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GrouPs of individuals
Pioneers led by the Canadian medical doctor David Sackett started to propagate evidence-based
medicine in the early nineties, marking a new era of practicing medicine based on evidence from
basic and clinical research1. Ever since, the study of groups has become the dominant paradigm
to establish causes of disease, determine the efficacy of treatment and to developed diagnostic and
prognostic rules. Notably, the term evidence-based medicine is not restricted to the conduct of
scientific research but implies the combination of research evidence with clinical skills and patients’
values and preferences. In response to early criticism, Sackett underscored that clinical expertise is
necessary to determine whether research evidence is applicable to an individual patient under care2.
Exactly this issue is still one of the greatest challenges for clinicians. How can results from
large cardiovascular intervention studies be translated to the care for individual patients? Indeed
a great number of patients may be needed to discover true effects that are not attributable to
chance or extraneous factors. Yet, after quantification of the overall effect for an entire study
population, there is more effort needed to make results applicable to individual patients in daily
clinical practice. An overall effect found in a randomized clinical trial is an average of many
individual effects, comprising patients with greater and smaller effects compared with the grand
mean3, 4. Ideally, clinicians and patients would be informed of the anticipated benefits and harms
of any medical or surgical intervention for individual patients with specific sets of characteristics
or risk profiles5.

treatment effects for individual Patients
The potency of a drug is usually expressed as a relative risk reduction or hazard ratio to quantify
the effect of drug treatment on disease progression. The subsequent question is to what extent the
alteration in disease biology brought about by treatment will influence the absolute chances of
developing a cardiovascular event for a specific patient. For that purpose one needs a multifactorial
assessment of baseline disease risk. Cardiovascular risk is determined by the combined action of
multiple risk factors rather than by single risk factors3. For example, hypercholesterolemia has a
small effect on risk in the absence of other risk factors, whereas the effect is greatly potentiated
by the presence of coexisting risk factors such that risk can vary 10-fold in patients with similar
cholesterol levels6. Baseline risk is important to quantify the potential effect of preventive
treatment, such as blood pressure-lowering or cholesterol-lowering, since a patient who will not
develop a clinical event, will obviously have no benefit of treatment aimed at preventing such
a clinical event7, 8. It is clear that an event that does not occur cannot be prevented. Hence,
lowering cholesterol with for example statins will have different absolute effects in patients at low
or high cardiovascular risk9-11. Further, the effects of treatment on absolute risk can be influenced
by heterogeneity in drug potency depending on patient-specific characteristics. The consistency
in relative risk reduction of treatment is usually assessed by evaluating the effect of treatment
in different strata separately, for example in men and women, smokers and non-smokers etc12.
However, individual patients have a combination of such characteristics, so it might be more
feasible to evaluate whether drug potency is consistent across different levels of cardiovascular
risk13. In summary, the effect of treatment is influenced by many patient-specific attributes that
are neglected by assuming average effects for everyone. Instead, patient-specific estimates of
baseline risk and drug potency need to be gathered and combined to determine the anticipated
effect of treatment for individual patients.
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harm of treatment
Every medical intervention is accompanied by undesired effects ranging from severe adverse
events such as anaphylactic shock to minor inconveniences of the daily taking of a drug and
economic costs. Before deciding on the start of treatment, both patient and clinician would like
to be informed of the balance between anticipated beneficial and adverse effects of treatment.
Treatment is only worthwhile if the beneficial effects overcome treatment-induced risks of
adverse effects10, 14. Novel approaches to weigh positive and negative effects of treatment have
been proposed. For example, the negative effects of treatment can be expressed relative to the
importance of preventing one disease event15, 16. In other words, how many patients is one
prepared to treat during a certain period of time to prevent one event? The choice of treatment
decision threshold illustrates the relative appraisal of treatment advantages and disadvantages.
For treatments with nearly absent negative effects, such as flu vaccinations, the decision threshold
is low (e.g. thousands treatments can be justified to prevent one event). On the other hand, for
treatments with severe side-effects such as chemotherapy, the decision threshold is high (e.g. few
chemotherapy courses to prevent one premature death). An advantage of this approach is that it
can accommodate a wide range of negative treatment effects that may or may not be explicitly
quantified17. Also, the decision threshold may vary between patients, between countries and may
vary over time.

Prediction of baseline risk
Many risk algorithms are available for the prediction of cardiovascular risk although their
application is largely limited to the primary prevention setting. Other populations, for example
patients with type 2 diabetes, are uniformly regarded to be at high risk. However, also in
these groups of patients there is variation in risk depending on disease severity, duration and
concomitant risk factors18, 19. Guidelines start to acknowledge heterogeneity in risk for patients
with diabetes and recommend different treatment intensities for lower and higher risk patients20.
Although many risk models have been developed to estimate cardiovascular risk for individual
diabetes patients, there is a paucity of data comparing their performance. This is especially
relevant since the performance of a risk model can be very different in new patients compared
with the performance in the development population. Furthermore, patients with diabetes
already share one important CVD risk factor, i.e. diabetes, making them more homogenous
compared with the general population. Consequently, it is more difficult to set apart high risk
from low risk patients, illustrated by moderate predictive performance of cardiovascular risk
models in diabetes patients21. Recently, biomarkers of different pathophysiological pathways
were discovered that might help to further understand atherosclerotic disease progression and to
improve cardiovascular risk prediction in patients with diabetes22-24.

other sources of heteroGeneity in clinical Practice
Another example of heterogeneity in clinical practice is the variation in risk associated with a
single disease entity such as obesity. The prevalence of obesity has risen sharply over the past
decades and is an important cause of morbidity and mortality in modern society25. Obesity
relates to a number of detrimental metabolic changes such as dyslipidaemia, insulin resistance,
inflammation and hypertension, which increase the risk of CVD and type 2 diabetes26. Yet, a
remarkable variation exists in the cardiometabolic consequences of obesity. Some obese patients
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have minor or no metabolic abnormalities, whereas normal weight individuals may suffer
from numerous metabolic disturbances typically seen in obesity27, 28. This could be partially
explained by differences in adipose tissue distribution between abdominal and subcutaneous
fat compartments at similar levels of body mass index29. Body fat distribution may in turn be
influenced by endocrine changes such as the menopausal transition30. The so-called ‘metabolically
healthy obese’ individuals were previously shown to be at lower cardiovascular risk than their
metabolically abnormal counterparts31, 32. This might have therapeutic implications, since for
example weight loss could be less effective in ‘metabolically healthy obese’ individuals33. Whether
this heterogeneity also applies to patients with previous manifest cardiovascular disease is
uncertain.

objective of this thesis
The general objective of this thesis is to investigate the translation of group level evidence to
individual patients and to evaluate the clinical value of individualized treatment strategies in the
field of cardiovascular medicine.

outline of this thesis
The first part of this thesis (Chapter 2 to 5) provides an overview of the methods and clinical
merits of individualized treatment effect prediction for different cardiovascular treatments.
Chapter 2 illustrates the concepts and background behind methods to derive individualized
estimates of treatment effect. Chapter 3 demonstrates how these methods work out in a large
clinical trial evaluating the effect of routine blood pressure-lowering treatment in patients with
type 2 diabetes. The difference in estimated risk with and without treatment is used to quantify
anticipated patient-specific treatment effect. In addition, the effect of prediction-based treatment
on the trade-off between number of events prevented and number of patients treated is evaluated
and discussed. Chapter 4 studies the individual effects of angiotensin-converting enzyme
inhibition (ACE-i) in patients with stable coronary artery disease. Notably, the potency of ACI-i
is influenced by genetic variations in the renin-angiotensin system. This study demonstrates how
clinical and genetic patient-specific characteristics can be used to make individualized estimates
of treatment effect. Chapter 5 predicts both the beneficial and harmful individual effects of
intensive glycaemic control for patients with type 2 diabetes. Although intensive glucose
lowering reduces the risk of macrovascular and microvascular complications, it also increases risk
of hypoglycaemic episodes. We evaluated differences in net treatment effect between patients
and whether selective treatment of patients with net positive effect could reduce the number of
patients unnecessarily treated.
Part 2 of this thesis (Chapter 5 and 6) focusses on risk prediction in patients with type 2
diabetes. Chapter 6 evaluates the performance of ten cardiovascular risk scores developed for
patients with diabetes specifically. The risk scores are applied to three different independent
cohorts resulting in a robust assessment of comparative usefulness and predictive accuracy.
Chapter 7 investigates whether novel biomarkers of different pathophysiological pathways can
improve cardiovascular risk prediction in patients with type 2 diabetes.
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The last part of this thesis (Chapter 8 and 9) concerns heterogeneity in body fat distribution
and adiposity-related metabolic changes. Chapter 8 studies whether the detrimental effects of
obesity on cardiovascular risk depend on the presence of cardiometabolic dysfunction in patients
with manifest vascular disease. Chapter 9 studies the effect of the menopausal transition on agerelated changes in abdominal and subcutaneous body fat distribution to better understand the
surge in cardiovascular risk in postmenopausal women.
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abstract

