance was slightly better for women than for men, 

validations model updating was performed, of which 13 reported the c-statistic after 

Sensitivity analyses
Sensitivity analyses revealed no effect of study quality and different weighting strategies 
on the pooled performance of the models, both for calibration and discrimination 

For women, the highest c-statistics were reported in studies with large variety in case-

in the United States was closer to 1 compared to Europe, but the number of external 

appeared to decrease with increasing mean age, mean systolic blood pressure and 
standard deviation of HDL cholesterol, and to increase with increasing standard deviation 

4
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Figure 5:

-
formance of the model in the development population (Wilson (no standard error reported)) and 

Figure 6: (right page) 

black circles and triangles represent the performance of the PCE models for Whites and African-

or CVD, grey means people with previous CHD events were excluded from the study, and black 

disease, white means that no restrictions were reported and black means that people with these 
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Men

Women

4
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Discussion

We systematically reviewed the performance of the Framingham Wilson, Framingham 
ATP III, and PCE models for predicting 10-year risk of CHD or CVD for men and women 

performance between the three models, but large differences in performance between 

of the models, we found that performance of all three models was consistently better 

attributed to a stronger association between risk factors and CVD in women compared 
40 In agreement with previous systematic reviews,21,41-43 we found that all models 

overestimated the risk of CHD or CVD, and this overestimation was more pronounced in 

44-46 

There could be several reasons for the observed overprediction, which have also 
43,47,48 First, differences 

have been (partly) developed using data from the 1970s and since then treatment of 
people at high risk for a CVD event has changed considerably, such as the introduction of 

49 The increased use of effective treatments over time aimed at preventing 
CVD events will lower the observed number of events in more recent validation studies, 

50-52 This would also 
explain why overprediction was most pronounced in high-risk individuals and why we 

We hypothesized that the degree of overprediction would increase over the years,21,41 

PCE excluded participants receiving treatment to lower CVD risk at baseline, but we 
found no difference in performance between validations that did or did not exclude 

was rarely reported in these studies, we cannot rule out an effect of incident treatment 
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52 Third, we found more overestimation of risk in European 
populations compared to those of the United States whereas in some Asian populations 

in, for example, unmeasured CVD risk factors and in the use of preventive CVD strategies 

53,54 and the guidance on adjusting for treatment use 
in prediction model studies,51,52,55 we also strongly recommend investigators of future 

rather than overprediction by the models, there could also be issues in the design of 

of people receiving treatment, short follow-up duration, and inclusion of ethnicities 
not included in development of the models, have been mentioned as reasons for the 

56-60 Others have however shown that the overestimation could 
50,61

Implications for practice and research
According to the ACC-AHA guidelines,5 risk lowering treatment is considered in people 
40-75 years old, without diabetes, with LDL cholesterol levels between 70 and 189 

and patient about adverse effects and patient preferences, it is decided whether risk 

overprediction does not consistently occur across different settings and populations, 

on calibration in subgroups, we found that overestimation was more pronounced in 

In general, the performance of prediction models tends to vary substantially across 
different settings and populations, due to differences in case-mix and health care 

62

performance and multiple validations are necessary to get insight in the generalizability 
46 Based on this review, it can be concluded that none of the models 

offer reliable predictions unless (at least) their baseline risk or hazard (and, if applicable, 

4
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Studies that reported performance of the model before and after update showed that 
11,13,14,38,63,64 As previously emphasized, 

23,24,65 Hence, it appears that 
conventional predictors, such as age, smoking, diabetes, blood pressure and cholesterol, 
are still relevant indicators of 10-year CHD or CVD risk, and their association with CVD 

has already been discussed more than 15 years ago,14,66

We believe this should change now, especially since nowadays applying simple model 
updating is becoming increasingly possible, due to improvements in the storage of the 

of outcomes and predictors,67

68-71

These suggestions, however, offer no short-term solution for practitioners currently 

in populations where CVD risk prediction models and their corresponding treatment 
72 Furthermore, statins have been proven effective with limited 

4 Finally, we advise practitioners to choose a model that predicts a 
clinically relevant outcome (for example (according to the AHA), CVD rather than only 
CHD, since stroke and CHD share pathophysiological mechanisms22,73), consists of 
predictors available in their situation, and is developed or updated in a setting that 

Limitations

used prediction models in the United States, while in Europe many more prediction 
74 and 

68 The differences between all these models are however limited, as most 

by the authors of primary validation studies and we unfortunately had to exclude relevant 
validations from our meta-analyses because of unreported information which we could 

additional information and we had to exclude 9 validations for the c-statistic and 18 for 

ratio in categories of predicted risk, which showed there was more overestimation of 
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the calibration slope, which suggested that miscalibration of the Framingham Wilson 
and ATP III models and PCE men model was mostly related to heterogeneity in baseline 

8 
Fourthly, because of the low number of external validation studies, especially for the ATP 

Conclusion

The Framingham Wilson, Framingham ATP III and PCE prediction models, perform equally 

All three prediction models overestimate the risk of CHD or CVD, which could lead to 

focus on offering health care professionals the right tools and information on how to 
23,24,65 rather than providing yet 
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1 Supplementary introduction

1.1 Review question and PICOTS components

and PCE models in men and women separately for predicting 10-year risk of coronary heart 

Intervention and Comparators - Framingham Wilson 1998, Framingham ATP III 2003, PCE 
2013, for men and women separately

Outcome - Outcome for which the original models were developed (fatal or nonfatal CHD for 
ATP III and Wilson, fatal or nonfatal CVD for PCE)

Timing/prediction horizon - 10 years

Setting - Primary care and public health

1.2 Overview of Framingham prediction models and PCE 

Framingham Wilson1 Framingham ATP III2,3 PCE4

Development 
cohort(s)

- Framingham 
Heart Study: 11th 
examination of the 
original Framingham 
cohort or initial 
examination of 
the Framingham 
Offspring Study

- Framingham Heart 
Study

- Framingham Heart 
Study: original and 

study
- Cardiovascular Health 
Study (CHS)

In/exclusion 
criteria

People aged 30 
to 74 years old at 
the time of their 
Framingham Heart 
Study examination in 

with overt CHD at the 
baseline examination 

People aged 20 to 79 People aged 40 to 79, 
apparently healthy, 
African American or 
White, and free of a 
previous history of 
myocardial infarction 
(recognized or 
unrecognized), stroke, 
congestive heart failure, 
percutaneous coronary 
intervention, coronary 
bypass surgery, or atrial 
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Framingham Wilson1 Framingham ATP III2,3 PCE4

Predictors Age
Smoking
Diabetes
Systolic blood 
pressure
Diastolic blood 
pressure
Total or LDL 
cholesterol
HDL cholesterol

Age
Smoking
Systolic blood 
pressure
Treatment of blood 
pressure
Total cholesterol
HDL cholesterol

Age
Smoking
Diabetes
Systolic blood pressure
Treatment of blood 
pressure
Total cholesterol
HDL cholesterol

Predicted outcome Fatal or nonfatal CHD, 

pectoris, recognized 
and unrecognized 
myocardial 
infarction, coronary 

coronary heart 

Fatal or nonfatal 

myocardial infarction 

Atherosclerotic CVD 

myocardial infarction 
or coronary heart 
disease death, or fatal or 

Prediction horizon 10 years 10 years 10 years

2 Supplementary methods

2.1 Search strategy

2.1.1 MEDLINE search strategy

4
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17 or/1-16
18 cardiovascular diseases/
19 coronary disease/

25 exp hypertension/
26 exp hyperlipidemia/
27 or/18-26

54 or/28-53
55 27 and 54
56 17 or 55
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86 or/57-85
87 56 or 86
88 exp decision support techniques/
89 Diagnosis, Computer-Assisted/
90 Decision Support Systems,Clinical/
91 algorithms/

4
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99 or/88-98

104 or/100-103
105 27 and 99 and 104
106 87 or 105

108 exp Stroke/

111 107 or 108 or 109
112 111 and 54
113 111 and 99 and 104
114 112 or 113
115 106 or 114 

2.1.2 Citation search

Web of Science and Scopus were searched for studies citing the following references:
Wilson:

Circulation
ATP III:

on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults (Adult 
Circulation

(NCEP) Expert Panel on Detection, Evaluation, And Treatment of High Blood Cholesterol 
JAMA

PCE:

assessment of cardiovascular risk: a report of the American College of Cardiology/
Circulation

assessment of cardiovascular risk: a report of the American College of Cardiology/
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J Am Coll Cardiol 

2.2 Items for data extraction

Item Description / examples

Validated model

Study type

Study design Cohort, randomized controlled trial

Eligibility criteria for 
participants

Study dates

Prediction horizon

Case-mix Information on the frequency, or mean/median and spread 
of the following population characteristics of the validation 
study: age, smoking, diabetes, treatment, hypertension, 
systolic blood pressure, diastolic blood pressure, total 
cholesterol, LDL cholesterol, HDL cholesterol, race, other 
diseases, linear predictor, 10-year predicted survival 

Predictors

Predicted outcome

Sample size Number of participants, number of events, Kaplan-Meier 10-

Performance C-statistic, 10-year total observed/expected ratio, standard 

4
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2.3 Formulas used to estimate missing quantitative information

Case-mix variables
For the case-mix variables age, systolic blood pressure (SBP), HDL cholesterol and total 
cholesterol, we needed the mean and standard deviation (sd) for our analyses, however 
some studies only reported the median and 25th and 75th percentiles, or the minimum 

5 
If only the range was reported, we used equation 5 from the same paper to approximate 

6 To estimate the mean and sd, we took bootstrap samples from a 
uniform distribution per category, with sample size equal to the number of participants 

was repeated 1000 times, and subsequently the overall (average) mean and sd were 

C-statistics
If the precision of the c-statistic was not reported, we estimated this from the c-statistic 

7,8

OE ratio
Various equations were used to estimate the standard error of the OE ratio, depending 

9 If the SE of the OE ratio was reported, we used equation 16 to 
estimate the SE of ln(OE), if the observed event risk (Po), the expected event risk (Pe), 
and the SE of Po were reported, we used equation 51, and if only Po and Pe were reported 

If the OE ratio was reported for a prediction horizon shorter than 10 years, we extrapolated 
Po and Pe separately to 10 years using the following equation based on the Poisson 
distribution:

where  is the Kaplan Meier estimate of survival at 10 years, and  the Kaplan 
Meier survival estimate at time l
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2.4 Statistical analyses 
2.4.1 Meta-analysis
The logit c-statistic and log OE ratio were pooled using random-effects meta-analyses 
accounting for the presence of between-study heterogeneity, weighted by the inverse 

10

9 

2.4.2 Calibration slope
The calibration slope can be calculated as follows:

Where  is the number of observed events in subgroup j of study i, modeled using a 
binomial distribution with event probability 

2.4.3 Meta-regression

The following categorical covariates were considered: 
- age range of included participants: comparable (if both the upper and lower 
limit were within 5 years of the age range in the development population), narrower (if 
the lower limit was more than 5 years higher and/or the upper limit was more than 5 
years lower), younger (if the lower limit was more than 5 years lower), older (if the upper 

- in- or exclusion of participants with diabetes at baseline, 
- in- or exclusion of participants with CHD or CVD at baseline, 
- continent, 

- type of model used: for Wilson LDL or total cholesterol, for PCE white and others, 

The following continuous covariates were included: mean and standard deviation of 
age, systolic blood pressure, HDL and total cholesterol, year in which the recruitment of 

4
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2.4.4 Sensitivity analyses

we performed a second analysis in which we only excluded external validations with high 

Thirdly, we used the number of events rather than the inverse of the variance as weighting 
11 

12 Fifthly, we repeated the analyses with the original OE ratio without 

3 Supplementary results

3.1 Description of excluded outcomes
The table below gives an overview of the validations that were excluded because the 

Model Reference Outcome 
category

Wilson 
men

Lee 200813 Fatal CVD            All deaths due to ischaemic heart disease 
(ICD-9 410-414) and cerebrovascular 

           

Stork 200614 Fatal CVD            Not reported                                                                                                                                          
                                                                                                                 

Barroso 
201015

Fatal or 
nonfatal 
CVD

Angina and myocardial infarction (fatal and non-
fatal), and fatal cardiovascular disease (cardiac 
death of coronary and non-coronary origin, death 
of cerebrovascular origin, and deaths from other 

Wilson 
women         

Lee 200813 Fatal CVD            All deaths due to ischaemic heart disease 
(ICD-9 410-414) and cerebrovascular 

           

Barroso 
201015

Fatal or 
nonfatal 
CVD

Angina and myocardial infarction (fatal and non-
fatal), and fatal cardiovascular disease (cardiac 
death of coronary and non-coronary origin, death 
of cerebrovascular origin, and deaths from other 

16 Fatal or 
nonfatal 
CVD

Myocardial infarction, ischemic stroke, coronary 
revascularization, and cardiovascular deaths                                                                                                                                           
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Model Reference Outcome 
category

16 Fatal or 
nonfatal 
CVD

Myocardial infarction, ischemic stroke, coronary 
revascularization, and cardiovascular deaths                                                                                                                                           
                       

ATP III 
men

Berry 200717 Fatal CHD            Coronary heart disease mortality                                                                                                                                        
                                                                                       

Berry 200717 Fatal CHD            Coronary heart disease mortality                                                                                                                                        
                                                                                       

Berry 200717 Fatal CHD            Coronary heart disease mortality                                                                                                                                        
                                                                                       

Berry 200717 Fatal CHD            Coronary heart disease mortality                                                                                                                                        
                                                                                       

Dunder 
200418

Fatal or 
nonfatal MI 

Hospitalization or death due to myocardial 

16 Fatal or 
nonfatal 
CVD

Myocardial infarction, ischemic stroke, coronary 
revascularization, and cardiovascular deaths                                                                                                                                           
                       

disease, ATP: Adult treatment panel, MI: myocardial infarction

3.2 Cohorts used multiple times to validate the same model

Below an overview is given of the cohorts that were used more than once to validate 
the same model, with rationale for the choice of cohort that was kept in the analyses, 

OE ratio:

Reference Cohort Model Decision Explanation

Jung 
201519

Korean 
Heart Study                                                                                  

PCE men African 
American                

Excluded AHA guidelines advice to 
use the white model for 
this group of people

Jung 
201519

PCE men white                           Included

Jung 
201519

Korean 
Heart Study                                                                                  

PCE women African 
American              

Excluded AHA guidelines advice to 
use the white model for 
this group of people

Jung 
201519

PCE women white                         Included

4
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Reference Cohort Model Decision Explanation

De Filippis 
201520

MESA study                                                                                          PCE men                                 Excluded Most general population, 

most up-to-date population
De Filippis 
201721

PCE men Included

4 PCE men African 
American                

Excluded

4 PCE men white                           Excluded

De Filippis 
201520

MESA study                                                                                          PCE women                               Excluded Most general population, 

most up-to-date population
De Filippis 
201721

PCE women Included

4 PCE women African 
American              

Excluded

4 PCE women white                         Excluded

Muntner 
201422 study                                                                                       

PCE men                                 Included Most general population, 

4 PCE men African 
American                

Excluded

4 PCE men white                           Excluded

Muntner 
201422 study                                                                                       

PCE women                               Included Most general population, 

4 PCE women African 
American              

Excluded

4 PCE women white                         Excluded

201623
China MUCA 
(1992)

PCE men African 
American

Excluded AHA guidelines advice to 
use the white model for 
this group of people

201623
PCE men white Included

201623
China MUCA 
(1992)

PCE women African 
American

Excluded AHA guidelines advice to 
use the white model for 
this group of people

201623
PCE women white Included

201623
CIMIC PCE men African 

American
Excluded AHA guidelines advice to 

use the white model for 
this group of people

201623
PCE men white Included

201623
CIMIC PCE women African 

American
Excluded AHA guidelines advice to 

use the white model for 
this group of people

201623
PCE women white Included
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Reference Cohort Model Decision Explanation