Large-scale randomized clinical trials have established the efficacy of cholesterol-lowering, blood
pressure-lowering, and anti-platelet therapy to prevent cardiovascular diseases. A challenge for
clinicians is to apply group-level evidence from these trials to individual patients. Trials typically
report a single treatment effect estimate which is the average effect of all participants, comprising
patients who respond poorly, intermediately, and well. Clinicians would preferably make patienttailored treatment decisions. Therefore one would require an estimate of an individual patient’s
response to therapy. Although not yet widely recognized, trials contain this type of information.
In this paper we show how available information from landmark trials can be translated to an
individual ‘treatment score’ through the use of multivariable therapeutic prediction models. These
models provide an individual estimate of the absolute risk reduction in cardiovascular events
given the specific combination of multiple clinical characteristics of a patient under care. Based
on this individualized treatment estimate and metrics such as the individual number-needed-totreat or iNNT, clinicians together with their patients can decide whether drug treatment or what
treatment intensity is worthwhile. Selective treatment of those who can anticipate the greatest
benefit and the least harm on an individualized basis could reduce the number of unnecessary
treatments and health care costs beyond that currently achievable by subgroup analyses based on
single patient characteristics.
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introduction
For optimal patient management, clinicians need to translate scientific evidence from large
clinical intervention trials to the treatment of individual patients. Currently, trials typically
report relative risks or hazard ratios, which are the averages of treating a heterogeneous group of
participants. The single estimate of effect provided in trials is an average group-level estimate,
implicitly considering that every participant has an average risk and the same average response to
treatment1-4. However, individual patients vary greatly in (combinations of ) characteristics that
affect the absolute benefit they will receive from treatment. Some will benefit more than average,
while others do not benefit or may even be harmed5-7. Current practice is to administer the same
treatment to a wide range of patients who are all presumed to resemble the ‘mean’ patient behind
the single point estimate of treatment effect. However, there are no average patients and there is
a wide range of treatment effects in individual patients. So far, there are no tools available that
enable clinicians to estimate the absolute effect of treatment for individual patients.
In the prevention of cardiovascular diseases (CVD), even effective treatments such as
cholesterol-lowering, blood pressure-lowering or anti-platelet therapy require the treatment of
many patients to prevent a single cardiovascular event, illustrated by substantial numbers needed
to treat (NNT)8-10. Ideally, treatment is only given to those patients who can anticipate the
greatest benefit and the least harm. Subgroup analyses take a step forward to consider some
characteristics that could influence treatment effect, but this type of analyses returns relative
effects and not absolute effect estimates1, 11. Recognizing this limitation, some trial authors have
begun to publish subgroup-specific NNT values which provide more granular data on absolute
treatment effect12. Yet, this approach remains limited in that clinical subgroups typically are
defined only by a single clinical characteristic (such as gender, age or presence of diabetes).
Although not widely appreciated, data from large randomized controlled trials and trial
meta-analyses provide a unique opportunity to identify those patients who benefit most from
treatment13-16. Existing trial data can be ‘re-used’ to develop multivariable prediction models that
provide an estimate of absolute treatment effect for individual patients based on their specific
characteristics3, 5, 6, 17, 18. For example, in the JUPITER trial, the average effect of statin treatment
was an absolute risk reduction (ARR) of 4.9% for cardiovascular events over 10 years (NNT10
=20). Within the trial, the individual predicted effect of therapy ranged from 0-2% ARR in
15.7% of patients (NNT10 >50) to over 10% ARR in 5.9% of patients (NNT10 <10) illustrating
the wide range of efficacy of therapy (Box 1)6, 12, 19.
In many trials, a large proportion of patients may only have very limited benefits that do not
outweigh harms. Based on individualized predictions of treatment effect, clinicians can decide
together with a patient whether treatment is worthwhile for that particular individual before
initiating therapy. The use of treatment effect prediction models to select the right patients for
treatment has the potential to reduce the number of patients treated unnecessarily, to identify
those patients benefitting the most, to reduce treatment-associated harm and to cut health care
costs.
The aim of this paper is to illustrate how to translate group-level evidence from large
cardiovascular risk management trials to the treatment of individual patients in everyday clinical
practice by applying treatment effect prediction models.

13

14

Chapter 2

Box 1. Predicted individual treatment effect of rosuvastatin in primary prevention of
cardiovascular diseases based on JUPITER6
Patient A:
A 55-year old smoking female patient with a negative parental history of coronary heart
disease, an untreated SBP of 134 mm Hg, an HDL-cholesterol of 1.3 mmol/L, an LDLcholesterol of 2.8 mmol/L and a high-sensitivity CRP of 4.3
à 10-year ARR with rosuvastatin treatment is 1% (iNNT10= 100)
Patient B:
A 60-year old non-smoking male patient with a positive parental history of coronary heart
disease, a treated SBP of 134 mmHg and similar laboratory characteristics as patient A.
à 10-year ARR with rosuvastatin treatment is 10% (iNNT10= 10)

current clinical Practice
Treatment decisions in current clinical practice are based on risk factor thresholds, pretreatment
CVD risk and the average treatment effect known from landmark trials. For example, current
guidelines for the primary prevention of CVD recommend cholesterol-lowering treatment in
patients with an LDL cholesterol ≥2.5mmol/L and high 10-year CVD risk20. The benefit of
cholesterol-lowering depends in part on initial CVD risk and high risk patients will usually, but
not always21, have greater absolute benefit compared to low risk patients22, 23.
For patients with diabetes or previous CVD the recommended treatment strategy is even
more general. These patients are uniformly regarded to be at high CVD risk and treatment only
depends on BP or cholesterol thresholds20. Both assumptions are overly simplistic as there is
actually a wide variation in baseline risk of patients with diabetes or patients with clinical manifest
CVD24, 25. Secondly, the arbitrary cut-offs used to define hypertension or hypercholesterolemia
falsely suggest that risk suddenly increases when BP or cholesterol reach a certain level26-28, while
in reality, BP and cholesterol are continuously related to CVD risk and the increase in risk starts
well below currently used cut-off values29, 30. Consequently, in both primary and secondary
prevention general risk stratification and dichotomous classification of ‘normal’ or ‘abnormal’
risk factor levels are insufficient to estimate the potential benefit an individual patient will derive
Box 2. Relation between absolute risk and absolute treatment effect
Absolute 10-y risk off-treatment (AR)
Relative Risk ratio observed in trial (RR)
Residual 10-y risk on-treatment

= 20%
= 0.8
= 20% x 0.8 = 16%

Absolute Risk Reduction (ARR)
Number Needed to Treat (NTT)

= 20% - 16% = 4%
= 100 / 4 = 20

Personalized cardiovascular disease prevention

Box 3. Prediction of treatment effect for individual patients
Predicted treatment effect = Off-treatment risk minus On-treatment risk
Off-treatment risk
1) Absolute 10-year risk according to available risk score
(e.g. Framingham Heart Study score or Reynolds Risk Score)
2)

Newly develop risk score with treatment variable(s) set to NO (0)
(e.g. model coefficients= 0.9 x age in years + 0.8 [if current smoker] + 3.1 x
log(SBP) – 0.2 [if treated = 0] – 0.1 [if treated and smoker = 0]

On-treatment risk
1) Absolute 10-year risk according to risk score multiplied by RR or HR (e.g.
0.80 x Framingham Heart Study score or Reynolds Risk Score in the absence of
treatment interactions)
2)

Newly developed risk score with treatment variable(s) set to YES (1)(e.g. model
coefficients= 0.9 x age in years + 0.8 [if current smoker] + 3.1 x log(SBP) – 0.2 [if
treated =1] – 0.1 [if treated and smoker = 0 or 1]

from treatment. Rather, clinicians and patients would better be informed about the estimated
treatment effect, in terms of absolute risk reduction, given the specific combination of clinical
characteristics of a patient under care.

how can individual treatment effect be calculated?
The effect of treatment for an individual patient can be calculated as the difference between the
estimated risk of events without treatment and the estimated risk of events with treatment. The risk
of CVD events without treatment in patients free of vascular disease can be estimated by existing
risk prediction tools (such as Framingham Heart Study score31 , the Reynolds Risk Score32 or the
SCORE algorithm33). Likewise, for patients with previous vascular disease or type 2 diabetes risk
scores are available (e.g. SMART risk score24, ADVANCE34 or UKPDS algorithm35). Next, the
risk for an individual patient with treatment can be obtained by multiplying pretreatment risk
by the average relative risk ratio observed in the trial (Box 2). The difference between these two is
the estimated ARR for an individual patient. This straightforward approach only works if a risk
prediction tool is available for a specific patient, for the outcome of interest and if the relative
risk reduction as a result of treatment is constant across various subgroups of patients (i.e. no
treatment interactions).
In the presence of treatment interactions the relative risk reduction can be smaller or larger
depending on specific patient characteristics. Treatment interactions are mostly related to
differences in pathophysiology of a single clinical disease entity36-39. For example, ACE-inhibitors
could be more effective for the treatment of high plasma renin hypertension typically seen in
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young patients compared to low-renin hypertension seen in elderly patients40, 41. Further, the
relative risk reduction of statin therapy could be greater in patients at low baseline CVD risk
compared to patients at high CVD risk8. Given the pathophysiology of atherosclerosis, it is
conceivable that statin treatment is more effective in the earlier stages of atherosclerotic disease
marked by lower CVD risk42, 43.
If there is evidence of such treatment interactions or if no suitable model is available, a new
model to predict event risk can be developed on the data of the clinical trial. By including a
treatment term and potential treatment interactions in the prediction model, event risk can be
estimated for every patient as if they received active treatment or placebo (Box 3). Importantly,
the random allocation of treatment ensures that the model estimate for treatment effect is
unbiased.

examPles of variation in individual treatment effect
Figure 1 shows the distribution of predicted 5-year absolute treatment effect of high-dose versus
usual-dose statin treatment in the Treating to New Targets (TNT) and Incremental Decrease in
Endpoints Through Aggressive Lipid Lowering Trial (IDEAL) trials. Since no suitable model was
available, the predictions of treatment effect were based on a newly developed prediction model
which assumed constant relative risk reductions18. A wide range of absolute treatment effects was
observed; 41.9% of patients had a predicted 5-year NNT >50 whereas 11.7% of patients had a
NNT5 <25. While current guidelines recommend intensive lipid-lowering for all patients with
vascular disease and an LDL-c ≥1.8 mmol/l, the absolute benefit of intensive treatment varies
widely. For a 55-year old smoking female patient with a history of myocardial infarction, an SBP
of 140 mmHg, na HDL-c of 1.3 mmol/L, an LDL-c of 3.3 mmol/L and an eGFR of 70 mL/min
the 5-year ARR is 1.3% corresponding to a NNT5 of 79 to prevent 1 CVD event. On the other
hand, a patient with a similar LDL-c of 3.3 mmol/L who also has diabetes, a treated SBP of 160
mmHg and an HDL of 1.0 mmol/L, will have a 5-year predicted ARR of 3.4% requiring only
29 similar patients to be treated with intensive lipid-lowering therapy to prevent 1 CVD event.
In figure 2 the treatment effect of aspirin in terms of absolute risk reduction of major
cardiovascular events for individual patients in the Women’s Health Study is shown5. Development
of a new prediction model showed treatment interactions with age, smoking, high-sensitive
C-reactive protein, and body mass index (BMI) so that similar pretreatment risk resulted in
different ARR. Using the last model, treatment with aspirin was shown to be marginally effective
or even harmful for the majority of patients as 90% had a predicted 10-year NNT of >100 and
4.4% had a predicted NNT10 <50.
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Figure 1. Distribution of individual treatment effects of high-dose versus usual-dose
statin. Predicted 5-year absolute treatment effect (absolute risk reduction) of highdose statin (atorvastatin 80mg) compared to low-dose statin (atorvastatin 10mg) on
the risk of major cardiovascular events (MACE) for participants of the Treating to
New Targets (TNT) and Increment Decrease in Endpoint Through Aggressive Lipid
Lowering (IDEAL) trials 18 .
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Treatment effect of aspirin versus placebo (ARR of MACE)

Figure 2. Distribution of individual treatment effects of aspirin versus placebo. Predicted
10-year absolute treatment effect of aspirin (absolute risk reduction) compared to placebo
on major cardiovascular events (MACE) for participants of the Women’s Health Study
(WHS) based on a new model derived in the WHS 5 .
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interPretation of treatment effects with individual nnt (innt)
An average ARR is typically reported in clinical trials but can be difficult to interpret and difficult
to apply to single patients in clinical practice. For most clinicians, the NNT (1 divided by ARR)
is a more intuitive method to express the benefit that can be expected from treatment44. For
proper interpretation, NNT data must incorporate information on treatment duration and
specify the endpoint of interest. However, the NNT is a point estimate based on the average
result of a clinical trial. For example, a traditional NNT5 of 50 refers to treatment of 50 ‘average’
individuals for 5 years. Differences between patients in age, gender, BP levels, cholesterol values,
parental histories etc. have an impact on an individuals’ risk and the amount of treatment effect.
Instead of using the average NNT from a trial or a simple subgroup NNT based on single
clinical characteristics such as gender or smoking status, an individual NNT (iNNT) based
on multiple patient characteristics could be calculated with multivariable prediction models
using data available from trials. This iNNT represents the number of individuals with the same
characteristics (same age, same gender, same BP, same medical history etc.) that need to be
treated to prevent 1 event. Although, still a group-level estimate, the iNNT conveys much more
precise information about a very specific set of clinical characteristics that reflect the individual
patient. We previously developed a prediction model to estimate the iNNT for the high-dose
statin therapy as compared to usual dose in the TNT and IDEAL trials18. Based on multiple
easily available clinical and laboratory predictors an iNNT was calculated for every patient using
a calculation sheet (Figure 3).

Age

65
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Sex

40%

Current Smoking
Systolic Blood Pressure

5-year MACE risk on usual-dose statin

130

5-y treatment effect*

mmHg
30%

On antihypertensive treatment?

Residual 5-y MACE risk

20%

Medical History:
Diabetes Mellitus

4%

10%

Hx of myocardial infarction

iNNT5* =

Hx of CABG

25

*Atorvastatin 80mg versus
usual-dose statin

14%

0%

Hx of congestive heart failure
Hx of cerebrovascular disease

Laboratory Results:
HDL-cholesterol
Total cholesterol
eGFR

1.03
5.9
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mmol/L
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mmol/L

or
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Figure 3. Example of a predicted treatment effect of high versus usual-dose statin
for an individual patient with an interactive calculation sheet. An 65-years old nonsmoking male with a medical history of CABG following myocardial infarction who
has on-target blood pressure while on medication, stage 3 kidney disease, and whose
cholesterol is not on-target despite low-dose statin therapy. He has an 18% 5-year
major cardiovascular event (MACE) risk. High-dose statin treatment could reduce his
MACE risk by 4%, meaning that the number of similar patients that need to be treated
during 5 years to prevent one MACE (iNNT5) is 25 18 .
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weiGhinG treatment benefits and harms for individual Patients
Physicians and patients need to consider whether treatment of a CVD risk factor is worthwhile
for a specific patient. Not in terms of expected BP-lowering or cholesterol-lowering, but in terms
of reduction in the risk of vascular events. Expected beneficial effects need to be weighed against
potential negative effects. All therapeutic interventions (medical, surgical, lifestyle) are associated
with some level of disutility such as the burden of daily taking a drug, costs of treatment and
mild to severe adverse reactions. The (perceived) disadvantages of a specific treatment differ
between patients, differ between countries and may change over time on a patient or societal
level. Whether a patient decides to undergo preventive treatment is determined by the relative
weighing of positive and negative effects of treatment.
The treatment threshold at which a patient and doctor will opt for treatment, is the point
where the positive and negative effects of treatment are considered to be equal45. A treatment
threshold of 2% ARR implies that the negative effects of treatment are thought to be 2% thereby
cancelling out the expected reduction in event risk. Unfortunately, it can be difficult to accurately
model the excess risk of adverse events on an individualized basis as even in extremely large trials
the prevalence of side effects is low and patients at increased risk of side effects are excluded
during run-in periods. Alternatively, risk scores developed in large cohort studies can be used but
they do not estimate excess risk of treatment and partly reflect the inherent risk of patients who
require the drug46. In some cases it might be inevitable to define a treatment threshold based
on an average estimate of harm, as for example the yearly average excess bleeding risk of 0.2%
associated with aspirin treatment47. Further, aside from explicit harms, the implicit harms of
daily taking a drug, minor inconveniences and costs need to be considered as well and can be
incorporated by increasing the treatment threshold. A graphical representation of this treatment
threshold is given in figure 4. The threshold ARR can also be expressed as a number willing to
treat (NWT) which represents the number of patients one is prepared to treat to prevent 1 event
(Box 4).

effects of individualized treatment Prediction on PoPulation level
As described above the effect of treatment of CVD risk factors can be predicted for individual
patients and weighted against a treatment threshold. The next question is whether the standard
use of treatment effect prediction models in clinical practice is a better approach than the
strategies currently advocated in guidelines. Vickers et al. proposed a decision analytic approach
to evaluate the net clinical benefit of different treatment strategies45,48,49. Prediction-based
treatment of patients with the highest estimated effect can result in treating fewer patients
while still preventing the majority of events. The trade-off between preventing as many events
as possible and minimizing the number of treatments need to be considered. The net clinical
benefit of prediction-based treatment can be compared to current guideline strategies of
treating all patients or treating no one. Treating all patients will generally result in the greatest
reduction in event rate but comes at the expense of many unnecessary treatments and greater
economic cost. Treating no one is the reference category resulting in zero net benefit, but also
in no adverse reactions and no treatment costs (except those associated with events that could
have been avoided had treatment been given). The net benefit of various strategies plotted at
different treatment thresholds results in a decision curve. For example, in the JUPITER trial
we compared the net clinical benefit of selectively treating patients with a statin based on their
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Treatment harm

20

Harm

Treatment threshold

Baseline risk of cardiovascular disease
Figure 4. Basic concept of weighing treatment effect against harm. The slope of
the relation of treatment effect with baseline cardiovascular risk may vary and the
relation is non-linear if treatment interactions are present. Harm is either relatively
constant or might increase with baseline cardiovascular risk as well (e.g. bleeding
risk). However, conceptually, those patients whose treatment effect exceeds treatment
related harm (reflected by the decision threshold) benefit from treatment 7 .

Box 4. Definitions of NNT, iNNT& NWT
NNT =

Number Needed-to-Treat (i.e. 100 divided by ARR)
Number of patients that need to be treated during a certain time period (e.g. 10
years) to prevent one event based on the average treatment effect observed in a
trial

iNNT =

individual Number Needed-to-Treat (i.e. 100 divided by individual ARR)
Number of patients that need to be treated during a certain time period (e.g. 10
years) to prevent one event based on a predictive model of treatment effect for an
individual with specific clinical characteristics

NWT =

Number Willing-to-Treat
Treatment threshold; the maximum number of patients one is prepared to treat
during a certain time period (e.g. 10 years) in order to prevent one event
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predicted treatment effect versus treating all patients with statins regardless of predicted effect.
The decision curve (Figure 5) shows that prediction-based treatment is associated with highest
net benefit if the 10-year treatment threshold is a NWT between 15 and 50. For drug treatment
in clinical practice a NNT10 between 15 and 50 is generally considered acceptable. Therefore
prediction-based treatment would be the preferable strategy on a population level for the use of
statins in patients at moderately elevated risk. If one is of the opinion that treatment is nearly
without disadvantages (e.g. NWT10 >100), the strategy of choice would be to treat everyone.
Hence, the optimal strategy on a population level depends on the relative weighing of positive
and negative effects of treatment.

current and future PersPective of individualized treatment
Prediction for clinical Practice

Currently, practice guidelines tend to describe how to treat ‘average’ patients, not specific
individuals. The approach we described in this paper results in calculated treatment effects for
individual patients given their specific characteristics. Treatment effect calculators to estimate
the individual effect of statins and aspirin in primary prevention of CVD derived from the
JUPITER and WHS trials5, 6 as well as for calculation of the individual incremental benefit
of high versus usual-dose statin therapy in secondary prevention based on the TNT and
IDEAL trials18 are already published and made available (www.vasculairegeneeskundeutrecht.
nl/calculators). Individualized treatment effect predictions are now developed for BP-lowering,
lipid-lowering and anti-platelet treatment for patients at increased vascular risk, patients with
clinical manifest vascular disease, and patients with type 2 diabetes. An integrated calculator
estimating individualized treatment effects for all these treatments could be linked to electronic
patient records and automatically present up-to-date individual effect estimates. Physician and
patient could then use this information to decide whether or not to start a specific treatment.
This could be a step towards personalized medicine by better using available clinical trial data.