201623
InterASIA 
and China 
MUCA 
(1998)

PCE men African 
American

Excluded AHA guidelines advice to 
use the white model for 
this group of people

201623
PCE men white Included

201623
InterASIA 
and China 
MUCA 
(1998)

PCE women African 
American

Excluded AHA guidelines advice to 
use the white model for 
this group of people

201623
PCE women white Included

Mortensen 
201524

Copenhagen 

Population 
Study

PCE men Excluded Most recent data

Mortensen 
201725

PCE men Included

Mortensen 
201524

Copenhagen 

Population 
Study

PCE women Excluded Most recent data

Mortensen 
201725

PCE women Included

4
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Reference Cohort Model Excluded Explanation for decision

Mainous 
20076

Wilson men Total 
cholesterol            

Included Most general population, 

D’Agostino 
200126

Wilson men Total 
cholesterol            

Excluded

D’Agostino 
200126

Wilson men Total 
cholesterol            

Excluded

Mainous 
20076

Wilson women 
Total cholesterol          

Included Most general population, 

D’Agostino 
200126

Wilson women 
Total cholesterol          

Excluded

D’Agostino 
200126

Wilson women 
Total cholesterol          

Excluded

Jung 201519 Korean 
Heart Study                                                                                  

PCE men African 
American                

Excluded AHA guidelines advice to 
use the white model for this 
group of people

Jung 201519 PCE men white                           Included

Jung 201519 Korean 
Heart Study                                                                                  

PCE women 
African American              

Excluded AHA guidelines advice to 
use the white model for this 
group of people

Jung 201519 PCE women white                         Included

DeFilippis 
201520

MESA study                                                                                          PCE men                                 Excluded Most general population, 

most up-to-date population
 
 

De Filippis 
201721

PCE men Included

4 PCE men African 
American                

Excluded

4 PCE men white                           Excluded

DeFilippis 
201520

MESA study                                                                                          PCE women                               Excluded Most general population, 

most up-to-date population
 
 

De Filippis 
201721

PCE women Included

4 PCE women 
African American              

Excluded

4 PCE women white                         Excluded

Muntner 
201422 study

PCE men                                 Included Most general population, 

4 PCE men African 
American                

Excluded

4 PCE men white                           Excluded

C-statistic:
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Reference Cohort Model Excluded Explanation for decision

Muntner 
201422 study

PCE women                               Included Most general population, 

4 PCE women 
African American              

Excluded

4 PCE women white                         Excluded

Koller 201227

Study                                                                                     
ATP III men                             Included Most recent publication

Koller 200728 ATP III men                             Excluded  

Koller 201227

Study                                                                                     
ATP III women                           Included Most recent publication

Koller 200728 ATP III women                           Excluded

23 China MUCA 
(1992)

PCE men African 
American

Excluded AHA guidelines advice to 
use the white model for this 
group of people

23 PCE men white Included

23 China MUCA 
(1992)

PCE women 
African American

Excluded AHA guidelines advice to 
use the white model for this 
group of people

23 PCE women white Included

23 CIMIC PCE men African 
American

Excluded AHA guidelines advice to 
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3.4 Summary calibration slope

Table S3:

Model Calibration slope 95% CI 95% PI

Wilson men

Wilson women

ATP III men

ATP III women Not estimable

PCE men

PCE women

models was mostly related to heterogeneity in baseline risk, as the summary calibration 

55 
4



204

Chapter 4

3.
5 

Se
ns

iti
vi

ty
 a

na
ly

se
s

Ta
bl

e 
S4

: C
on

tin
ue

d

 
W

ils
on

 m
en

 
W

ils
on

 w
om

en
 

AT
PI

II 
m

en
 

AT
PI

II 
w

om
en

 
P

CE
 m

en
 

P
CE

 w
om

en

O
E 

ra
tio

N
N

N
N

N
N

A
ll 

va
lid

at
io

ns
16

10
5

4
19

20

Lo
w

 ri
sk

 o
f b

ia
s 

fo
r a

ll 
1

-
1

-
4

-
1

-
2

-
3

-

Lo
w

 ri
sk

 o
f b

ia
s 

fo
r 

pa
rt

ic
ip

an
t s

el
ec

tio
n,

 
pr

ed
ic

to
rs

 a
nd

 
ou

tc
om

e

10
6

4
4

16
17

W
ei

gh
te

d 
by

 n
um

be
r o

f 
ev

en
ts

16
10

5
4

19
20

Bi
va

ria
te

 a
na

ly
se

s
18

10
6

5
20

21

N
ot

 e
xt

ra
po

la
te

d 
to

 
10

 y
ea

r
16

10
5

4
19

20

C-
st

at
is

tic
N

N
N

N
N

N

A
ll 

va
lid

at
io

ns
18

10
5

4
20

20

Lo
w

 ri
sk

 o
f b

ia
s 

fo
r a

ll 
2

-
2

-
4

-
2

-
2

-
2

-

Ta
b

T
le

 S
4:

 C
on

tin
ue

d
Ta

bl
e 

S4
:



205

Performance of the Framingham risk models

Ta
bl

e 
S4

: C
on

tin
ue

d

 
W

ils
on

 m
en

 
W

ils
on

 w
om

en
 

AT
PI

II 
m

en
 

AT
PI

II 
w

om
en

 
P

CE
 m

en
 

P
CE

 w
om

en

Lo
w

 ri
sk

 o
f b

ia
s 

fo
r 

pa
rt

ic
ip

an
t s

el
ec

tio
n,

 
pr

ed
ic

to
rs

 a
nd

 
ou

tc
om

e

12
8

4
4

16
16

W
ei

gh
te

d 
by

 n
um

be
r o

f 
ev

en
ts

18
10

5
4

20
20

Bi
va

ria
te

 a
na

ly
se

s
18

10
6

5
20

21

4



206

Chapter 4

3.6 Metaregression analyses

A B
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C
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Figure S1: 

-
nary heart disease, CVD: cardiovascular disease, AA: African American, SD: standard deviation, 
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3.6.2 C-statistic

 

A B
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C
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Figure S2: -

CHD: coronary heart disease, CVD: cardiovascular disease, AA: African American, SD: standard 

4
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Abstract

Background: Predictive ability of prediction models for future risk of cardiovascular 

candidate biomarkers above traditional predictors for the prediction of 10-year risk of 

Methods: The EPIC-CVD case-cohort study consists of 12261 men (6653 CHD events) 

to a traditional prediction models, separately: non-HDL cholesterol, triglycerides, 

creatinine, uric acid, glucose, glycated hemoglobin (HbA1c), alkaline phosphatase 
(ALP), alanine transaminase (ALT), aspartate aminotransferase (AST), gamma-

predictive performance was assessed in terms of discrimination (c-statistic), calibration 

Results:

HbA1c, ALP, and iron improved predictive performance compared to the traditional 

Conclusion:

needed to determine whether this improvement in predictive performance as compared 
to using only the traditional predictors, indeed improves therapeutic decision making 
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Introduction

Cardiovascular disease (CVD), including coronary heart disease (CHD) and stroke, is 
1 

Established predictors of CVD include age, smoking, high body mass index (BMI), 
2-5

opportunity to prevent or delay CVD by means of lifestyle interventions, antihypertensive 

Plethora of prediction models have been developed to estimate the risk of having a 
6 These models are being used to 

identify people at increased risk of future CVD events to guide prevention and target risk 

to use in clinical practice, are the Framingham risk scores,7-9 the European Systematic 
4 5 2 

Unfortunately, when applied to different populations, these prediction models often 
10,11 

12 
Since interventions, including treatment decisions, are advocated to be based on risk 
estimates in many clinical guidelines, incorrect predicted risks can result in over- or 

in certain individuals or better distinguish between people who will or will not develop 
13,14

Several biomarkers have been suggested to improve prediction of future CVD 

apolipoproteins),15-18 19

alkaline phosphatase),20 iron parameters,21,22 uric acid,23

24,25 The existing literature is, however, fragmented with no real 

This study aimed to investigate the incremental value of such biomarkers beyond the 
traditional CVD predictors in predicting 10-year risk of CHD in a multicentre pan-European 

Methods

This paper is written according to the Transparent reporting of a multivariable prediction 
26,27

5
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Study population
The European Prospective Investigation into Cancer and Nutrition (EPIC) study is a 
large multicentre cohort study consisting of 519,978 adults from 29 centres across 10 
European countries (Norway, Sweden, Denmark, the Netherlands, the United Kingdom, 

28 Participants were recruited from the general 

lifestyle characteristics, anthropometric measurements, and medical history, and blood 

29 EPIC-CVD consists of a randomly selected subcohort 
of 16,242 participants who had available stored blood and buffy coat, supplied with all 

Traditional predictors
The traditional predictors used in this study consisted of predictors included in the 
majority of prediction models for CVD,6 namely age, current smoking, diabetes (self-
reported), BMI, systolic blood pressure (SBP), hypertension (self-reported hypertension, 

Biomarkers
Biomarkers considered for extending the traditional prediction model were non-
HDL cholesterol, triglycerides, apolipoprotein A1 (apoA1), apolipoprotein B (apoB), 

glycated hemoglobin (HbA1c), alkaline phosphatase (ALP), alanine transaminase (ALT), 

samples at Stichting Huisartsen Laboratorium (Etten-Leur, the Netherlands) using a 

Modular P analyser, except for HbA1c, which was measured in erythrocytes using the 

directly but calculated as half of the total iron binding capacity, and non-HDL cholesterol 

Outcome
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infarction, angina, and other types of acute or chronic coronary heart diseases, with 

questionnaires or linkage with morbidity or hospital registries, and death registries were 

Participants were censored if they had a CHD event, died from a non-CHD cause, were 

Ethics committee and informed consent
The EPIC study complies with the Declaration of Helsinki, and all participants gave 

Statistical analyses
The goal of our analyses was to determine the incremental predictive value of biomarkers 

Baseline characteristics were described for cases and non-cases separately, and by 
30 Cox proportional hazards models to account for 

10 years were considered a case), and used these models to predict the risk of CHD at 

Oxford centre was analysed separately because of the characteristics of its population 
28 Transformations of continuous 

transformation of continuous variables by including fractional polynomials or restricted 
cubic splines,31

using Schoenfeld residuals adjusted for the case-cohort design32 and log-log plots (for 

analysis to determine the association between each of the 29 predictors (traditional 

5
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which we added all biomarkers to the traditional prediction model to assess the maximal 

of the model including all biomarkers with most incremental value in previous steps, 

Model performance
The apparent predictive performance of the extended models was expressed in 

2

the discriminative ability of the model, we calculated a weighted version of Harrell’s 
33 The c-statistic ranges 

34 For calibration we accounted for the case-cohort 
design by weighting every observation in the dataset by the sampling fraction for the 

10-year risk calibration plots were made in which observed risks were plotted against 

every extended model, as compared to the traditional prediction model, in 4 categories 
4,35 Based on these tables we calculated 

account for the case-cohort design, cases outside the subcohort that experienced a CHD 
33 As a sensitivity 

2

Selection of biomarkers for the combined model was based on the differences in 
c-statistic and OE ratio between the extended models from step 3 and the traditional 

incremental value for any of these performance measures for inclusion in the combined 
2, AIC, BIC and Brier score were used to verify that no important predictors 

was retained, or the one with the highest increase in performance after adding it to the 
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To study differences between countries, we calculated the performance of models 

baseline hazards per country, and these models were then applied to every country 

(step 3), we calculated the c-statistics and OE ratios, to assess incremental value of the 

Missing data
Baseline characteristics of participants with and without missing predictor values were 

36 We included all traditional predictors, biomarkers, and the outcome, 
and added variables regarding country, socioeconomic status, physical activity, alcohol 
use, event status, and the Nelson-Aalen estimator of the baseline cumulative hazard 

37 Ten imputations were performed with a maximum of 150 

described above were performed in each imputation set separately and combined 
38

39

2

40

Results

Baseline characteristics

participants with complete data for all predictors are described in Table 1 for the full 

Associations with cardiovascular risk

the univariable analyses it can be concluded that all predictors except for uric acid, ALP 

5
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(males), ALT (males), AST, calcium (males), magnesium, iron and transferrin (males) were 

glucose (males), HbA1c, and decreased levels of triglycerides (males), albumin, calcium 

fractional polynomials or restricted cubic splines was challenging with respect to model 
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Improvement in predictive performance
Figure 1 shows the c-statistic of the models including the traditional predictors plus 

In terms of calibration (Figure 2), apoB, albumin, glucose, and HbA1c resulted in an OE 
ratio closer to 1 for both males and females, as well as ALP, calcium, and iron for males 

2, BIC and Brier score showed consistent 
results with respect to the relative importance of the different biomarkers, but the 
differences between the traditional prediction model and the models with a biomarker 

Combined model

creatinine, uric acid, glucose, HbA1c, ALP, and iron were in the top 5 of biomarkers with 

and apoB were highly correlated, and we chose to retain apoB because it displayed 

5
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Males

Chapter 5

Males

Females

Figure 1: Forest plot with c-statistic of the traditional prediction model, traditional prediction 
-

tion) model includes age, current smoking, diabetes, hypertension, log bmi, systolic blood pressure, 
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MalesMales

Females
5
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Figure 2: (previous page) Forest plot of the OE ratio of the traditional prediction model, tradi-
 

TP (traditional prediction) model includes age, current smoking, diabetes, hypertension, log bmi, 
-

-

Table 3: 

Males Females

Cases Non-cases Cases Non-cases

TP ref ref ref ref

Full

Combined
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TP (traditional prediction) model includes age, current smoking, diabetes, hypertension, log bmi, 
-

-

Males      Females

Figure 3: 

Differences between countries

males in Italy, while in the Netherlands Lp(a), glucose and HbA1c had most incremental 

5
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Discussion

The aim of this study was to identify biomarkers that have incremental value in predicting 

glucose, HbA1c, ALP, and iron had the most incremental value, while these were in 

Comparison with literature
Multiple primary studies and systematic reviews have been published, reporting on the 

with our results, these studies report incremental value of LP(a), HbA1c, ALP and ALT, 
16,19-21,24,25

20,22

Strengths and limitations
In contrast to these aforementioned studies, we investigated the potential incremental 
value of a large set of biomarkers in a single study population, allowing for a direct 

sample size, and the availability of data from various countries from Europe, allowing 
for differences across countries at different risk of CVD, and thus good generalizability 

standardized within countries, there were differences in measurement of traditional 

Secondly, although the EPIC cohort is representative for the European population,29 
blood samples were available for only part of the patients from the EPIC cohort which 

41

Thirdly, we assessed incremental value for prediction of CHD risk and not CVD, 
9,42 

Therefore we cannot preclude that some of the biomarkers that showed incremental 
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43 Information regarding treatment use at baseline was 

Ignoring the effects of treatment may typically lead to underestimation of risk in high-
risk patients44-46

had a higher chance of receiving risk-lowering treatment during the EPIC study follow-

However, it should be noted that our aim was not to develop a new prediction model, but 

13,14,47,48

thresholds are chosen,47

2, BIC and Brier score, showed similar results with respect to the 

traditional model and the extended models were small, suggesting limited improvement 

analysis,49

Clinical implications

50-52 considering the large 
number of biomarkers that was needed to demonstrate a limited improvement in 

modelling, addressing the extent to which the biomarkers with added value indeed 
change therapeutic decision making and subsequent individual outcomes, is the next 

approach might be to measure the additional predictors with added value in the group of 
patients with intermediate risk based on the traditional predictors, as has been addressed 

52-54 
Also, we observed large differences in predictive performance of traditional 

predictors and in incremental value of predictors between countries, which was not 

5
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between countries, a single prediction model for all European countries might be not 

Implications for further research
Previous studies have shown that the performance of current prediction models is 

10,55,56 Since there is already an overabundance of prediction models for 
cardiovascular disease, we have previously advised to focus on improving these currently 

6 One way to do 

much more effective, could be to tailor existing prediction models based on traditional 
predictors only to different countries or local settings using model updating strategies, 

57-59 Additionally, when 

risks), the models can be used to select a group of patients at intermediate risk, for 

on incremental value of predictors in this selective intermediate risk group for which 
52,53

Conclusion

We found that many biomarkers need to be measured to gain limited increase in predictive 
performance over the traditional prediction model for the prediction of 10-year risk of 

studies, are needed to determine whether this improvement in predictive performance as 
compared to using only the traditional predictors, improves therapeutic decision making 
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Table S1: Continued

Section/Topic Item Checklist Item Page*

Title and abstract

Title 1
Identify the study as developing and/or validating a 
multivariable prediction model, the target population, 1

Abstract 2

Provide a summary of objectives, study design, 
setting, participants, sample size, predictors, 
outcome, statistical analysis, results, and 2

Introduction

Background 
and objectives

3a

Explain the medical context (including whether 
diagnostic or prognostic) and rationale for developing 
or validating the multivariable prediction model, 3

3b
Specify the objectives, including whether the study 
describes the development or validation of the model 3

Methods

Source of data

4a randomized trial, cohort, or registry data), separately 
for the development and validation data sets, if 4

4b
Specify the key study dates, including start of 

4, TS2

Participants

5a primary care, secondary care, general population) 4, TS2

5b 4, TS2

5c T 1, TS3

Outcome

6a 5, T S2

6b 5

Predictors

7a or validating the multivariable prediction model, 4, 5

7b 4, 5

Sample size 8 NA

Missing data 9 complete-case analysis, single imputation, multiple 7, 8

TTabTTabablele e S1:S1:S CoCoContintit nuenuedddTable S1:

5
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Table S1: Continued

Section/Topic Item Checklist Item Page*

Statistical 
analysis 
methods

10a D Describe how predictors were handled in the 6

10b D
Specify type of model, all model-building procedures 
(including any predictor selection), and method for 6, 7

10c V For validation, describe how the predictions were NA

10d
Specify all measures used to assess model 
performance and, if relevant, to compare multiple 6, 7

10e V NA

11 Provide details on how risk groups were created, if 7

Development 12 V
For validation, identify any differences from the 
development data in setting, eligibility criteria, NA

Participants

13a including the number of participants with and without 
the outcome and, if applicable, a summary of the 9

13b

Describe the characteristics of the participants (basic 
demographics, clinical features, available predictors), 
including the number of participants with missing 9, T 1

13c V
For validation, show a comparison with the 
development data of the distribution of important NA

Model 
development 

14a D Specify the number of participants and outcome T 1

14b D If done, report the unadjusted association between T 2

Model 15a D

Present the full prediction model to allow predictions 

model intercept or baseline survival at a given time NA

15b D NA

Model 
performance 16 14-19

Model-updating 17 V If done, report the results from any model updating NA
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Table S1: Continued

Section/Topic Item Checklist Item Page*

Discussion

Limitations 18
Discuss any limitations of the study (such as 
nonrepresentative sample, few events per predictor, 20, 21

Interpretation

19a V
For validation, discuss the results with reference to 
performance in the development data, and any other NA

19b considering objectives, limitations, results from 20-22

Implications 20 Discuss the potential clinical use of the model and 21,22

Other information

Supplementary 
information 21

Provide information about the availability of 
supplementary resources, such as study protocol, 27

Funding 22 1

Table S2: Continued

Country Centre N 
subcohort

N 
cases 
added

Recruitment 
period 
(years)

End of FU Eligibility 
criteria

Nonfatal Fatal

Denmark Aarhus 534 449 1995-1997 Dec-09 Mar-10 Men and 
women 
aged 50-64, 
without 
prevalent 
cancer

Copenhagen 1200 1130 1993-1997 Dec-09 Mar-10 Men and 
women 
aged 50-64, 
without 
prevalent 
cancer

Heidelberg 866 337 1994-1998 May-10 May-10 Men aged 
40-65, 
women aged 
35-65

TTable S2: ContinuedTable S2: Description of centres 5
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Table S2: Continued

Country Centre N 
subcohort

N 
cases 
added

Recruitment 
period 
(years)

End of FU Eligibility 
criteria

Nonfatal Fatal

Potsdam 1135 268 1994-1998 Nov-08 Nov-08 Men aged 
40-65, 
women aged 
35-65

1159 318 1994-1999 Dec-09 Dec-09 Apparently 
healthy men 
and women 
aged 25-82

Italy Florence 533 152 1993-1998 Dec-03 Dec-03 Breast 
cancer 
screening 
participants 
and general 

men aged 
35-64, 
women 
aged 35-64, 
without 
prevalent 
cancer

329 179 1993-1997 Dec-07 Dec-09 Blood donors 
and general 

men aged 
40-65, 
women aged 
35-65

Turin 536 184 1993-1998 Dec-09 Dec-09 Blood donors 
and general 

men aged 
40-74, 
women 
aged 35-74, 
without 
prevalent 
cancer

Naples 217 87 1993-1997 Dec-06 Dec-06 Women aged 
30-69

Varese 360 252 1993-1997 Dec-06 Dec-06 Men aged 
40-65, 
women aged 
35-65
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Table S2: Continued

Country Centre N 
subcohort

N 
cases 
added

Recruitment 
period 
(years)

End of FU Eligibility 
criteria

Nonfatal Fatal

Netherlands Bilthoven 376 635 1993-1997 Dec-07 Dec-07 Men and 
women aged 
20-65

Utrecht 872 812 1993-1997 Dec-07 Dec-07 Population-
based breast 
cancer 
screening 
participants 
aged 49-70

Spain Asturias 773 255 1992–1995 Dec-06 Dec-06 Blood donors 
and general 

men aged 
40-64, 
women aged 
35-64

535 158 1993-1996 Dec-08 Dec-08 Blood donors 
and general 

men aged 
40-64, 
women aged 
35-64

Murcia 765 143 1992-1996 Dec-08 Dec-08 Blood 
donors and 
their parents, 
and general 

men aged 
40-65, 
women aged 
35-65

Navarra 772 274 1992-1995 Dec-08 Dec-08 Blood donors 
and general 

men aged 
40-65, 
women aged 
35-65

5
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Table S2: Continued

Country Centre N 
subcohort

N 
cases 
added

Recruitment 
period 
(years)

End of FU Eligibility 
criteria

Nonfatal Fatal

San 
Sebastian

769 284 1992-1995 Dec-08 Dec-08 Blood 
donors and 
employees 
of selected 

men aged 
40-65, 
women aged 
35-65

Sweden Malmo 1667 1493 1991-1996 Dec-08 Dec-08 Men aged 
50-72, 
women aged 
46-72

Umea 951 587 1992-1996 Dec-06 Dec-06 Men and 
women aged 
30, 40, 50 
or 60

UK Cambridge 817 1550 1993-1998 Dec-06 Dec-06 Men and 
women aged 
45-74

Oxford 298 1009 1994-1997 Dec-09 Dec-10 Vegetarians, 
vegans and 
other health-
conscious 
individuals 

and general 
population 
aged 40-65

France France 569 38 1993–1997 Dec-09 Dec-10 Women aged 
40-65

Total 16242 10594 1991-1999
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Table S3: Continued

France

Males Females

No CHD CHD No CHD CHD

N 0 0 510 36

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

TTable S3: ContinuedTable S3: baseline characteristics per country

5
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Table S3: Continued

France

Males Females

No CHD CHD No CHD CHD

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Table S3: Continued

Italy

Males Females

No CHD CHD No CHD CHD

N 573 432 1150 354

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Table S3: Continued
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Table S3: Continued

Italy

Males Females

No CHD CHD No CHD CHD

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

5
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Table S3: Continued

Spain

Males Females

No CHD CHD No CHD CHD

N 154 90 354 55

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)
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Table S3: Continued

Spain

Males Females

No CHD CHD No CHD CHD

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Table S3: Continued
United Kingdom

Males Females

No CHD CHD No CHD CHD

N 306 1006 455 562

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Table S3: Continued

5



258

Chapter 5

Table S3: Continued
United Kingdom

Males Females

No CHD CHD No CHD CHD

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

N 147 347 959 840

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Table S3: Continued
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

5
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Greece

Males Females

No CHD CHD No CHD CHD

N 374 188 622 84

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Germany

Males Females

No CHD CHD No CHD CHD

N 496 214 785 83

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

NNetherlandsGreece

5
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

NetherlandsGermany
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

N 436 662 814 423

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

NetherlandsSweden

5
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Denmark

Males Females

No CHD CHD No CHD CHD

N 790 915 756 366

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

NNetherlandsSweden
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

Ferritin (pmol/l)

Total bilirubin (umol/l)

Oxford

Males Females

No CHD CHD No CHD CHD

N 31 77 119 134

Age (years)

Current smoker

BMI (kg/m2)

Diabetes

NetherlandsDenmark

5
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Hypertension

SBP (mmHg)

Use of antihypertensive 
medication at baseline

Use of lipid lowering 
medication at baseline

Total cholesterol 
(mmol/l)

HDL cholesterol 
(mmol/l)

non-HDL cholesterol 
(mmol/l)

Triglycerides (mmol/l)

ApoA1 (g/l)

ApoB (g/l)

Lp(a) (mg/dl)

Albumin (g/l)

Creatinine (umol/l)

Uric acid (umol/l)

ALP(iU/l)

ALT (iU/l)

AST (iU/l)

Calcium (mmol/l)

Magnesium (mmol/l)

Iron (umol/l)

Transferrin (umol/l)

NNetherlandsOxford
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Table S3: Continued

Netherlands

Males Females

No CHD CHD No CHD CHD

Ferritin (pmol/l)

Total bilirubin (umol/l)

th - 75th

heart disease, SBP: systolic blood pressure, HDL: high-density lipoprotein, apo: apolipoprotein, 

NetherlandsOxford

5
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Table S5: Other performance measures of the traditional prediction model, traditional prediction 

Males Females

R2 BIC AIC Brier 
score

R2 BIC AIC Brier 
score

TP

cholesterol

triglycerides

creatinine

Magnesium

Transferrin

ferritin

bilirubin

Full

Combined

TP (traditional prediction) model includes age, current smoking, diabetes, hypertension, log 
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HbA1c: glycated hemoglobin, ALP: alkaline phosphatase, ALT: alanine transaminase, AST: aspartate 

Table S6: Continued

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

TP NA

Non-HDL 
cholesterol

NA

triglycerides
NA

NA

NA

Lp(A)
NA

NA

Albumin
NA

creatinine
NA

acid
NA

NA

NA

NA

NA

NA

NA

Calcium
NA

Magnesium
NA

NA

TTable S6: Continued
Table S6: Performance of the traditional prediction model and the traditional prediction models 

5
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Table S6: Continued

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

Transferrin
NA

ferritin
NA

bilirubin
NA

Full NA

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

TP

Non-HDL 
cholesterol

triglycerides

Lp(A)

Albumin

creatinine

acid
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Table S6: Continued

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

Calcium

Magnesium

Transferrin

ferritin

bilirubin

Full

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

TP NA

Non-HDL 
cholesterol

NA

triglycerides
NA

NA

NA

Lp(A)
NA

NA

Albumin
NA

creatinine
NA

acid
NA

NA

NA

5
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Table S6: Continued

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

NA

NA

NA

NA

Calcium
NA

Magnesium
NA

NA

Transferrin
NA

ferritin
NA

bilirubin
NA

Full NA

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

TP

Non-HDL 
cholesterol

triglycerides

Lp(A)

Albumin

creatinine
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Table S6: Continued

France Italy Spain UK Nether-
lands

Greece Ger-
many

Sweden Den-
mark

Oxford

acid

Calcium

Magnesium

Transferrin

ferritin

bilirubin

Full

5
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Males

Chapter 5

Males

Females

Figure S1:
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Males

Incremental value of biomarkers for CVD prediction

Males

Females

Figure S2:

5
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Abstract

Background: Ignoring treatments in prognostic model development or validation can 
affect the accuracy 

which the effects of treatment have been addressed in existing prognostic model 
research and provide recommendations for the handling and reporting of treatment 

Methods: 

subsequently conducted a systematic review of the handling and reporting of treatment 

medications, surgeries, lifestyle interventions), timing of their use, and the handling of 

Results: 

Conclusions: The use of treatments has been partly considered by the majority of CVD 

in the analysis of prognostic model studies, particularly when a prognostic model is 
designed to guide the use of certain treatments and these treatments have been used 

of treatments by study participants and consider the potential impact of treatment use 
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Background

An important part of prognostic research is the development and validation of prognostic 

1,2 and can, for example, 

is in cardiovascular medicine: if a patient’s risk of a cardiovascular event is predicted to 

3-5

Concerns have been raised that the use of treatments, such as pharmacological 
therapy or diet and lifestyle-related interventions, may have an unwanted impact when 

6-8 In order to develop or validate prognostic models that predict an individual’s 

untreated health course) one should ideally include people who have not received that 
1,6 In practice, however, such prognostic models 

are often derived from or validated in data sets where a proportion of the individuals 

a study according to individuals’ predicted risks (either implicitly or explicitly), a model 
developed using this data will likely underestimate the risk of the predicted outcome in 
the absence of treatment, and could thus lead to under-treatment when such a model 

8,9 
In this manuscript we aim to provide insight into the problems that arise when 

Following this, we provide evidence of the scale of this issue in published studies by 
means of a systematic literature review of the reporting and handing of treatment use 

Methods

6
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example, CVD prediction models are used to guide the prescription of lipid-lowering 
medication, as well as direct targeted advice about lifestyle changes to high-risk 

Figure 1: The timing of treatment use in a prognostic study

Guided treatments 
Prognostic models are often used to guide or direct the initiation of certain treatments 

a certain outcome if individuals were to remain untreated with this particular treatment 
1,8,10

to study participants after the predictors are measured but before the ascertainment 

Crucially, the outcomes measured in the study will no longer represent the untreated 

data from individuals who received guided treatments will provide biased underestimates 
8 In validation studies, 

models will incorrectly appear to overestimate risk if applied in individuals that receive 
8,11

Background treatments 
Participants in a prognostic study commonly receive risk-lowering treatments during 
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prediction, we can expect a reduction in the probability of treated individuals developing 

pattern of treatment use, and the effect of the treatment on the outcome risk is consistent 
across populations, differences between model performance in the development cohort 

a setting where everyone received some standard (effective) treatment during follow-
up may not be transportable to a different population where that intervention is not 

Examples
We illustrate the distinction between different types of treatment with two hypothetical 

Example 1: A model is developed to predict six-month mortality risk in patients with 

development cohort, all patients began risk-lowering haemodialysis after enrolment as 

Example 2: A validation study is conducted to evaluate an existing prognostic model 

individuals in the study were prescribed risk-lowering statins and were recommended to 

In both examples, some study participants initiated one or more treatments or 

recalibrated for settings where haemodialysis is not a part of usual care or where a 

In contrast, kidney transplant, a treatment guided by predictions made by the model, 

6
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lead to a prediction model that actually underestimates the risk of mortality without 