Potential effects on adherence
The individualized estimate of absolute treatment effect (iNNT) can enhance knowledge
translation to patients as well as engage patients in treatment decisions by raising awareness of
their individualized risks and benefits of treatment. This could also have a positive influence
on treatment adherence. For preventive therapies compliance is generally poor50-52. Important
determinants of treatment adherence are patient education and engagement of patients in shareddecision making53, 54. A randomized trial evaluating a decision aid for statin therapy in patients
with diabetes, showing patients their pretreatment CVD risk, estimated ARR and potential
disadvantages of statin therapy, demonstrated favourable effects on their CVD risk profile and
treatment adherence55.

limitations
The benefits of treating patients according to their risk level instead of treatment based on single
risk factor thresholds has been demonstrated in various modelling studies for BP-lowering, lipidlowering and anti-platelet treatment56, 57,58. In the present paper we take a step further and show
that therapeutic prediction models can provide a predicted individual absolute treatment effect
of lipid-lowering, BP-lowering and anti-platelet therapy to enable patient-tailored treatment.
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Figure 5. Decision curve: graphical representation of net clinical benefit for statin
treatment in primary prevention ( JUPITER) 6 . Net benefit analysis is used to evaluate
whether the standard use of therapeutic prediction models in clinical practice is
a better approach than the strategies advocated in current guidelines. Net clinical
benefit of various treatment strategies is displayed at different treatment thresholds
to allow for a different weighing of positive and negative effects of treatment among
physicians and patients. Reading a decision curve starts with choosing a treatment
threshold (NWT) on the X-axis. A NWT of 50 implies that for every 50 treated
patients at least 1 event needs to be prevented (or 1/50 event for every treated
patient) before net clinical benefit accrues. A low NWT implies that treatment is
associated with considerable disadvantages (side effects, inconveniences, costs etc.)
whereas a high NWT implies almost no treatment disadvantages (infinite NWT). For
example, at a threshold NWT of 20, the net benefit of prediction-based treatment can
be extracted from the graph and is 1.1%. Net benefit is calculated as the benefit of
selective treatment of patients whose predicted effect exceeds the treatment threshold
(ARR of 2.8%) minus harms of treatment expressed as the proportion of patients
receiving treatment (34%) weighted by the inverse of the treatment threshold [net
benefit = 0.028 – (0.34 x 0.05) = 1.1%]. For statin therapy in JUPITER, predictionbased treatment was associated with greater net benefit than treating everyone or no
one, at a 10-year NWT between 15 and 50. In this range of treatment thresholds, the
standard use of therapeutic prediction models in clinical practice is the preferable
treatment strategy.
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The most important criticism of prediction-based treatment is probably that prediction models
are of limited use in clinical practice because doctors do not use them, as they are complicated and
time consuming. However, widespread use of electronic patient records has made implementation
of prediction models in clinical practice easier and required information for treatment effect
calculators can be automatically supplied (Figure 3). Further, patients can use prediction rules
themselves on websites, and this would help empower them.
Some limitations should be considered in the development of individual treatment prediction
models. They are based on available clinical trials and thus on general relatively short follow-up
time. As meaningful CVD predictions usually cover a 10-year period, model predictions often
need to be extrapolated to cover broader time-horizons than trials provide. This limitation is,
however, not unique to individual treatment effect prediction. It also applies to the interpretation
and use of the ‘average’ treatment effect provided by most trials. Furthermore, the estimates of
ARR for individual patients depend on the multivariable prediction model that is used. Therefore
it is important that the predictive risks with and without treatment are in agreement with
observed risks (i.e. calibration). Internal validation of a newly derived model can help to verify
the predictive performance and external validation of the therapeutic prediction model should
be aimed for59. Another concern that applies to clinical trials is the generalizability of findings.
Trial participants are often selected based on strict eligibility criteria and are usually healthier
and more compliant than patients in daily clinical practice60. Nevertheless, current guidelines are
also based on the findings from the same clinical trials, however, basing the recommendations on
the ‘average’ treatment effects of trials21. Lastly, prediction models assessing the effect of a single
treatment only partly reflect clinical practice where patients are treated with a combination of
drugs. However, when managing various CVD risk factors, the estimated ARR of each treatment
separately may be helpful to prioritize risk factor treatment.

conclusions
Clinical trials contain a wealth of information that is underused by only presenting an average
effect of treatment that cannot be applied to the wide variety in patients seen in clinical practice.
By incorporating multiple patient characteristics into a therapeutic prediction model, individual
estimates of treatment effect can be provided in terms of absolute risk reduction of cardiovascular
events and can be expressed by an individual number needed to treat (iNNT). This will help
to improve individual patient management and has the potential to identify those individual
patients that benefit the most from treatment, to reduce the number of unnecessary treatments
and to cut health care costs.
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abstract
Blood pressure (BP)-lowering treatment reduces cardiovascular risk in patients with diabetes, but
the effect varies between individuals. We sought to identify which patients benefit most from
such treatment in a large clinical trial in type 2 diabetes. In ADVANCE participants (n=11,140),
we estimated the individual patient 5-year absolute risk of major adverse cardiovascular events
(MACE) with and without treatment by perindopril-indapamide (4/1.25mg). The difference
between treated and untreated risk is the estimated individual patient’s absolute risk reduction
(ARR). Predictions were based on a Cox proportional hazards model inclusive of demographic
and clinical characteristics together with the observed relative treatment effect. The group
level impact of selectively treating patients with an estimated ARR above a range of decision
thresholds was compared to treating everyone or those with a BP>140/90 mmHg using net
benefit analysis. In ADVANCE, there was wide variation in treatment effects across individual
patients. According to the algorithm, 43% of patients had a large predicted 5-year ARR of ≥1%
(number-needed-to-treat [NNT5] ≤100) and 40% had an intermediate predicted ARR of 0.5–
1% (NNT5=100 to 200). The proportion of patients with a small ARR of ≤0.5% (NNT5≥200)
was 17%. Provided that one is prepared to treat at most 200 patients for 5 years to prevent one
adverse outcome, prediction-based treatment yielded the highest net benefit. In conclusion, a
multivariable treatment algorithm can identify those individuals who benefit most from BPlowering therapy in terms of ARR of MACE and may be used to guide treatment decisions in
individual patients with diabetes.

Individual effects of BP-lowering treatment

introduction
Type 2 diabetes mellitus (T2DM) is a growing worldwide health problem, with an estimated 439
million people living with diabetes in 20301. The lifelong incidence of vascular complications
is extremely high and over 80% of patients with diabetes will die from a vascular cause2. Blood
pressure (BP) is strongly related to non-fatal vascular events, vascular and all-cause mortality
in patients with T2DM3. The risk associated with BP already starts well below the BP level
used to define hypertension and BP-lowering agents have been shown to reduce vascular risk
in patients with and without hypertension by an average of ~15%4-6. Yet, based on benefit and
costs considerations, treatment with BP-lowering medication is only recommended according
to guidelines if BP is above 140/90 mmHg7-9. This BP threshold serves as a marker to identify
patients who potentially benefit from treatment10. However, even above this threshold, individual
patients vary greatly in the combinations of characteristics that affect the amount of benefit
they will receive from treatment11-13. The absolute risk reduction of BP-lowering treatment
for individual patients depends not only on baseline BP but also on baseline risk, which is
determined by the combined actions of multiple risk factors, such as age, cholesterol and BP14.
Patients with high baseline risk tend to benefit more in terms of absolute risk reduction15,16.
In addition, subgroup analyses have pointed out some characteristics that might influence the
relative efficacy of treatment, such as age and pretreatment BP17,18. Although some benefit from
BP lowering may be seen across the entire range of background risk, it is to be expected that,
in some cases, this benefit may be reduced by costs or adverse effects19. Clinicians thus need to
identify those individual patients where benefit from BP-lowering therapy outweighs potential
treatment disadvantages, such as cough and hypotension, the inconvenience of daily taking
a drug and the monetary costs of treatment. In the present study, we sought to predict the
individual absolute effect of BP-lowering on the occurrence of major cardiovascular events in
patients with T2DM disease using routine clinical data. For this purpose we used data from the
ADVANCE trial20 that randomly assigned patients with T2DM to receive a fixed combination
of perindopril and indapamide. The effect of treatment for individual patients could then be
estimated using a newly developed risk score and the relative treatment effect observed in the
trial. These individualized estimates of treatment effect may help to guide treatment decisions for
individual T2DM patients in clinical practice.

methods
The design, rationale and outcomes of the ADVANCE (Action in Diabetes and Vascular Disease:
Preterax and Diamicron MR Controlled Evaluation) trial have been described elsewhere20,21.
Briefly, the ADVANCE study was a factorial randomized controlled trial evaluating the effect
of intensive glucose control therapy and routine blood pressure lowering therapy with a fixed
combination of perindopril and indapamide (4/1.25mg) or placebo on vascular events and
death. From 215 collaborating centres in 20 countries from Asia, Australasia, Europe and North
America 11,140 participants diagnosed with T2DM and aged 55 years or older were recruited.
Eligible patients also needed to have a history of macrovascular or microvascular disease or at
least one risk factor. There were no blood pressure criteria for inclusion. The endpoint of interest
was major adverse cardiovascular events (MACE, i.e. cardiovascular death, non-fatal myocardial
infarction, or non-fatal stroke). Approval for the trial was obtained from the institutional ethics
committee of each centre and all participants provided written informed consent. Data were

31

32

Chapter 3

missing in 4.5% of participants for urinary albumin/creatinine ratio and in <1% for all other
covariables. Missing data were reduced by single imputation methods using predictive mean
matching22,23.

Model derivation
We developed a new Cox proportional hazards model based on a set of clinical characteristics
together with a treatment status covariable (placebo vs. active treatment). The prespecified
predictors were: sex, age, diabetes duration, systolic BP, history of treated hypertension,
current smoking, HbA1c, total cholesterol, HDL-cholesterol, waist circumference, urinary
albumin/creatinine ratio(UACR), estimated glomerular filtration rate(eGFR), history of major
macrovascular disease, retinopathy, ethnicity and treatment status. Ethnicity was classified
into Asian and non-Asian since further subdivision would produce categories with too few
participants. Diabetic retinopathy was defined as fundoscopic evidence of background or
proliferative retinopathy, previous laser retinal therapy, macular edema, or blindness. eGFR was
calculated by the Chronic Kidney Disease Epidemiology Collaboration(CKD-EPI) equation24.
Potential interactions between treatment and age, systolic BP, currently treated hypertension,
eGFR and baseline risk were considered25. Continuous predictors were truncated at the 1st and
99th percentile to limit the effect of outliers23. Restricted cubic splines were used to assess the
linearity assumption for continuous predictors23. As a result, eGFR was included both as a linear
and squared term and UACR was natural log transformed.
First, treatment interactions with a conditional likelihood ratio p-value of ≥0.05 were
removed from the starting model. Next, the model was further simplified by stepwise backward
selection based on Akaike’s Information Criterion(AIC). To correct for over-optimism, 1000fold bootstrap resampling was used and a factor of 0.967 was derived to uniformly shrink the
model coefficients except for treatment22. The proportional hazard assumption was verified
by testing the correlation between scaled Schoenfeld’s residuals and time: no violations were
observed. The final model was used to calculate the risk of MACE, with and without treatment,
for every participant by fixing the treatment variable to placebo and active treatment, respectively.
The difference is the individual patient’s absolute risk reduction(ARR) and can be translated
to a patient-specific number-needed-to-treat (NNT=100/ARR). This individual NNT reflects
the number of patients with exactly similar characteristics that need to be treated to prevent
one event. The model was fitted for the prediction of 4.4 year (median follow-up) risk and
extrapolated to yield 5-year estimates through exponentiation.
Sensitivity analyses encompassed the evaluation of individual treatment effect based on two
existing risk algorithms (ADVANCE risk engine26 and recalibrated UKPDS score27) together
with the observed overall relative risk reduction from ADVANCE. Since these algorithms
were constructed for use in patients without prior CVD, these analyses were conducted in the
subgroup of patients free from macrovascular disease at baseline.

Assessment of model performance
Calibration was assessed by plotting observed 5-year event free survival against the average
predicted 5-year event free survival within groups defined by the deciles of predicted risk, and
by the Gronnesby and Borgan’s test28. Discrimination was assessed by Harrell’s c-statistic and the
optimism-corrected c-statistic was obtained by 1000-fold bootstrap resampling29.
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Table 1. Baseline characteristics of ADVANCE participants
Characteristic

Total population
(n=11,140)

Female, n(%)

4735 (43)

Age (years)

66 (6)

Asian ethnicity, n(%)

4242 (38)

Duration of diabetes (years)

8 (6)

History of major macrovascular disease, n(%)

3590 (32)

Blood pressure control
Systolic blood pressure (mmHg)

145 (22)

Diastolic blood pressure (mmHg)

81 (11)

History of treated hypertension, n(%)

7655 (69)

Other risk factors
Current smoking, n(%)

1682 (15)

Total cholesterol (mmol/L)

5.2 (1.2)

LDL-cholesterol (mmol/L)

3.1 (1.0)

HDL-cholesterol (mmol/L)

1.3 (0.4)

Triglycerides (mmol/L)

1.6 (1.2 - 2.3)

Fasting blood glucose (mmol/L)

8.5 (2.8)

Serum haemoglobulin A1c concentration (%)

7.5 (1.6)

Serum haemoglobulin A1c concentration (mmol/mol)

58 (18)

Urinary albumin:creatinine ratio (μg/mg)

15 (7 - 40)

eGFR (mL/min/1.73m2)

75 (62 - 89)

Waist circumference (cm)

99 (13)

Medications
Statins, n(%)

3146 (28)

Aspirin, n(%)

4894 (44)

Any oral hypoglycaemic drug, n(%)

10129 (91)

Insulin, n(%)

159 (1)

Data are expressed as mean (standard deviation), median (interquartile range) or
count (percentage); LDL: low density lipoprotein, HDL: high density lipoprotein;
eGFR: estimated glomerular filtration rate.
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Table 2. Details of final Cox proportional hazards model for the prediction of MACE
risk.

Variable

S0 (5) = 0.91687
Coefficient¶

HR

95% CI

p value

Sex (women vs. men)

-0.4103

0.65

0.57

- 0.75

<0.001

Age (per 1 year)

0.0437

1.05

1.04

- 1.06

<0.001

Duration of diabetes (per 1 year)

0.0164

1.02

1.01

- 1.03

0.001

Systolic blood pressure (per 1 mmHg)

0.0037

1.00

1.00

- 1.01

0.012

Treated hypertension (yes vs. no)

0.1828

1.21

1.04

- 1.41

0.014

Total cholesterol (per 1 mmol/l)

0.1470

1.16

1.10

- 1.24

<0.001

HDL-cholesterol (per 1 mmol/l)

-0.3799

0.68

0.55

- 0.84

<0.001

HbA1c (per 1%)

0.0830

1.09

1.05

- 1.13

<0.001

ACR (per 1 log μg/mg)*

0.1693

1.37

1.27

- 1.47

<0.001

0.84

0.75

- 0.95

<0.001

eGFR (per 1 ml/min)*

-0.0258

eGFR squared (per 1 squared ml/min)

0.0001

Retinopathy (yes vs. no)
History of macrovascular disease
(yes vs. no)
Randomized treatment (active vs. placebo)

0.3293

1.41

1.23

- 1.61

<0.001

0.6288

1.92

1.69

- 2.18

<0.001

-0.1162

0.89

0.79

- 1.01

0.067

S 0 (5)= 5-year baseline survival, AC ratio: urinary albumin/creatinin ratio,
eGFR: estimated glomerular filtration rate (CKD-EPI equation), ¶ Coefficients
were penalized to increase external validity, whereas unbiased HRs and statistics
were derived from an unpenalized Cox model. *Risk model contains linear
and squared terms for eGFR and a natural log-transformed term for ACR.
The likelihood ratio p-value for eGFR is computed for both term together.
Futher, HRs were computed for the difference between the study population’s
75th and 25th percentile of eGFR (88 vs 62) and AC ratio (40 vs 7).
5-year MACE risk (%) = (1 - S 0 (5) exp(A-3.9694)) x 100%. A is the sum, over
all variables in the model, of the patient’s specific value times the corresponding
coefficient.

distribution of individual treatment effect and net benefit

The distributions of estimated individual 5-year ARR of MACE are displayed in histograms.
Next, we evaluated the group-level consequences of applying a prediction-based treatment
strategy in clinical practice using the net benefit method30. Net benefit is found from weighing
the positive and negative effects of treatment and uses observed event rates and treatment rates
in trial participants. The equipoise between benefit and disadvantages of treatment may be
expressed by a threshold NNT. For example, a 5-year threshold NNT (NNT5) of 50 implies
that the disadvantages of treating 50 patients for 5 years are considered to be well balanced by
the benefit obtained by preventing one outcome. Net benefit is calculated as the observed ARR
in patients for whom the treatment recommended by the decision strategy is congruent with
randomized allocation minus the disadvantages of treatment. The disadvantages are expressed as
the proportion of treated patients weighted by the inverse of the threshold NNT:
Net benefit = ARR – Ptreated*(1/threshold NNT).
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Net benefit can be interpreted as the excess number of events prevented per 100 patients on top
of the minimally required number of events prevented to offset treatment disadvantages. We
considered the following treatment decision strategies at a threshold NNT5 between 25 and
infinity; (i) treat everyone, (ii) prediction-based treatment (i.e. selective treatment of patients
whose predicted individual treatment effect exceeds the specified threshold NNT) or (iii) treat
those with a BP >140/90 mmHg. A detailed calculation example is provided in the online
supplement. Lastly, we tabulated the clinical implications of prediction-based treatment on
treatment rate and the average NNT. Statistical analyses were conducted in R, version 3.0.3 (R
Development Core Team, Vienna, Austria).

Observed 5−year event free survival

1.00
0.95
0.90
0.85
0.80
0.75
0.70
0.65
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0.70
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0.80

0.85
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0.95

1.00

Predicted 5−year event free survival

Figure 1. Calibration plot. Predicted versus observed 5-year MACE risk in ADVANCE
participants (n=11,140).

results
Model derivation & performance
Baseline characteristics of the ADVANCE participants are shown in Table 1. During a median
follow-up of 4.4 years, 1000 major cardiovascular events occurred. The final algorithm contained
fourteen variables (Table 2). None of the treatment interactions (including the risk-based
interaction) were significant. The risk score showed good calibration (p-values ≥ 0.42) (Figure
1). Discrimination was moderate with an apparent c-statistic of 0.70 [95%CI 0.68 – 0.72]. The
optimism-corrected c-statistic was 0.69 [95%CI 0.67 – 0.71].

Distribution of baseline risk and treatment effect
The median 5-year MACE risk on placebo was 8% [IQR 6–13%]. Of the ADVANCE
participants, 21% were at low 5-year MACE risk (<5%), 40% at intermediate risk (5 to
10%), 20% at high risk (10 to 15%) and 20% at very high risk (>15%). According to the
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risk algorithm, 43% of patients had a large predicted 5-year ARR of ≥1% (NNT5≤100)
and 40% had an intermediate predicted ARR of 0.5–1% (NNT5=100 to 200). The
proportion of patients with a small ARR of ≤0.5% (NNT5≥200) was 17% (Figure 2).
In patients free from major macrovascular disease, the median 5-year MACE risk was 7%
[IQR 5–10%] and a proportion of 28% was identified to have a large ARR of ≥1% (Figure
2 and table S1). By contrast, median risk was 13% [IQR 9–20%] in patients with previous
major macrovascular disease and 74% of patients had a large predicted ARR of ≥1%. Sensitivity
analyses in the patients free from major macrovascular disease using the previously published
ADVANCE and UKPDS risk scores produced similar distributions of risk and treatment effect
(Figure S1).

Net benefit and clinical implications
For threshold NNTs5 below 200 (or 5-year ARR above 0.5%) prediction-based treatment was
associated with higher net benefit at a group level compared to treat-all and selective treatment of
patients with a BP >140/90 mmHg (Figure 3). Selective treatment of patients with a predicted
individual NNT5≤100 resulted in treating only 43% of the study population (Table 3). Among
this selectively treated group of patients the average NNT5 was reduced from 92 to 59.
In patients free from macrovascular disease, net benefit was highest for prediction-based
treatment for threshold NNTs5 below 200 (Figure S2). In patients with major macrovascular
disease, prediction-based treatment was superior to treat all, whereas no clear benefit over BPbased treatment was observed in this subgroup (Figure S2). Net benefit analyses using the
ADVANCE risk engine and UKPDS risk score in patients free from major macrovascular disease
produced similar results (Figure S3).
Table 3. Group-level impact of selectively treating ADVANCE participants based on
a prediction score using different treatment thresholds
5-year threshold
Treatment strategy
NNT

Treatment
rate*

Average
5-year ARR†

Average
5-year NNT†

infinite

Treat all

100%

1.1%

92

200

Prediction-based

83%

1.2%

81

100

Prediction-based

43%

1.7%

59

50

Prediction-based

11%

2.7%

37

* Percentage of population treated with perindopril/indapamide.
† Predicted average absolute risk reduction (ARR) or number needed to treat (NNT)
with treatment in the selected group of patients with a predicted ARR exceeding
the decision threshold.
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A.