In example 2, the use of medications such as aspirin can be considered as background 

model miscalibration in the validation cohort if the pattern of use or the effectiveness 

lipid-lowering medication, ideally one would validate the model in individuals who have 

statins in the study, their risk of a CVD event in the study is lower than it would have been, 

If the model is used in practice, as with statins, to help target lifestyle advice to high-risk 

To summarize, when treatments are initiated in participants after the moment of 
prognostication (see Figure 1), the risk-lowering effects of these treatments may impact 

as the types of treatments (guided or background) used in a data set or study, are key 
factors that determine how treatments may impact on prognostic model development 

8 and, 
11

A review of treatment use in published prognostic model studies
To provide insight into the extent to which treatment use has been addressed in the 
development and validation of prognostic models, we used  a previously conducted 
systematic review of the reporting and analysis of prognostic models for predicting the 

12 A completed 

Data sources, search and study selection
In brief, a search was performed on 1st June 2013 in MEDLINE and Embase to identify 
original research articles reporting the development (derivation of a new model) or 
external validation (evaluation of an existing model in a new population) of a prognostic 

predictor or (bio)marker was assessed on top of either an existing risk score or a model 
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original articles that reported cardiovascular risk prognostic modelling in a general 

12

Data extraction
13

of research practice and reporting, study quality and risk of bias assessment was not 

design used to collect data, the start and end dates of participant data collection and 

divided into three classes: pharmacological treatments (notably antihypertensive, lipid-

exercise, nutritional or smoking habits, as a part of a programme or following physician 

Results of the literature review

1388 were found to be relevant following title and abstract screening, as previously 
12 After full text screening for eligibility, 302 articles were included for review 

6
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Figure 2:

 
Table 1: Continued

Characteristics of included studies (n = 302)

Study type

 Development 124 

 Validation 146 

 Incremental value assessment 135 

 Over a set of core predictors 81 

TTabTTablele 1:1: 1: ConContintinueduedTable 1: 



289

Treatment use in prognostic model research

289

Table 1: Continued

Characteristics of included studies (n = 302)

Design of study used for prognostic modelling

 Observational  286 

 Randomized trial 16 

Follow-up period (years)

Prediction horizon (years)

of treatments in prognostic modelling articles has increased over time, as illustrated in 

information about treatment, whereas from 2009 to June 2013 this increased (130 

Figure 3:

risk-lowering treatment in the study was reported, or if the effect of a treatment on the study 

6
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Development studies
Of the 124 articles that reported the development of a new prognostic model, baseline 

use was most often accounted for in analyses by modelling treatment as a predictor (54 

Incremental value studies
In articles that reported the evaluation of the incremental value of a predictor over either 
a core set of predictors or an existing model, baseline information about treatment use 

articles, and surgical procedures that occurred during follow-up were reported in 15 

use was accounted for most often by including treatment as one of the core predictors 

Validation studies
In studies that externally validated (evaluated) an existing CVD prognostic model, 
where reported, most information about treatment use was measured at baseline 

in the proportion of baseline treatment users between the development study and the 

treatment use in the development and validation populations could have contributed 
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Table 2: 

Reported treatment Overall 
(n = 302) (%) *

Development 
studies (n = 
124) (%)

Incremental 
value studies (n 
= 135) (%)

Validation 
studies 
(n = 146) (%)

Medication use (any) 135 (45) 45 (36) 73 (54) 62 (41)

    Antihypertensive 122 (41) 40 (32) 66 (49) 58 (38)

    Lipid-lowering 81 (27) 24 (19) 47 (33) 38 (26)

     Antithrombotic/
anticoagulant

17 (6) 2 (2) 15 (11) 7 (5)

Lifestyle interventions 2 (1) 1 (1) 0 1 (1)

Surgical interventions 39 (13) 9 (7) 26 (19) 15 (11)

have reported multiple treatments and thus percentages in each column should not necessarily 

Table 3: Continued

Approach taken to account for 
treatment use

Development 
studies n=124 
(%)

Incremental 
value studies 
n=135 (%)

Validation 
studies n=146 
(%)

Treated patients excluded from the 
analysis

20 (15) 53 (39) 38 (26)

        Antihypertensive medication users 4 (3) 6 (4) 6 (4)

        Lipid-lowering medication users 6 (5) 10 (7) 16 (11)

        Other medication users 1 (1) 2 (1) 1 (1)

        Lifestyle interventions 0 0 0

        Patients who received surgery 14 (10) 39 (29) 22 (15)

Untreated patients-only sensitivity 
analysis

9 (7) 5 (4) 4 (3)

1 (1) 0 0

Treatment included in the outcome 23 (19) 58 (43) 35 (24)

Treatment modelled as a predictor 54 (44) -

      Antihypertensive medication use 49 (40) -

      Lipid-lowering medication use 12 (10) -

      Other medication use 2 (2) -

      Lifestyle interventions 1 (1) -

      Surgical interventions 0 -

TTabTablele 3:3: ConContintinueduedTable 3: Handling of treatment in the analyses of prognostic model studies

6
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Table 3: Continued

Approach taken to account for 
treatment use

Development 
studies n=124 
(%)

Incremental 
value studies 
n=135 (%)

Validation 
studies n=146 
(%)

Type of treatment information modelled

       Modelled directly (not a composite 
predictor )

37 (30) -

      Baseline treatment 41 (33) -

      Changes in treatment during follow-up 0 -

      Treatment at the end of follow-up 0 -

      Not clearly reported 12 (10) 11 (8) -

Statistical interactions with treatment 
considered

21 (17) -

studies that assessed incremental value over an existing prognostic model or risk score did not 

Discussion

Findings from the literature review
The use of treatments in prognostic modelling studies has not been widely addressed 

decade, and the majority of cardiovascular prognostic modelling studies (211 articles, 

6 We also confirm that information beyond baseline antihypertensive 
medication use, information about other treatments and changes in treatment use during 

of any differences between treatment use in validation studies and their respective 
development studies was poorer than that observed in an earlier review of external 

14 

articles used data collected during the pre-statin era,15 which may explain why the lipid-
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aspirin and blood pressure-lowering medication have long been available, along with 
lifestyle interventions and some surgical procedures, which are also relevant to these 

over time, as shown by one study validating the AHA/ACC Pooled Cohort Equations,16 

17 
Second, while only nine articles reported that data on treatments were not available in 
their studies, it might be that more studies were unable to obtain such data, especially 

studies treatments may not have been considered by the authors to be relevant to the 

the grounds that “The prediction of initial CHD [coronary heart disease] events in a free-
18

rationale does not take into account treatment drop-in that may have occurred during 

studies have broadly addressed related methodological issues,14 or have focussed on a 
single aspect of CVD modelling, such as model development,6 we provide comprehensive 
coverage of CVD prediction model studies and support this with a conceptual framework 

a previously conducted systematic review, we are limited to providing information up to 

Three important developments in the past four years include the ACC/AHA Pooled Cohort 
equations,16 19 20 each 

three currently implemented CVD risk estimators, there is no clear consensus over how 

at baseline is modelled differently in each of the prognostic models, and none of the 

regarding the validity of these models and their respective validation studies,9,21 and 

6 As the CVD domain is a highly active 

6
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treatments that modify cardiovascular risk, but may not describe all interventions that 

cardiovascular preventative treatments, particularly those recommended by medical 

mention within the article and we cannot be entirely sure how treatment information has 

For example, limited information could be extracted about changes in lifestyle that may 

Suggestions for dealing with and reporting treatment use in prognostic model studies 
Treatment use can potentially have a great impact on the reported accuracy of developed 

22,23 has already 
made recommendations for the reporting of information on treatment use in prognostic 

additional recommendations for the design, analysis and reporting of prognostic model 
studies, to help improve the way that treatment use, in particular during follow-up, is 

Starting with the design of future prognostic studies, we suggest that information 
should be collected on both treatment use at the study baseline and during follow-up, to 
record any changes in treatment use over time that may have impacted on the prognosis 

to allow researchers to account for treatment use in their analyses, where necessary (see 

advice is based on a limited number of simulation studies, and in the absence of further 
simulations and empirical evidence, researchers must judge which approach will be most 

complex changes in treatment use in a prognostic study, as more research is needed into 

23 recommendations for the minimum amount of detail that 

to discuss the potential impact that treatment use in their study could have had on their 
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Design
·
·  Collect information on treatment drop-in or discontinuation during follow-up (see 

·

Analysis
Model development
·  Guided treatments: Consider explicitly including treatment use in the prognostic 

8

Model validation
·  Guided treatments: If treatments were randomly allocated, exclude treated 

11

·  Background treatments: Consider differences in treatment use between the 
development and validation cohorts when exploring the impact of case-mix on 

24-26 
 
Reporting
·

·

·  Discuss the potential impact of treatment use on the validity and transportability of 

Figure 4: 
to any medical or non-medical intervention undertaken by an individual that lowers their risk of a 

Conclusion

In conclusion, treatment use, if ignored, can raise concerns for the transportability and 

for prognostic prediction has been recognized in many studies, reporting rarely covers 

Furthermore, we found no clear consensus within the published literature over how 

be made to collect and report detailed information about treatment use, to allow future 
researchers and end-users of prognostic models to more clearly identify any potential 
issues that treatment use may have introduced, and to understand how a model should 

6
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Section/topic # Checklist item Reported on page #* 

TITLE 

Title 1 Identify the report as a systematic review, Title page

Structured 
summary 

2 Provide a structured summary including, Abstract page

3 Describe the rationale for the review in the 4-5

Objectives 4 Provide an explicit statement of questions 
being addressed with reference to 
participants, interventions, comparisons, 

reporting)

METHODS 

Protocol and 
registration 

5 Indicate if a review protocol exists, if and 

and, if available, provide registration 

1 (NA)

Eligibility criteria 6
PICOS, length of follow-up) and report 

language, publication status) used as criteria 

10

Information 
sources 

7
databases with dates of coverage, contact 
with study authors to identify additional 

10

Search 8 Present full electronic search strategy for at 
least one database, including any limits used, 

Study selection 9
screening, eligibility, included in systematic 
review, and, if applicable, included in the 

10

Data collection 
process 

10 Describe method of data extraction from 

duplicate) and any processes for obtaining 

10-11

6
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Section/topic # Checklist item Reported on page #* 

Data items 11 Additional Files 2,4

in individual 
studies 

12 Describe methods used for assessing risk 
of bias of individual studies (including 

at the study or outcome level), and how 
this information is to be used in any data 

NA

Summary 
measures 

13 NA

Synthesis of 
results 

14 Describe the methods of handling data 
and combining results of studies, if done, 

2) 

NA

across studies 
15 Specify any assessment of risk of bias that 

publication bias, selective reporting within 

NA

Additional 
analyses 

16 Describe methods of additional analyses 

regression), if done, indicating which were 

NA

Study selection 17
for eligibility, and included in the review, with 
reasons for exclusions at each stage, ideally 

11-12, Figure 2

Study 
characteristics 

18 For each study, present characteristics for 

PICOS, follow-up period) and provide the 

Additional Files 2-4

within studies 
19 Present data on risk of bias of each 

study and, if available, any outcome level 
NA

individual 
studies 

20
harms), present, for each study: (a) simple 
summary data for each intervention group 

NA
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Section/topic # Checklist item Reported on page #* 

Synthesis of 
results 

21 Present results of each meta-analysis done, NA

across studies 
22 Present results of any assessment of risk of NA

Additional 
analysis 

23 NA

DISCUSSION 

Summary of 
evidence 

24

healthcare providers, users, and policy 

Limitations 25 Discuss limitations at study and outcome 18-19

Conclusions 26 Provide a general interpretation of the 
results in the context of other evidence, and 

17-20

FUNDING 

Funding 27 Describe sources of funding for the 20

From:  Moher D, Liberati A, Tetzlaff J, Altman 

For more information, visit: www.prisma-statement.org
 

6



 List of items for data extraction

For incremental value (IV) studies:
 Is IV assessed over an existing model or a new model containing conventional predictors?

Where in the article is information about treatment reported?

during follow-up)?

If follow-up information is reported,
 - Are incident surgical procedures reported?
 - Are changes in medication use during follow-up reported?

Is treatment explicitly mentioned as part of the participant eligibility criteria?
 - If so, which treatments?

Is the relevance of treatment explicitly discussed (with reference to the performance or 
generalizability of the model)?

For validation studies:
Is treatment uses explicitly reported for both validation study population and the original 
development study population?
 - If so,
 o  Is there a difference in treatment use between the two sets (difference in 

 o Are the implications of any differences discussed?
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If treatments are not accounted for in the analysis, is a reason given for why this is so?

excluded?)?
 - If so,

 o Is restriction based on baseline status or treatment during follow-up?
 o Is this a part of a sensitivity analysis?

Is treatment modelled as a predictor?
 - If so,
 o Which treatments are modelled?

 o Is treatment modelled within a composite predictor?
 o  Which kind of treatment information is modelled: baseline, follow-up, 

both?

as a time-varying covariate)?

 o Are treatment interactions with other variables modelled?

pressure-lowering medication and blood pressure)?

For validation studies:

use? 6
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 List of articles included in the review

Panel on Detection, Evaluation, and Treatment of High Blood Cholesterol in 

exercise testing for predicting all-cause mortality in a preventive medicine 

dysfunction contribute to cardiovascular disease risk prediction beyond the 

Development and validation of a cardiovascular risk prediction model for 

Development of a cardiovascular risk score for use in low- and middle-

microalbuminuria: combined future targets for primary prevention? Kidney 

the risk of acute coronary events based on the 10-year follow-up of 

infarction and stroke: new data from the Prospective Cardiovascular Munster 
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metabolic syndrome: results from the Prospective Cardiovascular Munster 

Baldassarre D, Hamsten A, Veglia F, de Faire U, Humphries SE, Smit AJ, et 

common carotid diameter improve prediction of cardiovascular events: 

Prediction of the risk of cardiovascular mortality using a score that includes 

functions in a non-diabetic population of a Spanish health care centre: a 

risk factors correlate with diagnoses of ischemic heart disease and 

CT measurement of coronary calcium mass: impact on global cardiac risk 

risk factors for incident cardiovascular events have limited importance in 

Berard E, Bongard V, Arveiler D, Amouyel P, Wagner A, Dallongeville J, et 

6
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and observed cardiovascular disease in South Asians: application of 

Framingham stroke risk function in a large population-based cohort of 

Cardiovascular prevention in general practice: development and validation of 

Primary prevention of coronary artery disease among middle aged men in 

‘Framingham’s general CVD algorithm’ in a Middle Eastern population: Tehran 

genetic risk score based on direct associations with coronary heart disease 

Predictive accuracy of the Framingham coronary risk score in British men: 

Primary prevention of cardiovascular disease: a web-based risk score for 
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The accuracy of the Framingham risk-score in different socioeconomic 

British Society (JBS2) guidelines on prevention of cardiovascular disease 

functions in a nondiabetic population of a Spanish health care center: a 

Systemic chemokine levels, coronary heart disease, and ischemic stroke 

Association of carotid artery intima-media thickness, plaques, and C-reactive 
protein with future cardiovascular disease and all-cause mortality: The 

simple risk score using routine data for predicting cardiovascular disease in 

a point-based prediction model for the risk of coronary artery disease in a 

the prediction model for the risk of stroke in a Chinese population: report 

Impact of coronary artery calcium on cardiovascular risk categorization and 

6
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Family history and the risk of coronary heart disease: comparing predictive 

in the United Kingdom: independent and external validation of an updated 

Estimation of ten-year risk of fatal cardiovascular disease in Europe: the 

How much does HDL cholesterol add to risk estimation? A report from the 

Framingham point-scoring systems for estimation of individual risk 

testing, and arterial ultrasonography for coronary risk assessment in primary 
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Coronary risk assessment among intermediate risk patients using a clinical 
and biomarker based algorithm developed and validated in two population 