25%

NNT > 200:
NNT 100 to 200:
NNT 50 to 100:
NNT 50 or lower:

Frequency

20%

20%
15%

17.2% of patients
40.3% of patients
31.9% of patients
10.6% of patients

0

5%

10%
0

5%

Frequency

20.6% of patients

5 to 10% risk:
39.5% of patients
10 to 15% risk:
20.0% of patients
15% risk or higher: 19.9% of patients

15%

5% risk or less:

Treatment effect distribution

10%

25%

Baseline risk distribution

0%

10%

20%

30%
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48.2% of patients
23.7% of patients
4.0% of patients
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NNT 100 to 200:
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15%

Frequency
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0

5%

10%
0
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5% risk or less:
28.7% of patients
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46.1% of patients
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16.1% of patients
15% risk or higher: 9.1% of patients
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3.5% of patients
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28.2% of patients
42.5% of patients
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Figure 2. Distribution of 5-year baseline major adverse cardiovascular event (MACE)
risk and individual effect of perindopril-indapamide treatment. A. For all ADVANCE
participants (n=11,140), B. for participants free from major macrovascular disease
at baseline (n=7,550) and C. for participants with major macrovascular disease at
baseline (n=3,590).
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1.0

Net Benefit (%)
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0.5

0.0

−0.5
Infinite
0%

100
9%

50
18%

33
27%

25
36%

5−year threshold NNT
(baseline risk)
Figure 3. Net benefit of different treatment strategies applied to the ADVANCE
study population. Net benefit is calculated as the observed ARR of MACE (%) in
patients whose randomized allocation is in accordance with the treatment
recommended by the prediction score (i.e. active or placebo) minus the disadvantages
of treatment. Disadvantages are expressed as the proportion of patients receiving
treatment weighted by the threshold NNT. First, a threshold NNT (corresponding to
baseline risk) should be determined and next the strategy associated with the highest
net benefit for this specific threshold can be extracted from the graph. The threshold
NNT may vary among clinicians and patients. The treat all line originates at the
average ARR observed in the trial, since the disadvantages of treatment are assumed
to be zero at an infinitely high threshold NNT 5 . Treat none is the reference line
associated with zero net benefit.

discussion
The present analysis from the ADVANCE trial demonstrates that a treatment algorithm based
on routine clinical data can identify individual patients with T2DM who benefit most from BPlowering treatment with perindopril-indapamide in terms of absolute risk reduction of MACE.
At a group level, prediction-based treatment can result in a more optimal trade-off between
number of patients treated and number of events prevented depending on the relative weighing
of treatment benefits and disadvantages.
The ADVANCE trial was designed to evaluate the efficacy of a fixed-dose combination of
BP-lowering drugs in patients with diabetes irrespective of initial BP or other antihypertensive
drugs. Not selecting patients based on BP is less resource intensive and more inclusive than
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Box 1. Predicted 5-year absolute risk reduction (ARR) of MACE with perindoprilindapamide treatment for two distinct patient profiles
Patient A:
A 65-year old male patient with a known history of diabetes for 1 year, an untreated SBP
of 155 mmHg, an HbA1c of 7%, a total cholesterol of 5 mmol/L an HDL cholesterol
of 1.2 mmol/L, an eGFR of 70 mL/min and an UACR of 2 μg/mg without retinopathy
or previous macrovascular disease.
à 5-year ARR with BP-lowering treatment is 0.5% (individual NNT5= 190)
Patient B:
A 65-year old male patient with a known history of diabetes for 15 years, an untreated
SBP of 135 mmHg, an HbA1c of 8%, a total cholesterol of 6 mmol/L, an HDL
cholesterol of 1.0 mmol/L, an eGFR of 50 mL/min and an UACR of 45 μg/mg with
retinopathy but without previous macrovascular disease.
à 5-year ARR with BP-lowering treatment is 2.1% (individual NNT5= 49)
treatment based on BP thresholds and this policy did lower the risk of MACE and mortality at a
group level20. The present post-hoc analysis showed that individual treatment effect varied widely
across individual T2DM patients. We found no evidence for heterogeneity of the relative
treatment effect by patient characteristics or baseline risk, in concurrence with results from
previous meta-analyses4,18. Hence, the most important determinant of the absolute individual
treatment effect of BP-lowering was pretreatment cardiovascular risk. Formerly diabetes was
regarded as a ‘coronary heart disease’ equivalent suggesting a 10-year cardiovascular risk of
>20%31. However, this concept is debated and heterogeneity in risk is illustrated in ADVANCE
by the identification of 29% of patients without previous macrovascular disease with a 5-year
cardiovascular risk of 5% or less. Hence, the designation of diabetes per se as a high risk equivalent
is inaccurate. In the present analysis, we also included patients with a history of macrovascular
disease and covered the broad range of patients with diabetes encountered in clinical practice.
The use of prediction models that consider a combination of multiple risk factors can individualize
the estimate of treatment effect and provides a tool to direct treatment to patients who might
expect the most benefit from treatment. Furthermore, providing patients with individualized
estimates of treatment effect can enhance knowledge translation and engage patients in shareddecision making by raising awareness of their individualized risks and benefits of treatment32.
Further, this individualized approach could replace the sole reliance on BP levels to decide
on treatment initiation or intensification. Current guidelines recommend medical treatment of
BPs >140/90 mmHg in patients with diabetes, falsely suggesting that risk suddenly increases
when BP reaches this specific cut-off3,8. Given that the ultimate goal of BP-lowering treatment
is to reduce cardiovascular risk, BP levels are best viewed in the broader context of the individual
patient’s cardiovascular risk. For example, BP-lowering treatment of a high risk patient with an
SBP of 135 mmHg can produce a large ARR of 2.1%, while treatment of a low risk patient with
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an SBP of 155 mmHg would result in a small ARR of 0.5% (Box 1). Ideally, this individualized
assessment of BP-lowering medication on cardiovascular outcomes would be part of a personalized
strategy to manage all major cardiovascular risk factors.
We used net benefit analyses to evaluate the application of treatment effect prediction models
in clinical practice. Notably, net benefit does not refer to treatment decisions for specific patients
but evaluates the consequences of applying a treatment strategy to a whole population. Selective
treatment of patients will inevitably result in a small increase in event rate that is balanced by a
reduction in treatment rate. The choice of an appropriate treatment threshold can be difficult. The
ADVANCE trial evaluated a combination of two drugs at lower dose that was suggested to cause
fewer side-effects33. Indeed, active treatment was well tolerated and the most frequent reasons
for study discontinuation were cough (excess risk 2.0% [95%CI 1.4 – 2.6]) and hypotension or
dizziness (excess risk 0.8% [95%CI 0.5 – 1.2])20. Nevertheless, other negative effects of treatment
such as the inconvenience of daily taking a drug and monetary costs merit consideration. We
displayed net benefit across a range of treatment thresholds to allow for a different appraisal
of positive and negative effects of treatment. We did not provide confidence limits for the net
benefit curves since for medical decision making the point estimates is guiding. That is, even if
a certain strategy were better in only 51 per cent of times, this strategy would still be preferable
over the alternative34. For a range of treatment thresholds that might be considered acceptable
in clinical practice (i.e. threshold NNT5<200) prediction-based treatment was associated with
the highest net benefit. If resources would be unrestricted and one is inclined to maximize
the number of events prevented regardless of the number of patients that must be treated (i.e.
threshold NNT5>200), the appropriate strategy would be to treat every T2DM patient. After
stratification by history of macrovascular disease, we observed the largest benefit of predictionbased treatment in patients free from macrovascular disease. This was expected, as a treat all
strategy in this population results in treating many lower-risk patients with a small individual
treatment effect whilst being exposed to the disadvantages of treatment. Overall, the net benefit
analysis indicates that application of a treatment algorithm in clinical practice can improve the
balance between number of events prevented and the number of patients treated, if guideline
committees agree that an acceptable threshold NNT5 is below 200.
Some limitations need to be considered. First, the analyses and predictions apply to a
specific drug regimen of perindopril-indapamide in patients who would be eligible for inclusion.
Although the ADVANCE study included a broad range of patients, the presence of at least
one additional cardiovascular risk factor in addition to T2DM was required and patients with
a definite indication for insulin therapy were excluded. Second, the overall treatment effect
on macrovascular events was not significant, although the effects on major vascular events,
cardiovascular death and all-cause mortality were. Since the observed macrovascular event rate was
lower than expected, this could be due to a lack of power20. Also, meta-analyses of angiotensinconverting-enzyme inhibitors in patients with diabetes provide considerable reassurance of a
real effect35. Third, prediction models are likely to perform optimistically in the sample from
which they were derived23. Hence, we adjusted estimates of calibration and discrimination for
over-optimism by bootstrap resampling. Further, in patients free from macrovascular disease,
similar estimates of individual treatment effect were obtained by the using the UKPDS risk
score. Fourth, the net benefit method is not a cost effectiveness analysis, since monetary values
are not explicitly assigned to positive or negative outcomes. Rather, it provides a framework
for comparing treatment strategies that allows both positive and negative consequences to be
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considered in general terms. Lastly, prediction-based treatment might be more burdensome than
prescribing treatment to every diabetes patient. However, the use of prediction-based treatment in
clinical practice can be facilitated by electronic calculators (www.vasculairegeneeskundeutrecht.
nl/calculators). The individual estimates of treatment effect can be displayed graphically and can
be used to engage patients in shared-decision making at an individual patient level.

PersPectives
Individual patients with T2DM have multiple characteristics that influence the effect of BPlowering treatment with perindopril-indapamide. A multivariable treatment algorithm can be
used to quantify the anticipated patient-specific effect of BP-lowering treatment in terms of
absolute risk reduction of cardiovascular events. Individualized estimates of treatment effect may
be used to guide treatment decisions by prescribing treatment to patients who can expect the
greatest benefits and withholding treatment for patients with little chance of benefit whilst being
susceptible to the negative effects of treatment.
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suPPlement
Data supplement S1. Calculation example of Net Benefit
Strategy

Treat no one

Treat everyone

Prediction-based
treatment

5-year event rate

10.74%

9.75%

9.66%

Decrease in 5-year event rate

0%

0.98%

1.07%

Numer of patients treated (%)

0 (0%)

5,569 (100%)

2,407 (43%)

Net benefit

0%

-0.02%

0.64%

The net benefit method is described in detail by Vickers et al. and is found from weighing the
positive and negative effects of treatment and uses observed event rates and treatment rates in
trial participants30. Here we provide an example of how net benefit is calculated at a specific
decision threshold of 1% ARR (NNT5=100) for three different treatment strategies. Similar
calculations were repeated at each threshold and for every treatment strategy discussed.
1.

The net benefit of treating no one serves as the reference category. The observed 5-year
event rate was found from extrapolating the median Kaplan-Meier survival estimator in
the placebo arm of the trial. The 5-year event rate was 10.74% at the cost of zero treatment.

2.

The net benefit of treating everyone was calculated based on the observed event rate
in the intervention arm of the trial. The 5-year event rate was 9.75%. The decrease
in of 0.98% compared to the placebo arm was achieved at the cost of treating 5,569
(100%) of patients. At a decision threshold of NNT5=100 we consider that treating
100 patients during 5 years is balanced by the prevention of one outcome. Therefore,
net benefit only accrues if at least one event is prevented per 100 treated patients. Net
benefit can now be calculated as follows: 0.98% – 100% * (1/100) = –0.02%. The
negative sign means that the observed ARR was not sufficient to overcome treatment
disadvantages.

3.

The net benefit of the prediction-based treatment was based on the observed event rate
in patients whose randomized allocation was congruent to the treatment recommended
by the model. Patients with a predicted treatment effect of ≥1% ARR were selected
from the intervention arm (n=2,407 & 5y risk 15.47%) and patients with a predicted
effect of <1% ARR were selected from the placebo arm (n=3,241 & 5y risk 5.35%).
The combined observed event rate in this newly assembled group was 9.66% resulting
in a decrease in event rate of 1.07% compared to the placebo arm. To achieve this
reduction in event rate 43% of patients were treated. Consequently, net benefit
was calculated as 1.07% – 43% * (1/100) = 0.64%. Hence, at this specific decision
threshold, a prediction-based strategy resulted in a more favourable trade-off between
events prevented and number of patients treated.

Individual effects of BP-lowering treatment

Table S1. Baseline characteristics of ADVANCE participants stratified according to
history of major macrovascular disease at baseline

Characteristic
Female, n(%)
Age (years)
Asian ethnicity, n(%)
Duration of diabetes (years)
Blood pressure control
Systolic blood pressure (mmHg)
Diastolic blood pressure (mmHg)
History of treated hypertension, n(%)
Other risk factors
Current smoking, n(%)
Total cholesterol (mmol/L)
LDL-cholesterol (mmol/L)
HDL-cholesterol (mmol/L)
Triglycerides (mmol/L)
Fasting blood glucose (mmol/L)
Serum haemoglobulin A1c concentration (%)
Serum haemoglobulin A1c concentration (mmol/
mol)
Urinary albumin:creatinine ratio (μg/mg)
eGFR (mL/min/1.73m2)
Waist circumference (cm)
Medications
Statins, n(%)
Aspirin, n(%)
Any oral hypoglycaemic drug, n(%)
Insulin, n(%)

Participants
free from major
macrovascular
disease
(n=7,550)
3521 (47)
66 (6)
2939 (39)
8 (6)

Participants with
previous major
macrovascular
disease
(n=3,590)
1214 (34)
66 (7)
1303 (36)
8 (7)

145 (21)
81 (11)
4878 (65)

144 (22)
80 (11)
2777 (77)

1222 (16)
5.3 (1.2)
3.1 (1.0)
1.3 (0.4)
1.6 (1.2 - 2.3)
8.6 (2.8)
7.5 (1.6)

460 (13)
5.0 (1.2)
3.0 (1.1)
1.2 (0.3)
1.7 (1.2 - 2.3)
8.3 (2.7)
7.5 (1.5)

58 (18)

58 (16)

15 (7 - 37)
75 (63 - 89)
98 (13)

16 (7 - 47)
73 (60 - 87)
100 (13)

1627 (22)
2417 (32)
6848 (91)
118 (2)

1519 (42)
2477 (69)
3281 (91)
41 (1)

Data are expressed as mean (standard deviation), median (interquartile range) or
count (percentage); LDL: low density lipoprotein, HDL: high density lipoprotein;
eGFR: estimated glomerular filtration rate.
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ADVANCE risk engine
15%

Frequency
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NNT > 100:
NNT 50 to 100:
NNT 25 to 50:
NNT 25 or lower:

34.9% of patients
42.8% of patients
21.1% of patients
1.2% of patients

10%

5%

0%
0%

1%

2%

3%

4%

5%

10−year treatment effect (ARR of MACE)

UKPDS risk score
15%

NNT > 100:
NNT 50 to 100:
NNT 25 to 50:
NNT 25 or lower:

28.1% of patients
46.0% of patients
25.2% of patients
0.7% of patients

10%

5%

0%
0%

1%

2%

3%

4%

5%

10−year treatment effect (ARR of MACE)

Figure S1. Distribution of 5-year individual effect of perindopril-indapamide
treatment for ADVANCE participants free from major macrovascular disease based
on the ADVANCE risk engine and UKPDS risk score together with the overall
relative risk reduction of the trial.
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Treat none
Treat all
Prediction−based
BP 140/90

Net Benefit (%)

1.0

0.5

0.0

−0.5
Infinite
0%

100
9%

50
18%

33
27%

25
36%

5−year threshold NNT
(baseline risk)
1.5

Treat none
Treat all
Prediction−based
BP 140/90

Net Benefit (%)

1.0

0.5

0.0

−0.5
Infinite
0%

100
9%

50
18%

33
27%

25
36%

5−year threshold NNT
(baseline risk)

Figure S2. Net benefit of different strategies applied to A. ADVANCE participants
free from major macrovascular disease at baseline (n=7,550) and B. participants with
a history of major macrovascular disease at baseline (n=3,590).
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Treat none
Treat all
ADVANCE risk engine
UKPDS risk score

1.0

Net Benefit (%)
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0.5

0.0

−0.5
Infinite
0%

100
9%

50
33
18%
27%
5−year threshold NNT
(baseline risk)

25
36%

Figure S3. Net benefit from applying a prediction-based treatment strategy using
the ADVANCE risk engine or UKPDS risk score to ADVANCE participants free
from major macrovascular disease at baseline (n=7,550).
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ADVANCE Treatment Score - Calculation Sheet
Predicting the effects of blood pressure-lowering treatment on major cardiovascular events for
individual patients with type 2 diabetes – results from ADVANCE

5-y MACE risk without treatment
(appears once all characteristics are complete)

40%
Sex
Age
Diabetes duration
Systolic blood pressure

65
15
135

On antihypertensive treatment?

Years
Years
mmHg
1

Retinopathy
History of macrovascular disease

5-year treatment
effect*
Residual 5-year
risk

30%
20%

2%

10%

19%

NNT5* =

49

*Perindopril/indapamide
versus placebo

0%

Laboratory Results:
HbA1c
Total cholesterol
HDL cholesterol
eGFR (CKD-EPI)
Urinary albumin:creatinine ratio

8.0
6.0
1.0
50
45

%

or

mmol/mol

mmol/L

or

mg/dL

mmol/L

or

mg/dL

ml/min
µg/mg

Do not use for patients who do not meet the ADVANCE trial eligibility criteria (Lancet 2007;370:829-40). These criteria include, but are not limited to, the following: men and women aged 55 and older diagnosed with type 2 diabetes at the age of 30 years or
older without a history of cardiovascular disease and at least one cardiovascular risk factor.

Supplement calculation sheet. Electronic calculator to estimate the individual
patient’s effect of routine blood pressure lowering treatment on major cardiovascular
events.
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abstract
Background: Angiotensin-converting-enzyme inhibition reduces the risk of cardiovascular
events at a group level. Presumably, the absolute effect of treatment varies between individuals.
We sought to develop multivariable prediction scores to estimate individual treatment effect of
perindopril in patients with stable coronary artery disease (sCAD).
Methods & Results: In EUROPA trial participants, we estimated individual patient 5-year
absolute risk reduction (ARR) of major adverse cardiovascular events (MACE) by perindopril.
Predictions were based on a new Cox-proportional-hazards model with clinical characteristics
(EUROPA score) and an external risk score (SMART score) in combination with the observed
relative risk reduction. Further, a genetic profile modifying the efficacy of perindopril was added
to both models (-GEN scores). Group level impact of selectively treating patients with the largest
predicted effects was evaluated using net benefit analysis.
The prediction algorithms performed well in terms of calibration and discrimination. Both risk
scores with clinical and genetic information estimated the 5-year absolute treatment effect to
be zero or adverse in 27% of patients. On the other hand, the EUROPA-GEN score estimated
a small 5-year ARR of ≤2% (NNT5 ≥50) in 20% of patients, a modest ARR of 2-4% (NNT5
25-50) in 26%, and a large ARR of ≥4% (NNT5 ≤25) in 28%. The SMART-GEN score yielded
similar predictions. Prediction-based treatment resulted in higher net benefit compared to treat
everyone at any treatment threshold.
Conclusion: A prediction score combining clinical characteristics and genetic information can
quantify the ARR of MACE by perindopril for individual patients with sCAD and may help to
guide treatment decisions.