C-reactive protein and the 10-year incidence of coronary heart disease 

Framingham coronary heart disease prediction scores: results of a multiple 

Improved prediction of cardiovascular disease based on a panel of single 

to predict cardiovascular mortality in older people: population based 

6
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heart disease based on genome-wide association data linked to the 

coronary heart disease among diverse populations: is there a common 

Donfrancesco C, Palmieri L, Cooney M-T, Vanuzzo D, Panico S, Cesana 

scheme, including proinsulin and the apolipoprotein B/apolipoprotein A1 
ratio, for the risk of acute coronary events in middle-aged men: Uppsala 

Vascular and cardiac functional and structural screening to identify risk 

The coronary artery disease-associated 9p21 variant and later life 20-
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Exercise testing of healthy men in a new perspective: from diagnosis to 

based versus non-laboratory-based method for assessment of 

predictive models for long-term cardiovascular risk associated with systolic 

calcium score combined with Framingham score for risk prediction in 

6
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overestimates risk of coronary heart disease in men and women from 

along with conventional risk factor assessment, improve estimation of 
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of cardiovascular death in racial/ethnic minorities using Framingham risk 

charts illustrating the 10-year risk of stroke among residents of Japanese 

effect of including cystatin C or creatinine in a cardiovascular risk model for 

Polymorphisms associated with cholesterol and risk of cardiovascular 

operating characteristic curves and accuracy curves to compare validity and 

diseases--vain or value? How do different cardiovascular risk scores act in 

6
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Busselton, Western Australia: an evaluation of the Framingham, national 

evaluation of coronary heart disease and cerebrovascular disease by the 

Leaverton PE, Sorlie PD, Kleinman JC, Dannenberg AL, Ingster-Moore L, 

of coronary heart disease in a population with high prevalence of diabetes 

prediction model developed from the West of Scotland Coronary Prevention 

value for the Chinese population of the Framingham CHD risk assessment 
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assessment in primary prevention: Experience from the West of Scotland 

patient’s personal health history on assessments of future risk of coronary 

Comparative prognostic utility of conventional and novel lipid parameters 
for cardiovascular disease risk prediction: do novel lipid parameters offer an 

prediction equations for incidence of cardiovascular disease using detailed 

for predicting long term risk of all-cause mortality using cardiovascular risk 

smoking as a predictor of risk of cardiovascular disease incidence 

An adaptation of the Framingham coronary heart disease risk function 

charts illustrating the 10-year risk of myocardial infarction among residents 

risk assessment in older women: can we improve on Framingham? 

6
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A coronary heart disease risk model for predicting the effect of potent 

prediction of coronary heart disease based on retinal vascular caliber 

incidence of coronary heart disease within percentiles of coronary heart 

postchallenge glycemia and cardiovascular disease risk: The framingham 

mortality as a function of major risk factors in over 30 000 men in the Italian 

First risk functions for prediction of coronary and cardiovascular disease 

Merry AHH, Boer JMA, Schouten LJ, Ambergen T, Steyerberg EW, Feskens 

prediction tool derived from the Framingham Heart Study compared with 
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Mohlenkamp S, Lehmann N, Moebus S, Schmermund A, Dragano N, Stang A, 

in asymptomatic individuals with exercise testing and Framingham risk 

Prediction of coronary heart disease risk using a genetic risk score: the 

coronary calcium on arterial age and coronary heart disease risk estimation 

and cardiovascular risk prediction: an analysis of 11,594 individuals with 10-

of current guidelines for coronary heart disease prevention: optimal use of 

Nambi V, Boerwinkle E, Lawson K, Brautbar A, Chambless L, Franeschini N, 

and plaque in improving coronary heart disease risk prediction in white 

media thickness and presence or absence of plaque improves prediction of 

6
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Common carotid artery intima-media thickness is as good as carotid intima-
media thickness of all carotid artery segments in improving prediction of 

Prediction of cardiovascular events in subjects in the second Australian 

Distribution, size, shape, growth potential and extent of abdominal aortic 

cardiovascular disease based on a 19-year follow-up study of a Japanese 

myocardial infarction using coronary risk scores among Japanese male 

factors for near-term myocardial infarction in apparently healthy men and 

Oksala N, Seppala I, Hernesniemi J, Lyytikainen L-P, Kahonen M, Makela K-M, 

assessing cardiovascular risk reduction during continued antihypertensive 

algorithm warranting incorporation of C-reactive protein in Turkish adults, 
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A comparison of the Framingham and European Society of Cardiology 

in cardiovascular disease risk prediction models increases accuracy and 

of non-laboratory-based versus commonly used laboratory-based 

Cardiovascular disease risk prediction with and without knowledge of genetic 

Association between a literature-based genetic risk score and cardiovascular 

Cardiovascular risk prediction in diabetic men and women using hemoglobin 

Predicting the 30-year risk of cardiovascular disease: the framingham heart 

Carotid intima-media thickness in plaque-free site, carotid plaques and 

score for predicting risk of death from cardiovascular disease in adults with 
raised blood pressure, based on individual patient data from randomised 

6
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Carotid plaque morphology improves stroke risk prediction: usefulness of a 

based models for prediction of incidence of ischemic stroke: National 

heart disease does not exceed the sum of its individual components in older 

the Framingham model to predict heart disease in the United Kingdom: 

Performance of Framingham cardiovascular risk scores by ethnic groups in 

improved algorithms for the assessment of global cardiovascular risk in 

Framingham risk score and alternatives for prediction of coronary heart 
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cardiovascular and cerebrovascular risk prediction in the population: the 

Evaluation of the chads2 risk score on short- and long-term all-cause and 

Improving global vascular risk prediction with behavioral and anthropometric 

Saunders JT, Nambi V, de Lemos JA, Chambless LE, Virani SS, Boerwinkle 

coronary heart disease, heart failure, and mortality in the Atherosclerosis 

Sehestedt T, Jeppesen J, Hansen TW, Wachtell K, Ibsen H, Torp-Petersen 

Evaluation of C-reactive protein prior to and on-treatment as a predictor of 

of common genetic variation on blood lipid levels, cardiovascular risk, and 

6
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predicting risk of coronary heart disease in a population with high prevalence 

Investigation of Cancer-Norfolk cohort: does adding glycated hemoglobin 

functions for prediction of cardiovascular disease in elderly Australians: the 
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total and non-high-density lipoprotein cholesterol and the risk prediction 

Practical risk prediction tools for coronary heart disease in mild to moderate 

Preventive cardiology in practice: a device for risk estimation and counseling 

biomarkers, prospective 15-year cardiovascular and stroke outcomes, 

6
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of coronary artery disease in siblings of patients with premature coronary 

Prediction of coronary heart disease risk in a general, pre-diabetic, 
and diabetic population during 10 years of follow-up: accuracy of the 

prediction in French men using the Framingham coronary score: results from 

American stroke risk functions perform in a Western European population? 

events in middle-aged men in the Prospective Cardiovascular Munster Study 
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deprivation and family history to cardiovascular risk assessment: the 

The prognostic value of adipose tissue fatty acids for incident cardiovascular 
disease: results from 3944 subjects in the Scottish Heart Health Extended 

Wormser D, Kaptoge S, Di Angelantonio E, Wood AM, Pennells L, Thompson 

abdominal adiposity with cardiovascular disease: Collaborative analysis of 

factors: a study on individual health risk appraisal of stroke in a community 

intima-media thickness and plaque for better predicting risk of ischaemic 

disease: application of a composite risk index from the Telehealth System in 
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cardiovascular risk prediction algorithms in an Australian population: the 
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Abstract

Background: As complete reporting is essential to judge the validity and applicability 

 
Methods: Within each of 37 clinical domains, 10 journals with the highest journal impact 

publications reported on the development or external validation of a multivariable 
prediction model (either diagnostic or prognostic), or on the incremental value of adding 

Results:

th–75th

Conclusions: More than half of the items considered essential for transparent 
reporting were not fully addressed in publications of multivariable prediction model 

that require improvement are title, abstract, and model building procedures, as they are 
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Introduction

Multivariable prediction models (risk scores or prediction rules) estimate an individual’s 

1 Such models are increasingly 
used by healthcare providers to support clinical decision making or to inform patients 

model, validation of an existing, previously developed model in other individuals (with or 
without adjusting or updating the model to the validation setting), or a combination of 

2-5 Some prediction model studies evaluate the addition of a single predictor 
4

In addition to appropriate design, conduct and analysis, reporting of prediction model 

study replication, assessment of the study validity (risk of bias), interpretation of the 

previously developed and validated prediction models when all relevant information is 

Previous systematic reviews showed that within different clinical domains the quality 
6-11 To improve the reporting of studies of 

12,13

checklist can be used for all types of prediction model studies (development, external 

In this comprehensive literature review, we assessed the completeness of reporting of 

7
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Methods

To cover a wide range of clinical domains we started with 37 subject categories (2012 
14 from which we selected the 10 journals with the highest 

15

Eligible publications described the development or external validation of a 
multivariable prediction model (either diagnostic or prognostic), or evaluated the 

1-5,16 We excluded so-called 

3,7,17 We excluded 

reading the full text report, they judged whether to include or exclude a potentially eligible 

Data-extraction 
For each included publication we recorded the journal impact factor (2012 Journal 

14 clinical domain, and whether the purpose of prediction was 

prediction model studies: development, external validation, incremental value, or 

if a publication reported on both development and external validation, but of different 

statement (Box 1) into a data-extraction form, which was piloted extensively to ensure 
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items) containing multiple reporting elements we extracted information regarding each 
“Specify the key study dates, including start of 

accrual; end of accrual; and, if applicable, end of follow-up.” we used three data extraction 
elements to record information regarding 1) the start of accrual, 2) end of accrual, and 

For each data extraction element we judged whether the requested information 

external validation of the same prediction model, we extracted data on the reporting of 
either separately, and subsequently combined the extracted information for each data 

unsure about the reporting of a data extraction element, it was discussed in consensus 

Analyses 

Completeness of reporting of each TRIPOD item 

example follow-up might be not relevant in a diagnostic prediction model study (item 

7
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Box 1: 

Title and abstract

1.  Title (D; V): identify the study as developing and/or validating a multivariable 

2.   Abstract (D; V): provide a summary of objectives, study design, setting, 
participants, sample size, predictors, outcome, statistical analysis, results, and 

Introduction

3.  Background and objectives:

a.  (D; V) Explain the medical context (including whether diagnostic or prognostic) and 
rationale for developing or validating the multivariable prediction model, including 

b.  (D; V) Specify the objectives, including whether the study describes the 

Methods

4. Source of data:

a.  (D; V) 

b.  (D; V) 

5. Participants:

a.  (D; V) 

b. (D; V) 

c. (D; V) 

6. Outcome:

a.  (D; V) 

b. (D; V) 

7. Predictors:

a.  (D; V) 

b.  (D; V) 

8. Sample size (D; V)

9.  Missing data (D; V)
analysis, single imputation, multiple imputation) with details of any imputation 
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Box 1: 

10. Statistical analysis methods:

a. (D) 

b.  (D) Specify type of model, all model-building procedures (including any predictor 

c. (V)

d.  (D; V) Specify all measures used to assess model performance and, if relevant, to 

e.  (V) 

11. Risk groups (D; V)

12.  Development vs. validation (V): for validation, identify any differences from the 

13. Participants:

a.  (D; V) 
of participants with and without the outcome and, if applicable, a summary of the 

b.  (D; V) Describe the characteristics of the participants (basic demographics, clinical 
features, available predictors), including the number of participants with missing 

c.  (V) For validation, show a comparison with the development data of the distribution 

14. Model development:

a. (D) 

b.  (D)If done, report the unadjusted association between each candidate predictor and 

:

a.  (D) 

b. (D) 

16.  Model performance (D;V): report performance measures (with CIs) for the prediction 

17.  Model-updating (V)

Discussion

18.  Limitations (D;V): discuss any limitations of the study (such as non-representative 

7
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Box 1: 

19. Interpretation:

a.  (V) For validation, discuss the results with reference to performance in the 

b.  (D;V)

20.  Implications (D;V): discuss the potential clinical use of the model and implications 

Other information

21.  Supplementary information (D;V): provide information about the availability of 

22.  Funding (D;V): give the source of funding and the role of the funders for the present 

D;V D
V: item only relevant to external validation

Overall completeness of reporting per model
To calculate overall completeness of reporting for each included model we divided the 

(10a, 10b, 14a, 14b, 15a, and 15b) and six only to external validation (10c, 10e, 12, 13c, 

either development or external validation of a prediction model, 37 for the combined 
reporting of development and external validation of the same prediction model, and 36 

particular study, it was excluded when calculating the completeness of reporting (both 

excluded from all calculations, as it refers to whether supplementary material was 

Overall completeness of reporting per publication
The overall reporting per publication equals the reporting per model (see previous 

development of a model and external validation of a different model, we combined the 

was considered complete when the reporting of the different types of prediction model 
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We used linear regression to investigate possible relationships between completeness 
of reporting per publication as dependent variable, and sample size, journal impact factor, 

Overall completeness of reporting per item of the TRIPOD statement

statement by dividing the number of models with complete reporting of a particular 

Results 

The three clinical domains with most publications of prediction models were critical 

(25th-75th percentile [P25-P75

model was studied was 450 (P25-P75 25-
P75

Completeness of reporting per publication

25-P75

prognostic and diagnostic prediction models was comparable, with median adherence 

25-P75 25-P75

reporting was seen for the combined reporting of development and external validation of 

25-P75

25-P75 25-P75

25-P75

7
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Figure 2:

Figure 1: Flow diagram of selection procedure



341

Reporting of multivariable prediction model studies

in Figure 3 and Supplemental Table 3 over all 170 models, and per type of prediction 

and abstract, introduction, methods, results, discussion, and other information) are 

Table 1: Continued

19b 
of the results, considering 
objectives, limitations, results 
from similar studies, and other 

96 10b Specify type of model, all model-
building procedures (including 
any predictor selection), and 

24

4a Describe the study design or 

trial, cohort, or registry data), 
separately for the development 
and validation data sets, if 

95 10d Specify all measures used to 
assess model performance and, 
if relevant, to compare multiple 

22

11 Provide details on how risk 90 13b Describe the characteristics 
of the participants (basic 
demographics, clinical features, 
available predictors), including 
the number of participants with 
missing data for predictors and 

21

18 Discuss any limitations of 
the study (such as non-
representative sample, few 
events per predictor, missing 

88 15a Present the full prediction 
model to allow predictions for 

or baseline survival at a given 

17

3a Explain the medical context 
(including whether diagnostic 
or prognostic) and rationale 
for developing or validating the 
multivariable prediction model, 
including references to existing 
models

81 16
(with CIs) for the prediction 

15

TTabTTablele 1: 1: ConContintinueduedTable 1: 

7
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Table 1: Continued

5b Describe eligibility criteria for 79 17 If done, report the results 14

12 For validation, identify 
any differences from the 
development data in setting, 
eligibility criteria, outcome, and 

11

2 Provide a summary of 
objectives, study design, 
setting, participants, sample 
size, predictors, outcome, 
statistical analysis, results, and 

8

7b
assessment of predictors for the 

6

1 Identify the study as developing 
and/or validating a multivariable 
prediction model, the target 
population, and the outcome to 

5

Figure 3: (right page)

-
centages are based on number of models for which an item was applicable (and thus should have 

-

-
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Title and abstract (items 1 and 2)

term risk prediction model, the type of prediction model
validation, incremental value, or combination), the target population, and outcome to be 
predicted

Depending on 
the type of prediction model study, complete reporting of abstracts required information 

Introduction (item 3)

Methods (items 4 – 12)

described both discrimination and calibration as measures of model performance ( item 

Results (items 13 – 17)

external validations presented demographics, distribution of predictors, and outcomes 
alongside those of the original development study (item 13c) and in combined reports 

cumulative baseline hazard (or baseline survival) for at least one time point in the case 
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Discussion (items 18 – 20)
An overall interpretation of the results (item 19b) was given for almost all included 

Other information (items 21 and 22)
Information about the availability of supplementary resources (item 21) was provided 

Discussion

Complete and accurate reporting of prediction model studies is required to critically 
appraise, externally validate, evaluate their impact, and eventually use prediction 

model study and whether diagnostic or prognostic, more than half of the items deemed 

of study methods, especially blinding of outcome and predictor assessments, were 

predictions for new patients, and that the reporting of model performance was often 

the source of data and eligibility criteria, risk groups (if applicable), study limitations, 
and 

Comparison with other studies

6-11 Inadequate reporting is 
18,19 Therefore, for many study types reporting 

7
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20-24 Completeness of reporting before the introduction of these reporting guidelines 

25 In a systematic review of 16 studies 
26 For 

27,28 Ten (out of 

Strengths and limitations of this study
With this literature review we cover a broad literature base by including three major types 

Despite the use of a validated search strategy, we may have missed publications on 

We were strict in scoring adherence by requiring complete information on all elements 

Although strict scoring potentially leads to poorer adherence results, it is needed for 

We used two different denominators in our analyses, the number of publications 

We present results from studies that were published almost four years ago, 
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reporting guideline on completeness of reporting and changes over several years might 
25,26,28-33 To our opinion, therefore, it is too early for a before-after comparison 

Implications for practice and areas for future research
Inadequate reporting impedes the use of all available evidence regarding a prediction 

critical appraisal and, by that, the possibility of methodological investigation of sources 

Experiences from other research areas indicate that the improvement in reporting 
25,26,28-33 Improving 

the completeness of reporting of prediction models is probably even more challenging, as 

of prediction model studies and their focus on absolute probabilities rather than on 

It should also be taken into account that practical issues, like word limits or journal 

a collaborative effort of developers of a reporting guideline and other stakeholders 

from raising awareness and providing training, possible post-publication activities that 
are recommended are encouraging guideline endorsement, asking for feedback, and 

34 

and suboptimal reporting within our dataset can be used in the training of different 

35

12 Finally, 

7
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our study will serve as a baseline measurement for future studies evaluating the impact 

Conclusion 

Prediction models are poorly reported: more than half of the items that are considered 
essential for transparent reporting of a prediction model were not or were inadequately 
reported, especially with regard to details of the title, abstract, blinding, model building 
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Allergy

Allergy

Clinical and Experimental Allergy

Annals of Allergy Asthma & Immunology

Current Opinion In Allergy and Clinical Immunology

Anesthesiology Pain

Anesthesiology

British Journal of Anaesthesia

Anaesthesia

Anesthesia and Analgesia

European Journal of Pain

European Journal of Anaesthesiology

Pain Practice

Cardiac and 
cardiovasuclar systems

European Heart Journal

Journal of the American College of Cardiology

Circulation-Heart Failure

Jacc-Cardiovascular Interventions

Circulation-Cardiovascular Interventions

Supplemennntaltal TaTableble 1:1: ConContintinuedued

Supplemental Table 1: Ten journals with the highest Journal Impact Factor within each of 37 
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Clinical neurology Lancet Neurology

Alzheimers & Dementia

Annals of Neurology

Brain

Acta Neuropathologica

Neurology

Archives of Neurology

Neuro-Oncology

Critical care medicine

Critical Care Medicine

Intensive Care Medicine

Critical Care

Journal of Neurotrauma

Neurocritical Care

Current Opinion In Critical Care

medicine
Periodontology 2000

Dental Materials

Journal of Clinical Periodontology

Journal of Dentistry

Journal of Endodontics

International Journal of Oral Science

British Journal of Oral & Maxillofacial Surgery
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Dermatology Journal of Investigative Dermatology

Journal of the American Academy of Dermatology

Archives of Dermatology

British Journal of Dermatology

Experimental Dermatology

Journal of Dermatological Science

Acta Dermato-Venereologica

Skin Pharmacology and Physiology

Emergency medicine Annals of Emergency Medicine

Emergencias

Journal of Trauma-Injury Infection and Critical Care

Injury-International Journal of the Care of the Injured

Prehospital Emergency Care

Academic Emergency Medicine

American Journal of Emergency Medicine

Emergency Medicine

Emergency Medicine Journal

Endocrinology & 
Metabolism

Cell Metabolism

Trends In Endocrinology and Metabolism

Frontiers In Neuroendocrinology

Diabetes

Diabetes Care

7
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Hepatology
Hepatology

Journal of Hepatology

Seminars In Liver Disease

Neurobiology of Aging

Aging Cell

Journal of the American Medical Directors 
Association

Frontiers In Aging Neuroscience

and Medical Sciences

Age

Hematology

Blood

Stem Cells

Haematologica-the Hematology Journal

Journal of Cerebral Blood Flow and Metabolism
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Immunology

Nature Immunology

Immunity

Journal of Experimental Medicine

Trends In Immunology

Current Opinion In Immunology

Infectious diseases Lancet Infectious Diseases

Aids

Emerging Infectious Diseases

Journal of Infectious Diseases

Eurosurveillance

Journal of Antimicrobial Chemotherapy

Current Opinion In Infectious Diseases

Current Opinion In Hiv and Aids

Syndromes

Integrative & 
complementary medicine

Phytomedicine

Journal of Ethnopharmacology

Integrative Cancer therapies

American Journal of Chinese Medicine

Complementary therapies In Medicine

Bmc Complementary and Alternative Medicine

Evidence-Based Complementary and Alternative 
Medicine

Journal of Manipulative and Physiological 
therapeutics

Journal of Alternative and Complementary Medicine

7
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Medical laboratory 
technology

Clinical Chemistry

Advances In Clinical Chemistry

Clinical Chemistry and Laboratory Medicine

Clinica Chimica Acta

Archives of Pathology & Laboratory Medicine

Clinical Biochemistry

Therapeutic Drug Monitoring

Cytometry Part B-Clinical Cytometry

internal
New England Journal of Medicine

Lancet

Jama-Journal of the American Medical Association

British Medical Journal

Plos Medicine

Annals of Internal Medicine

Archives of Internal Medicine

Bmc Medicine

Canadian Medical Association Journal

Journal of Internal Medicine

Bjog-An International Journal of Obstetrics and 

Menopause-the Journal of the North American 
Menopause Society
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Oncology Ca-A Cancer Journal For Clinicians

Lancet Oncology

Cancer Cell

Journal of Clinical Oncology

Jnci-Journal of the National Cancer Institute

Cancer Discovery

Ophthalmology

Ophthalmology

Archives of Ophthalmology

American Journal of Ophthalmology

Investigative Ophthalmology & Visual Science

Survey of Ophthalmology

British Journal of Ophthalmology

Ocular Surface

Orthopedics

Journal of Bone and Joint Surgery-American Volume

Spine Journal

Surgery

Acta Orthopaedica

7
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Otorhinolaryngology Ear and Hearing

Otolaryngology

Head and Neck-Journal For the Sciences and 
Specialties of the Head and Neck

Audiology and Neuro-Otology

Otology & Neurotology

Laryngoscope

Dysphagia

Clinical Otolaryngology

Archives of Otolaryngology-Head & Neck Surgery

Pediatrics Journal of the American Academy of Child and 

Pediatrics

Archives of Pediatrics & Adolescent Medicine

Journal of Pediatrics

European Child & Adolescent Psychiatry

Pediatric Infectious Disease Journal

Seminars In Fetal & Neonatal Medicine

Archives of Disease In Childhood-Fetal and Neonatal 
Edition

Archives of Disease In Childhood
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Peripheral vascular 
disease

Hypertension

Stroke

Current Opinion In Lipidology

Atherosclerosis Supplements

Seminars In Thrombosis and Hemostasis

Primary health care Annals of Family Medicine

Scandinavian Journal of Primary Health Care

Family Practice

Canadian Family Physician

Journal of the American Board of Family Medicine

American Family Physician

Bmc Family Practice

Primary Care Diabetes

Psychiatry Molecular Psychiatry

American Journal of Psychiatry

Biological Psychiatry

World Psychiatry

Neuropsychopharmacology

Schizophrenia Bulletin

Psychotherapy and Psychosomatics

Journal of the American Academy of Child and 

British Journal of Psychiatry

7
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Occupational health
Environmental Health Perspectives

International Journal of Epidemiology

Epidemiology

Journal of Clinical Epidemiology

Bulletin of the World Health Organization

European Journal of Epidemiology

American Journal of Epidemiology

Cancer Epidemiology Biomarkers & Prevention

medicine and Medical 
imaging

Human Brain Mapping

Neuroimage

Circulation-Cardiovascular Imaging

Journal of Nuclear Medicine

European Journal of Nuclear Medicine and Molecular 
Imaging

Physics

Ieee Transactions On Neural Systems and 

Supportive Care In Cancer

American Journal of Speech-Language Pathology

Journal of Physiotherapy
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Placenta

Thorax

Journal of Thoracic Oncology

Biology

Journal of Thoracic and Cardiovascular Surgery

American Journal of Physiology-Lung Cellular and 
Molecular Physiology

7
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Sport sciences

Sports Medicine

Medicine and Science In Sports and Exercise

British Journal of Sports Medicine

Journal of Applied Physiology

Scandinavian Journal of Medicine & Science In 
Sports

Journal of Science and Medicine In Sport

Surgery Annals of Surgery

Journal of Neurology Neurosurgery and Psychiatry

American Journal of Surgical Pathology

British Journal of Surgery

Journal of the American College of Surgeons

Annals of Surgical Oncology

Archives of Surgery

Transplantation

Stem Cells and Development

Cell Transplantation

Liver Transplantation

Biology of Blood and Marrow Transplantation

Transplantation

Bone Marrow Transplantation

Nephrology Dialysis Transplantation

Current Opinion In Organ Transplantation
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Supplemental Table 1: Continued

Category (clinical domain) Full journal title Journal 
Impact 
Factor

Tropical medicine Plos Neglected Tropical Diseases

Malaria Journal

Tropical Medicine & International Health

Acta Tropica

American Journal of Tropical Medicine and Hygiene

Medicine and Hygiene

Memorias Do Instituto Oswaldo Cruz

Annals of Tropical Medicine and Parasitology

Journal of Vector Borne Diseases

Journal of Tropical Pediatrics

Urology & Nephrology European Urology

Journal of the American Society of Nephrology

Kidney International

American Journal of Kidney Diseases

Clinical Journal of the American Society of 
Nephrology

Current Opinion In Nephrology and Hypertension

Prostate

Journal of Urology

7
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Supplemental Table 2: Pubmed search strategy on July 4th 2014

Hits

4871
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AND (2014/05/01 : 2014/06/01[dp])

Supplemental Table 2: Continued

7
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

TITLE AND ABSTRACT

1. Title: identify the 
study as developing 
and/or validating 
a multivariable 
prediction model, the 
target population, and 
the outcome to be 

1 (1) 4 (9) 3 (9) 0 (0) 8 (5)

2. Abstract: provide a 
summary of objectives, 
study design, setting, 
participants, sample 
size, predictors, 
outcome, statistical 
analysis, results, and 

7 (10) 4 (9) 1 (3) 1 (5) 13 (8)

INTRODUCTION

3. Background and objectives:

a. Explain the medical 
context (including 
whether diagnostic 
or prognostic) and 
rationale for developing 
or validating the 
multivariable prediction 
model, including 
references to existing 

54 (74) 42 (98) 23 (70) 18 (86) 137 (81)

b. Specify the 
objectives, including 
whether the study 
describes the 
development or 
validation of the model 

43 (59) 29 (67) 17 (52) 18 (86) 107 (63)

Supplemental table 3: ContinuedSupplemental table 3: 
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

METHODS

4. Source of data:

a. Describe the study 
design or source of 

trial, cohort, or registry 
data), separately for 
the development and 
validation data sets, if 

68 (93) 42 (98) 33 (100) 19 (91) 162 (95)

b. Specify the key study 
dates, including start of 

and, if applicable, end of 
36 (49) 28 (65) 15 (46) 8 (38) 87 (51)

5. Participants:

a. Specify key elements 
of the study setting 

secondary care, general 
population) including 
number and location of 

52 (71) 35 (81) 21 (64) 13 (62) 121 (71)

b. Describe eligibility 58 (80) 37 (86) 24 (73) 16 (76) 135 (79)

c. 
treatments received, if 20 (47) 20 (61) 11 (52) 93/169 

6. Outcome:

a. 
the outcome that 
is predicted by the 
prediction model, 
including how and when 

33 (45) 19 (44) 18 (55) 9 (43) 79 (47)

7
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

b. 
to blind assessment 
of the outcome to be 19 (26) 12 (28) 9 (27) 7 (33) 47 (28)

7. Predictors:

a. 
predictors used in 
developing or validating 
the multivariable 
prediction model, 
including how and when 

17 (23) 12 (28) 12 (36) 2 (10) 43 (25)

b. 
to blind assessment 
of predictors for the 
outcome and other 

5 (7) 3 (7) 3 (9) 0 (0) 11 (7)

8. Sample size: explain 
how the study size was 27 (37) 18 (42) 13 (39) 5 (24) 63 (37)

9. Missing data: 
Describe how missing 

complete-case analysis, 
single imputation, 
multiple imputation) 
with details of any 

28 (38) 21 (49) 11 (33) 6 (29) 66 (39)

10. Statistical analysis 
methods:

a. Describe how 
predictors were handled 22 (30) NA 10 (30) 5 (24) 37/127 

b. Specify type of model, 
all model-building 
procedures (including 
any predictor selection), 
and method for internal 

19 (26) NA 1 (3) 10 (48) 30/127 
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

c. For validation, 
describe how the 
predictions were NA 17 (40) 4 (19) 25/84 

d. Specify all measures 
used to assess model 
performance and, if 
relevant, to compare 

16 (22) 11 (26) 5 (15) 5 (24) 37 (22)

e. Describe any 

recalibration) arising 
from the validation, if 

NA 16/23 

11. Risk groups: Provide 
details on how risk 
groups were created, if 

13/15 63/70 

12. Development vs. 
validation: for validation, 
identify any differences 
from the development 
data in setting, eligibility 
criteria, outcome, and 

NA 4 (9) 5 (24) 9/81 

RESULTS

13. Participants:

a. 
participants through 
the study, including the 
number of participants 
with and without 
the outcome and, if 
applicable, a summary 

29 (40) 19 (44) 14 (42) 8 (38) 70 (41)

7
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

b. Describe the 
characteristics of 
the participants 
(basic demographics, 
clinical features, 
available predictors), 
including the number 
of participants with 
missing data for 

18 (25) 9 (21) 4 (12) 5 (24) 36 (21)

c. For validation, show 
a comparison with 
the development data 
of the distribution of 
important variables 
(demographics, 
predictors and 

NA 2 (5) 19 (58) 9 (43) 30/97 

14. Model development:

a. Specify the number 
of participants and 
outcome events in each 47 (64) NA 22 (67) 14 (67) 83/127 

b. If done, report the 
unadjusted association 
between each candidate NA 59/94 

:

a. Present the full 
prediction model to 
allow predictions for 

and model intercept or 
baseline survival at a 

15 (21) NA 1 (3) 6 (29) 22/127 

b. Explain how to the 
use the prediction 26 (36) NA 5 (15) 12 (57) 43/127 
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

16. Model performance: 
report performance 
measures (with CIs) for 7 (10) 10 (23) 3 (9) 5 (24) 25 (15)

17. Model-updating: 
if done, report the 
results from any model NA NA 1/7 

DISCUSSION

18. Limitations: discuss 
any limitations of the 
study (such as non-
representative sample, 
few events per predictor, 

66 (90) 36 (84) 30 (91) 18 (86) 150 (88)

19. Interpretation:

a. For validation, 
discuss the results 
with reference to 
performance in the 
development data, and 
any other validation 

NA 26 (61) 58/92 

b. 
interpretation of the 
results, considering 
objectives, limitations, 
results from similar 
studies, and other 

71 (97) 40 (93) 33 (100) 20 (95) 164 (97)

20. Implications: 
discuss the potential 
clinical use of the model 
and implications for 

45 (62) 21 (49) 17 (52) 17 (81) 100 (59)

7
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Supplemental table 3: Continued

Development External 
validation

Incremental 
value

Development 
and external 
validation

Overall

statement

OTHER INFORMATION

21. Supplementary 
information: provide 
information about 
the availability of 
supplementary 
resources, such as 
study protocol, Web 
calculator, and data 

94 

22. Funding: give the 
source of funding and 
the role of the funders 17 (23) 11 (26) 9 (27) 8 (38) 45 (27)
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Abstract

Background: Meta-epidemiological studies have shown that shortcomings in study 

So far, it remains unclear to what extent study characteristics affect estimates of 

Objectives: To empirically assess the relation between study characteristics and the 

Methods: We searched electronic databases for systematic reviews of prognostic models 

selected if they reported common performance measures (either the concordance (c)-
statistic or the ratio of observed over expected number of events (OE ratio)) from ten or 

studies we extracted study design features, population characteristics, methods of 
predictor and outcome assessment, the handling of missing data and the aforementioned 

Results: We included 10 systematic reviews, describing a total of 224 external validations, 

C-statistics were most associated with population characteristics and predictor and 

study resulted in a higher c-statistic, compared to validation in the same continent 

criteria comparable to the development study were associated with higher c-statistics 

Using a case-control design was associated with higher OE ratios, compared to using 

Conclusions: Variation in performance of prognostic models across studies or settings is 
mainly associated with variation in case-mix, study designs, and predictor and outcome 



379

Impact of study characteristics on the performance of prediction models

Introduction

Prediction models, including diagnostic and prognostic models, estimate the probability 

1 
Before using a prediction model in clinical practice it is recommended to validate the 
performance of the model in a population other than the population in which the model 

2 Such studies assess whether 

Obviously, it is important that the methodological quality of external validation studies 
is good, as otherwise estimates of the prediction model’s performance may be biased 

Systematic reviews have found that the performance of existing prediction models 
3-5 These 

differences may not only appear when validation studies are small (due to random 
variation), but may also arise when model predictions are invalid because the model 

model and the outcome are different) or when design-related characteristics of the 

2,6 
To provide empirical evidence of the association of study characteristics with 

effectiveness of interventions studied in randomized trials and on the accuracy of 
7-12 For diagnostic prediction models some evidence exists that suggests 

One study found a higher diagnostic odds ratio in case-control studies, studies with 

13 To date, no meta-epidemiological study has 
been performed investigating the possible impact of study characteristics on measures 
of the predictive performance of a prognostic model upon external validation, which is 

14

The aim of this study was to investigate sources of heterogeneity in the predictive 

8



380

Chapter 8

Methods

Search and selection of systematic reviews
We used an existing database (last updated on March 27, 2017) consisting of studies 
evaluating multiple existing prediction models, including narrative or systematic reviews 
of prediction models, or head-to-head comparisons of multiple prediction models 

the full text of all articles in the database were screened for eligibility to the current 

externally validated the same prognostic model, and that presented the performance 
of these models in terms of discrimination (concordance (c)-statistic or area under 
the receiver operating characteristic (AUC) curve), or calibration (observed expected 

overall agreement between the total number of observed and predicted (‘expected’) 
14

with a sample size below 100, if we were not able to identify the primary studies that 

models in which the weights of predictors in the original model were based on expert 

populations were not preferred if a review with a broader population was available), or 
the most recent review, or the one with the highest number of external validations (in 

Selection of the primary external validations from the included systematic reviews
From the included systematic reviews we collected the primary studies in which the 

no measure of discrimination (c-statistic) or calibration (OE ratio) was reported in the 
systematic review, we checked the full text of the primary external validation study, and 

If primary external validation studies described multiple external validations of 
the same model and if there was no overlap in included participants between these 
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was validated in men and women separately), data were extracted for every external 

(described in either one or multiple publications), we selected the external validation 

external validations, we selected the one in which the study population and predicted 

Data extraction and preparation
We extracted relevant features of design and conduct according to existing checklists on 

15-17 
Information about study characteristics of studies in which the models were developed 

investigators also involved in the development study), eligibility criteria for participant 
inclusion, setting, location (continent), study dates, number of centers, follow-up time 
and prediction horizon, age and gender distribution, deletion or substitution of predictors, 

For analysis purposes, some study characteristics had to be categorized or 

compared to the development study had to be judged and categorized as comparable, 
narrower (if subgroups included in the development study were excluded from the 
validation study), broader (if subgroups excluded from the development study were 

on study characteristics were not reported in the primary external validation studies, 
these were either categorized as ‘unclear’ (in case of categorical study variables), or the 
study was excluded from the analyses of that (missing) study characteristic (in case 

between reviews, we standardized continuous study variables separately for each 

8
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Statistical analyses
We used a two-staged approach to study the possible association between study 

characteristic within each systematic review with the logit c-statistic or log OE ratio as 
18

model indicate the difference in logit c-statistic or log OE ratio between a certain 

19,20 For categorical characteristics the results of 

We planned to perform multivariable analyses to assess the association between 
various study characteristics in combination and the performance of prediction models, 

Results

21-30 These reviews addressed external validations of the 
following prognostic models: ABCD2,31 32 33 
Framingham,34 35 Injury Severity Score (ISS),36 model for end-stage liver disease 
(MELD),37 Pneumonia Severity Index (PSI),38 39 and 

40

primary external validation studies with 274 external model validations (one study 

were eventually excluded (most often for not reporting a performance measure), and 

inclusion of 224 external validations, of which 221 could be included in the analyses of 

included, due to the very low number of reported OE ratios in the validations studies for 
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Description of included validations 
The number of external validations within each systematic review ranged from 11 to 

performance of the models was highly heterogeneous, even for external validations of 

Not all information on the study characteristics was reported for all external 

8
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Figure 1:
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Discrimination

Pooled models
The pooled analyses across all systematic reviews (Figure 2 and Figure S1) showed that 
validation in a continent different from the development study was associated with a 
higher c-statistic, compared to validation in the same continent, and multicenter versus 

eligibility criteria for participant inclusion were also associated with higher c-statistics 
compared to narrower criteria, whereas a broader setting was associated with a lower 

it was unclear whether all predictors were correctly measured, tended to have lower 

found an association between the c-statistic and numerous other study characteristics, 

size and number of events, and mean age of study participants (Figure 3, S1 and S2), 

Variation across reviews
Across reviews we found effects of many study characteristics on the c-statistic although 

was found for validations that used an existing registry compared to an existing cohort, 

For example, for most systematic reviews, validation studies with eligibility criteria 
narrower compared to the criteria used in the development study had a lower c-statistics 

C-statistics were also (slightly) higher in external validations with a setting comparable 

in general was associated with a higher c-statistic, and multicenter studies had lower 

8
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Figure 2: -



389

Impact of study characteristics on the performance of prediction modelsImpact of study characteristics on the performance of prediction models

Figure 3: C-statistic for categories of study design, pooled using univariable meta-regression 

8



390

Chapter 8

Calibration

Pooled analyses

using data from a case-control study resulted in higher OE ratios, compared to using 

higher OE ratios were found for studies in which the outcome was assessed by a panel 

between the c-statistic and numerous other study characteristics, such as the duration 
of follow-up, year in which recruitment was started, sample size, standard deviation of 

Variation across reviews
For other categories of study design (other than the use of a case-control design), 

associations of most other study characteristics with the OE ratio were also most often 

systematic reviews external validations with appropriate handling of missing data had 
OE ratios closer to 1 compared to inappropriate handling of missing data, while in two 

was comparable to the development, compared to validations in different continents 
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Figure 4:

8
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Figure 5: OE ratio for categories of study design, pooled using univariable meta-regression analyses 
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Discussion

Using a meta-analytical approach, we studied the association between study 
characteristics of external validation studies and the estimated performance of 

performance were notably found in relation to validation studies with a case-control 
(versus cohort) design, with differences in case-mix, in continent (in which the model 
is validated), in eligibility criteria, in clinical setting, in number of centers (included in 

example, we noticed lower c-statistics in validations with unclear predictor measurement 
and validations that made changes to the predictors in the model (either deleted or 

Comparison to previous research

14,41-44

that studies with more variation in case-mix show higher c-statistics, and we noticed 

we found lower c-statistics in studies with a broader setting and when the number of 

diagnostic) prediction models, have shown biased effect measures in studies using a 
11-14

of outcome assessment, in agreement with previous studies that showed that higher 
13 

14 We could not systematically 

the association between sample size and model performance that was previously found, 
13 

8
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Explanations, strengths and limitations
In this meta-epidemiological study we addressed associations between study 
characteristics and predictive performance of prognostic models, using data from 

described at least ten external validation studies of the same prognostic model, our 
analyses appeared to still be hampered by relatively low numbers of external validations 
within each systematic review, combined with extreme heterogeneity within and across 

Conceptually, there are many potential sources of heterogeneity in prediction model 

but more likely in combination, causing differences in model performance across 

study characteristics on the heterogeneity of prediction model performance across 
validation studies, is ideally addressed by adopting multivariable meta-regression 
models with the observed model performance estimates of the validation studies as 
dependent variable and the characteristics of multiple design features as independent 

A general limitation of all meta-epidemiological studies, is the possibility that the 
effect of a certain study characteristic differs across systematic reviews which may 

between study characteristics and reported predictive performance measures that were 

Also, it is possible that the effect caused by individual study characteristics is small 

study characteristics, caused either by our misinterpretation of what is reported, or by 

addition, the c-statistic is often considered to be an insensitive measure to quantify 
45-47 In previous simulation studies, the c-statistic and OE 

14,41,48 which may mask 

are less sensitive to case-mix differences, such as the calibration slope, could, however, 
3 

We found greater variation in the methods used by external validation studies 

43,44 
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most external validation studies used a prospective study design, while most external 

Finally, given the explorative nature of our analyses in order to generate further insight 
whether and when design features have an impact on the performance of prediction 

Implications for future research
In agreement with many previously conducted systematic reviews,3,49-53 we found poor 

reporting of a multivariable prediction model for individual prognosis or diagnosis 
16,17 

We also believe that more research is urgently needed to evaluate under which 
circumstances certain design choices may lead to expected heterogeneity in prediction 
model performance, and to incorporate these issues in the appraisal of prediction 

15

Several options exist to gain more empirical insight in design related bias in 

validation studies and try to correct for all issues that cause variation in performance of 

every systematic reviews describing at least ten validations of the same prediction 

data (IPD) for all studies included in this review to directly study the effect of study 
54-56 Using IPD, it will also be possible to study 

different performance measures, like the case-mix adjusted c-statistic41,57 and calibration 
14 Thirdly, new simulation studies could be performed to get more insight in design 

Conclusion

In this meta-epidemiological study we found empirical evidence for an association 

found that predictive performance of prognostic models upon external validation is 
highly heterogeneous, but sensitive to various study characteristics, such as study 
design, case-mix, eligibility criteria, setting, and methods of predictor and outcome 

8
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observed heterogeneity in model performance remained unexplained, which is likely 
caused by the high number of factors that cause heterogeneity in predictive performance 
and may act in opposite directions whereas a multivariable meta-regression analysis 

Acknowledgments
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Supplement 2: Continued 

Item Extracted from 
studies

Categorization / 
handling in analyses

Description / examples

Validated 
model

Framingham Wilson, 

- -

Study type Predesigned 
validation study

Predesigned 
validation study

Study designed with 
the aim of validating a 
prediction model

Validation study using 
existing data

Validation study using 
existing data

Study in which a prediction 
model is validated using 
a dataset collected for a 
different purpose than 
validating the model

Development of new 
model and validation 
of different model

Development of new 
model and validation 
of different model

Study in which a model is 
developed and a model is 
validated

Validation and 
incremental value

Validation and 
incremental value

Study in which a model is 
validated and in which the 
added value of one or more 
predictors is assessed

Development, 
validation, and 
incremental value 
study

Development, 
validation, and 
incremental value 
study

Combination of the two 
above

Independent 
investigators

None of the authors of 
the development study 
was listed as author in the 
external validation study

No No One or more of the authors 
of the development study 
was listed as author in the 
external validation study

Study design Prospective cohort Prospective cohort

Existing cohort Existing cohort

Existing registry / 
medical records

Existing registry

Case-control Case-control

Other (specify) Other

Supplement 2: Continued

Supplement 2: Description of items extracted from 
studies and included in analyses 



405

Impact of study characteristics on the performance of prediction models

Supplement 2: Continued 

Item Extracted from 
studies

Categorization / 
handling in analyses

Description / examples

Eligibility 
criteria for 
participants

Copy/paste eligibility 
criteria of validation 
study

Comparable Eligibility criteria 
comparable to 
development study

Narrower People included in the 
development study 
excluded in the validation 
study

Broader People excluded in the 
development stud included 
in the validation study

Mixture Combination of narrower 
and broader

Unclear

Setting Primary care Comparable Same setting as 
development study

Secondary care
Tertiary care
Population based

Broader Same setting as 
development study, 
and participants from 
additional settings 
recruited

Screening
Mixed

Non-overlapping Setting in development 
study differs from 
validation study

Unclear Unclear

Study dates Start year of 
recruitment
End year of 
recruitment

Continuous, 
standardized per 
systematic review

Prediction 
horizon

Time period for which 
predictions were 

Continuous, 
standardized per 
systematic review

location
Country and continent Comparable Model validated in the 

same continent as the 
development study

Broader Model validated in the 
same and additional 
continents as the 
development study

Non-overlapping Model validated in a 
different continent than 
the development study

Number of 
centers

Number of centers 
(numerical)

Single

8



406

Chapter 8

Supplement 2: Continued 

Item Extracted from 
studies

Categorization / 
handling in analyses

Description / examples

Multiple

Population based Participants not recruited 
at medical centres, but, for 

all individuals living in 
Framingham, US)

Unclear

Case-mix: age 
mean and sd

Mean and SD of 
age of participants 
included in the study, 
or other available 
information about age 
distribution

Continuous, 
standardized per 
systematic review

Case-mix: 
gender

Percentage of men 
included in a study

Continuous, 
standardized per 
systematic review

Predictors Were predictors 
deleted from the 

Changes made to 
predictors

model, or were 
predictors 

No No changes made to 
predictors

substituted with Unclear

Predicted 
outcome including ICD-codes comparable to 

development study

No
not comparable to 
development study

Unclear

Outcome - 
measurement 
method

Measurement method 

interviews, expert 

Outcome measurement 
similar for all participant

panel), differences 
in outcome 
measurement 
between 

No Systematic differences in 
outcome measurement 
between participants

participants in the 
study

Unclear

Missing data Number of 
participants with 
missing data, method 
of handling 

Appropriate Missing data handled 
using multiple imputation, 

(arbitrary cut-off)
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Supplement 2: Continued 

Item Extracted from 
studies

Categorization / 
handling in analyses

Description / examples

missing data Inappropriate Missing data not 
handled using multiple 

case analysis, mean 

missing data

Unclear Unclear handling of 

missing data

Number of 
participants

Continuous, 
standardized per 
systematic review

Number of 
events

Continuous, 
standardized per 
systematic review

Model updating Was the model altered 
before validating it, 

NA

Performance - 
c-statistic

C-statistic, AUC,

intervals or SE

Logit transformation1

Performance - 
OE ratio

OE ratio, predicted 
risks, presence of 
calibration plots or 
tables,

intervals or SE

Ln transformation1

SD: standard deviation, NA: not applicable, C-statistic: concordance statistic, AUC: area under the 

Information regarding c-statistics and OE ratios when not reported was sometimes 

was not reported, we estimated this from the c-statistic and sample size of the study, 
2,3 Various equations were used 

to estimate the standard error of the OE ratio, depending on which information was 
4 If 

the SE of the OE ratio was reported, we used equation 16 to estimate the SE of ln(OE), if 
the observed event risk (Po), the expected event risk (Pe), and the SE of Po were reported, 

8
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Supplement 3: Statistical analyses

on previous recommendations,1,4 we pooled the log OE ratio and logit c-statistic 
using random-effects meta-analysis accounting for the presence of between-study 

5

4 The CI indicates the precision of the summary 
performance estimate and the PI provides boundaries on the likely performance in 
future model validation studies that are comparable to the studies included in the meta-

6 
To study the possible association between study characteristics and predictive 

this meta-regression model indicate the difference in logit c-statistic or log OE ratio 
between a certain category of a study characteristic and a chosen reference category 

In the second stage, these effect estimates were pooled with a random effects 

4,6 For categorical study characteristics the data available 

difference in logit c-statistic or log OE ratio between one category and the reference 

the calculation of an effect estimate for every category of a study characteristic and to 
back transform this to the original scale, yielding a pooled c-statistic or pooled OE ratio 

We planned to perform multivariable analyses to assess the association 
between various study characteristics in combination and the performance 

 
7 using the packages metafor,8 mvmeta,9 

metamisc,10 11
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Figure S1: Associations between continuous variables and c-statisticgg
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Figure S2: C-statistic in categories of study characteristics within each systematic reviewC-statistic in categories of study characteristics within each systematic re
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C-statistic for categories of study characteristics, pooled using univariable meta-regression 
-
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Figure S3 Associations between continuous variables and OE ratio
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Figure S4: OE ratio in categories of study characteristics within each systematic review
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OE ratio for categories of study characteristics, pooled using univariable meta-regression analyses 

OE diff represents the difference in OE ratio with regard to a reference category (indicated with 
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This thesis aimed to provide guidance on how to perform systematic reviews and meta-

Lessons learnt

external validation studies and the absence of model impact studies, the usefulness in 

heart disease (CHD) or CVD (Framingham Wilson, Framingham ATP III and Pooled Cohort 

three models overestimated the risk of developing CHD or CVD, especially in higher risk 

Essential information for using a model for individual risk prediction was frequently 

performance of prognostic models is particularly related to variation in study population 

Future perspectives for cardiovascular risk prediction research

better target prevention strategies to decrease the number of CVD events or to delay 

cardiovascular risk prediction research aimed to target prevention strategies, should 
not focus on developing new prognostic models, but on the external validation of the 
available models, especially of models that consist of predictors that can easily be 



441

General discussion

1,2

parameters of a prediction model) to improve their predictive performance,3-5 since most 
existing models are overestimating the actual number of CVD events when applied in 

treatment use lowers the observed risks of the outcomes, leading to overestimated 
6-8 However, it has also been shown 

9 On an aggregated 
level in our meta-analytical study (Chapter 3) we were also not able to gain insight into the 
impact of treatment use on overprediction due to poor reporting thereof in the primary 

the overestimation in prognostic models and to explore other possible explanations for 
the observed overestimation, is offered by meta-analyses based on individual participant 

collected data such as electronic health care records, can be used to tailor the models 
10 Methods that 

take into account treatment-covariate interactions,11,12 or dynamic prediction modelling 
methods13-15

risk factors the estimated risk of getting an CVD event within 10-years is often low, 
16,17

of preventative strategies, but based on the model predictions they are currently not 
18,19 A new type of modelling in which lifetime risk 

is estimated instead of 5- or 10-year risks, combined with information on treatments and 

18

The aim, as said, of using CVD risk prediction models is to decrease the number of 

to know the impact of using such prognostic models on physicians’ and individuals’ 

prognostic models increases the prescription of lipid lowering and antihypertensive 

9
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20,21 
Once prognostic models with good predictive performance are available, studies with a 
comparative design should ideally focus on evaluating the effect of using these models 
(as compared to absence of their use) in practice on the changes in both CVD risk factors 

Future perspectives for prediction model research in general
If for a certain medical condition multiple prediction models are available, systematic 

prediction models and non-reporting of items essential for applying the model in 

have developed methods to guide authors of systematic reviews, which may also 
contribute to the quality of reporting and conduct of primary studies on prediction 

22,23), but also on data extraction and 
24

25

It is important that (future) researchers are aware of these methods and are going to 

shown that active multicomponent strategies, that address various target groups, are 
26 Therefore, we plan to 

provide better education to our (bio)medical students, develop freely available online 
education materials for researchers, journal editors, peer reviewers, healthcare providers, 

27-29 In addition, complete 
reporting in primary studies is a requirement for informative systematic reviews, 

many studies cannot be included in meta-analyses, which could lead to bias in pooled 

studies22,23

that all future published studies can be critically appraised and correctly interpreted 
by other researchers, and to make people aware of the importance of transparent and 

network (

methods advocated by Cochrane are often considered to be the ‘gold standard’ we are 
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Meta-epidemiological research of prognostic model studies turned out to be 

pay more attention to these factors in order to better harmonize studies, which will enable 
more sound meta-epidemiological studies that can better focus on true characteristics 

insight into sources of heterogeneity of prediction model performance appears to come 

related biases as this allows the calculation of various performance measures that are 
less sensitive to variations in study population, such as the case-mix corrected c-statistic 

30-32

Concluding remarks
We have developed methods for systematic reviews and meta-analyses of prediction 
models, thereby encountering several challenges in the design, methodological conduct, 

a change and provided several solutions to overcome main barriers for implementing our 

will be one of the cornerstones, implemented by international organizations like the 

9
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Summary

Prediction models, diagnostic and prognostic, are becoming increasingly important in 

Systematic reviews have therefore become important to appraise and summarize the 

guidance exists for systematic reviews of interventions and diagnostic tests, guidance 

In Chapter 2 we present guidance for systematic review of prediction models and 
meta-analysis of the predictive performance of prediction models that were validated 

review, such as formulating a review question, searching for studies, critical appraisal 

Numerous prediction models are available for the prediction of cardiovascular disease 
Chapter 3 we present the results of a systematic 

review in which the current state of CVD risk prediction is summarized, following the 

(CHD) or CVD over 10 years and the majority of models consisted of a similar set of 
core predictors, including age, gender, smoking, diabetes, blood pressure, and blood 

between models, and important clinical and methodological information, necessary to 

one third of the available models was externally validated, and therefore the usefulness in 

focus on externally validating and comparing existing models, on tailoring these models 
to local settings, and investigating whether these models can be extended by addition 

In Chapter 3 we noticed that most researchers that externally validated existing 
Chapter 4

external validation studies of three often advocated prognostic models (Framingham 
Wilson, Framingham ATP III, and Pooled Cohort Equations (PCE)) for the prediction of 
10-year risk of CHD or CVD, and summarized their predictive performance in terms of 

performance between studies, likely due to differences in eligibility criteria, and 
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researchers further explore reasons for overprediction and that the models be updated 

One way to improve the predictive performance of available prediction models, is to 

Chapter 5 we show 
that adding these extra biomarkers to a prognostic model with traditional predictors did 
result in very limited improvement of performance of this model for predicting 10-year 

improve predictive performance, which might be much more effective, is to tailor existing 

updating strategies
Chapter 6 focuses on one of the possible explanations suggested to cause 

overestimation of existing prognostic models for CVD, namely the use of treatment 

consider the use of any treatment, and even did not describe information on the use of 

report the use of treatments by study participants and consider the potential impact of 

CVD risk prediction, but also in a general set of studies reporting on the development or 
external validation of diagnostic and prognostic models (Chapter 7
items that are considered essential for transparent reporting of a prediction model in the 

In Chapter 8 we studied sources of heterogeneity in the predictive performance of 

we found that this heterogeneity is mainly associated with variation in population 
aspects and noticed some indications for an association with predictor and outcome 

In conclusion, we have developed methods for systematic review and meta-analysis of 
prediction models, thereby encountering several challenges in the design, methodological 

this needs to change, and believe that education is key for properly implementing new 
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Based on the results of this thesis, we plan to provide better education to (bio)medical 
students, develop freely available online education materials for researchers, journal 
editors, peer reviewers, healthcare providers, and students, raise awareness of the 
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Samenvatting

Predictiemodellen (voorspellingsmodellen, risicoscores), zowel diagnostische als 

naar predictiemodellen vaak niet reproduceerbaar en is het nut van de meeste 

altijd de aanbevolen methoden gebruiken voor het ontwikkelen of valideren van een 

over deze systematische literatuuroverzichten van interventiestudies en diagnostische 
test studies, ontbreekt een leidraad voor systematische literatuuroverzichten van 

In Hoofdstuk 2 presenteren we richtlijnen voor het systematisch samenvatten 
van literatuur met betrekking tot predictiemodellen en het meta-analyseren van de 

Daarbij beschrijven we de belangrijkste stappen bij het uitvoeren van een systematisch 
literatuuroverzicht, zoals het formuleren van een onderzoeksvraag, het zoeken naar 

doen ook aanbevelingen voor het interpreteren van de resultaten en rapporteren van 

Er zijn tal van predictiemodellen beschikbaar voor het voorspellen van hart- en 
Hoofdstuk 3 beschrijven we de resultaten van 

een systematisch literatuuroverzicht waarin we de huidige status van cardiovasculaire 
risicovoorspelling samenvatten volgens de methodologische stappen beschreven in 

hartziekte of hart- en vaatziekte gedurende 10 jaar en de meerderheid van de modellen 
bestond uit een vergelijkbare set predictoren (voorspellers), waaronder leeftijd, geslacht, 

Slechts een derde van de beschikbare modellen was extern gevalideerd en daarom blijft 

toekomstig onderzoek zich richt op het extern valideren en vergelijken van bestaande 

onderzoeken of deze modellen kunnen worden verbeterd door de toevoeging van nieuwe 

Samenvatting
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In Hoofdstuk 3 ontdekten we dat de meeste onderzoekers die bestaande 

In Hoofdstuk 4 hebben we alle externe validatiestudies van drie vaak gebruikte en 
geëvalueerde Framingham modellen (Framingham Wilson, Framingham ATP III en 
Pooled Cohort Equations (PCE)) voor de voorspelling van het 10-jarige risico op coronaire 
hartziekte of hart- en vaatziekte bekeken en hun prestaties (in termen van discriminatie 

de prestaties van de modellen, waarschijnlijk als gevolg van verschillen in de gehanteerde 

overschatting verder onderzoeken en dat de modellen eerst worden afgestemd op 

Een manier om de prestaties van beschikbare predictiemodellen te verbeteren, is door 

In Hoofdstuk 5 laten we echter zien dat het toevoegen van deze biomarkers aan een 
prognostisch model met traditionele predictoren resulteerde in een zeer beperkte 
verbetering van de prestaties van dit model voor het voorspellen van het 10-jaars risico op 

alternatieve (en waarschijnlijk effectievere) strategie om de prestaties van een model te 
verbeteren, is om bestaande predictiemodellen (met veelal traditionele predictoren) af te 

Hoofdstuk 6

Mensen die deel uitmaken van studies waarin prognostische modellen worden ontwikkeld 
en gevalideerd, ondergaan vaak behandelingen die het risico op hart- en vaatziekten 

studies werd het gebruik van deze behandeling niet meegenomen in de analyses en vaak 
werd er zelfs geen informatie gegeven over het gebruik van de behandeling bij aanvang 

modellen worden ontwikkeld of gevalideerd, zouden het gebruik van medicatie door 
studiedeelnemers moeten rapporteren en de potentiële impact van het medicijngebruik 

Het gebrek aan cruciale informatie vanwege onvolledige rapportage werd niet 
alleen gevonden op het gebied van cardiovasculaire risicovoorspelling, maar ook in 
een algemene reeks publicaties betreffende de ontwikkeling of externe validatie van 
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diagnostische en prognostische modellen (Hoofdstuk 7
die essentieel worden geacht voor een transparante en volledige rapportage van een 

In Hoofdstuk 8 hebben we bronnen van heterogeniteit in de prestaties van 

van een meta-epidemiologische benadering, vonden we dat deze heterogeniteit met name 

is nodig om te evalueren onder welke omstandigheden bepaalde methodologische 

Concluderend hebben we methoden ontwikkeld voor systematische 
literatuuroverzichten en meta-analyses van predictiemodellen, waarbij we verschillende 
uitdagingen tegenkwamen in de onderzoeksopzet, methodologische kwaliteit en 

veranderen en geloven dat onderwijs de sleutel is naar het correct implementeren van 

Op basis van de resultaten van dit proefschrift zijn we van plan om beter onderwijs 
te bieden aan (bio) medische studenten en vrij beschikbaar online onderwijsmateriaal 

We willen mensen bewust maken van de beschikbare hulpmiddelen en methoden door 
deze te presenteren op wetenschappelijke conferenties en verdere begeleiding en 

voor systematische literatuuroverzichten van studies naar predictiemodellen te 
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Dankwoord

Het zit er (bijna) op! En uiteraard heb ik dit niet alleen gedaan maar met steun van vele 

bedenken van een nieuw onderzoeksplan, of het ‘verkopen’ van mijn resultaten, overal ga 

en Lotty heel dankbaar dat ik de kans krijg om het werk dat ik in het kader van mijn PhD 

Ook heb ik heel veel respect voor de manier waarop jij omgaat met het ondersteunend 

Je leerde me niet alleen hoe ik het beste een paper moet schrijven, een poster moet 

te begrijpen wat je probeerde uit te leggen, maar inmiddels spreken we dezelfde taal (op 

transformaties, en random effects meta-analyse, zaken waar mijn nerdy kant heel blij 
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veel geleerd over Prentice-weighted Cox Proportional Hazards modellen, maar ook over 

je me vanalles hebt geleerd over het zoeken naar literatuur, maar ook voor je vragen die 

Lieve Pauline, niet lang nadat we allebei hier in Utrecht begonnen startte ons eerste 

ook geen moment getwijfeld: als er een college is waarmee ik op vakantie zou kunnen/
willen, dan ben jij dat wel! Het is een geruststellende gedachte dat jij op 14 juni achter 

Beste Michiel, je bent er nog niet zo lang, en je bent er ook niet zo vaak, maar we hebben 

(Ex)-leden van het methodologie team, in het speciaal Christiana, Ewoud, Josan, Kevin, 
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maanden dat ik in Utrecht werkte) hebben we lief en leed met elkaar gedeeld, urenlang 

het super leuk dat jij als paranimf achter mij staat op deze belangrijke dag!

Lieve Kenny en Henny, ondanks dat we elkaar veel te weinig zien, voel ik een enorm sterke 

Lieve papa, mama, Toine & Christel, Nikkie, oma Nel en oma Diny, jullie vormen mijn 
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