Individual effects of ACE-inhibition

introduction
Activation of the renin-angiotensin system (RAS) has an important role in the development of
cardiovascular disease1. The beneficial effects of blocking RAS by angiotensin-converting-enzyme
inhibitors (ACE-i) were first demonstrated in patients with heart failure2, 3. Further studies
showed the efficacy of ACE-i in a wider range of clinical conditions and these agents are currently
recommended for the treatment of patients with hypertension, recent myocardial infarction and
stable coronary artery disease (sCAD)4. One of the landmark trials in patients with sCAD is
the EUROPA trial, evaluating the effect of perindopril on the occurrence of new major adverse
cardiovascular events (MACE) in sCAD patients without heart failure. The trial found an average
relative reduction in MACE of 20%5. The average 4-year absolute treatment effect of perindopril
was 2%, translating to an average 4-year number-needed-to-treat (NNT4) of 50 patients to
prevent one event5. In search of patients who are most likely to benefit, stratified analyses based on
clinical characteristics and levels of baseline risk revealed similar relative risk reductions across all
subgroups6,7. However, genetic variations in pharmacodynamic pathways affected by ACE-i were
shown to influence the efficacy of perindopril8. Three polymorphisms located in the angiotensinII type 1 receptor and bradykinin type 1 receptor genes were associated with a larger, smaller or
even adverse effect of perindopril. Obviously, relative risk reductions need to be interpreted in
combination with absolute event risks in order to estimate the absolute effect of treatment9-12.
In general, patients with high baseline risk tend to benefit more from treatment in terms of
absolute risk reduction13, 14. Baseline risk is determined by the combined action of multiple risk
factors such as age, cholesterol levels and blood pressure15. Therefore, a multivariable score that
incorporates determinants of absolute risk as well as determinants of relative treatment efficacy
is necessary to obtain estimates of absolute treatment effect for individual patients. In clinical
practice, doctors and patients can use these patient-specific effect estimates to quantify risks and
benefits of treatment at an individual patient level. In the present study we sought to develop and
validate prediction scores based on clinical and genetic data to estimate the individual absolute
risk reduction of perindopril on the occurrence of MACE in patients with sCAD.

methods
The design, rationale and outcomes of the EUROPA trial and the PERindopril GENetic
association study (PERGENE) substudy have been described elsewhere16, 17. Briefly, the EUROPA
trial was a randomized, double-blind study evaluating the effect of perindopril 8mg once daily
versus placebo on major cardiovascular adverse events (MACE) comprising cardiovascular
death, myocardial infarction (MI), and resuscitated cardiac arrest in 12218 patients with sCAD.
Eligible patients were men and women of 18 years or older, with evidence of coronary heart
disease documented by previous MI (>3 months before screening), percutaneous or surgical
coronary revascularization (>6 months before screening), angiographic evidence of at least
70% narrowing of at least one major coronary artery, or a history of typical chest pain in
male patients with an abnormal stress test. Exclusion criteria included clinically evident heart
failure, planned revascularization procedure, hypotension (sitting systolic blood pressure <110
mmHg), uncontrolled hypertension (systolic blood pressure >180 mmHg and/or diastolic blood
pressure >100mmHg), use of ACE-i or angiotension-2 receptor blockers in the last month, renal
insufficiency (serum creatinine >150 μmol/L), and serum potassium >5.5 mmol/L. PERGENE
is a substudy of the EUROPA trial designed to investigate whether common genetic variation is
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related to risk of future events and modifies the treatment effect of perindopril8. Blood samples
were received from 10060 patients and 8726 patients had complete genotype data on rs275651,
rs5182 and rs12050217, the three single nucleotide polymorphisms (SNPs) identified to modify
the effect of perindopril8, 18. A genetic profile was constructed by counting the number of
unfavourable alleles and grouping them into 3 categories: ≤1 unfavourable allele, 2 unfavourable
alleles and ≥3 unfavourable alleles. Approval for the trial was obtained from the institutional
ethics committee of each centre and all participants provided written informed consent.

Model derivation
The individual patients’ absolute treatment effect on MACE was estimated with two clinical
models. Firstly, we used the externally developed SMART risk score together with the relative
treatment effect observed in the trial19. The baseline risk of the SMART risk score was recalibrated
to disease incidence of the target population. Data on HDL cholesterol, high sensitivity
C-reactive protein and history of abdominal aortic aneurysm were not available and were set to
zero. Absolute risk reduction (ARR) was defined as the difference between on-treatment and offtreatment risk for each individual patient. Secondly, we fitted a new Cox proportional hazards
model (i.e. EUROPA score) based on a set of clinical characteristics together with a treatment
variable (placebo vs. active treatment)7. The pre-specified predictors were: sex, age, systolic blood
pressure, cholesterol, body-mass index (BMI), diabetes, smoking, estimated glomerular filtration
rate (eGFR; by CKD-EPI equation20), symptomatic CAD, family history of CAD, prior stroke
or transient ischemic attack, prior MI, prior coronary revascularization and prior peripheral
arterial disease and treatment status. Restricted cubic splines were used to assess the linearity
assumption for continuous predictors. If the association between a continuous predictor and the
outcome was not linear, the predictor was transformed to improve model fit21, 22. As a result, age,
BMI and eGFR were included both as linear and squared terms. We used the Lasso method (i.e.
penalized partial maximum likelihood with a restriction on the sum of the absolute coefficients
of standardized predictors) to reduce the model and shrink the model coefficients to minimize
over-optimism23, 24. A possible interaction between treatment and baseline risk was evaluated and
found to be insignificant25. The model was fitted for the prediction of 4.3 year (median followup) risks and extrapolated to yield 5-year estimates of event risk with and without treatment. The
difference is the individual patients’ ARR.
Further, we evaluated the combination of clinical and genetic data to predict absolute
treatment effect for individual patients. Hereto, we expanded both the SMART and EUROPA
model with a genetic profile (3-level categorical variable) and the interactions between perindopril
treatment and this profile (i.e. –GEN scores). Again, the Lasso method was used to reduce the
model and shrink the coefficients. For the externally developed SMART model, only the newly
added covariables were penalized. Predictions were extrapolated from 4.3-year to yield 5-year
estimates. The clinical models were fitted in the full EUROPA cohort, whereas the models with
genetic variables were fitted in the PERGENE subsample. All models were evaluated in the
PERGENE subsample to ensure comparability of results.
Data was missing in 10.1% of participants for the variable ‘years since first vascular event’
and in <1% for all other variables. Missing data were reduced by single imputation methods
using predictive mean matching26.

Individual effects of ACE-inhibition

Table 1. Baseline characteristics of 8726 EUROPA participants with available genetic
profile and stratified according to predicted 5-year absolute risk reduction (ARR) by
the EUROPA-GEN score.

Age (years)
Gender, % female
Hypertension, %
Diabetes, %
Current smoking, %
Duration of vascular disease, years
Body mass index (kg/m2)
Symptomatic CAD†, %
Family history of CAD, %
Prior myocardial infarction, %
Prior revascularization, %
Prior stroke or TIA, %
Prior PVD, %
Total cholesterol (mmol/L)
eGFR (mL/min/1.73m2)
Randomized treatment, %
Systolic blood pressure (mmHg)
Diastolic blood pressure (mmHg)
Genetic profile 0, %
Genetic profile 1, %
Genetic profile 2, %

Total population
(n=8726)

<2% ARR
(n=4077)

≥2% ARR
(n=4649)

59.8 (9.3)
14.5
28.5
12.7
14.7
4.3 (4.7)
27.5 (3.5)
25.4
27.2
65.4
54.6
3.5
7.4
5.4 (1.0)
75 (64-87)
49.7
137 (15)
82 (8)
41.1
32.4
26.5

58.8 (8.9)
17.3
27.2
8.9
12.8
3.9 (4.3)
27.3 (3.2)
19.8
27.2
59.9
59.7
2.6
5.1
5.3 (1.0)
77 (66-89)
50.4
136 (15)
82 (8)
2.7
40.5
56.8

60.7 (9.5)
12.0
29.7
16.1
16.5
4.6 (4.9)
27.6 (3.7)
30.4
27.2
70.1
50.1
4.4
9.4
5.5 (1.1)
73 (62-86)
49.1
138 (15)
82 (8)
74.7
25.3
0

Summary statistics for continuous variables are presented as mean (standard
deviation) or as median (interquartile range). Categorial variabeles are presented as
precentages. ARR: absolute risk reduction. eGFR: estimated glomerular filtration
rate estimated by CKD-EPI equation, LDL: low density lipoprotein, HDL: high
density lipoprotein, TIA: transient ischemic attack, PVD: peripheral vascular
disease

Model performance
Discrimination of the risk scores was assessed by calculation of Harrell’s c-statistic22. Calibration
of predicted risk was assessed by plotting observed 4.3-year event free survival against the average
predicted 4.3-year event free survival within deciles and was formally checked by the Gronnesby
and Borgan test27, 28. Further, we assessed whether predicted ARR was in agreement with observed
ARR by comparing the difference in survival within quintiles of patients with similar estimated
ARR from placebo and intervention groups. Optimally, the observed survival difference between
these paired quintiles should be similar to the estimated ARR.

Distribution of absolute treatment effect and net benefit
The distributions of predicted individual 5-year ARR of MACE were displayed in histograms.
Next, we evaluated the incremental value of applying therapeutic prediction models in clinical
practice using the net benefit method29. The calculation of net benefit is based on the weighing
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of positive and negative effects of treatment. The severity of treatment disadvantages is expressed
relative to the outcome by a threshold NNT. For example, a 5-year threshold NNT of 50 implies
that the disadvantages of treating 50 patients for 5 years are considered to be well balanced by
the benefit obtained by preventing one outcome. Net benefit is calculated as the observed ARR
in patients for whom the treatment recommended by the prediction algorithm is congruent
with randomized allocation minus the disadvantages of treatment. The latter is defined as the
proportion of patients treated weighted by the inverse of the threshold NNT (net benefit = ARR –
proportion of patients treated * [1/threshold NNT]). Net benefit can be interpreted as the excess
number of events prevented per 100 patients on top of the minimally required number of events
prevented to offset treatment disadvantages. We considered the following treatment strategies;
(i) treat no one, (ii) treat everyone or (iii) prediction-based treatment (i.e. selective treatment
of patients whose predicted treatment effect exceeds the specified threshold NNT). Lastly, we
showed the impact of using a prediction-based treatment strategy in clinical practice. Statistical
analyses were conducted in R, version 2.15.2 (R Development Core Team, Vienna, Austria) with
Harrell’s Regression Modelling Strategies package and Goeman’s ‘penalized’ package.

results
Baseline characteristics of the PERGENE participants (n=8726) are shown in Table 1 and are
similar to those of the whole EUROPA population. During a median follow-up of 4.3 years 794
major cardiovascular events occurred. The hazard ratio of the overall treatment effect for MACE
was 0.80 (95%CI 0.71 – 0.91) favouring treatment with perindopril.

Model derivation & performance
Clinical models
The SMART and EUROPA models are presented in Box 1. All predictors in the EUROPA
model were retained. Detailed statistics are presented in supplement table 1. Discrimination
was moderate, the c-statistic for the SMART model was 0.62 [95%CI 0.60-0.64] and for the
EUROPA model 0.67 [95%CI 0.65-0.69]. The SMART and EUROPA models showed good risk
calibration (p-values 0.20 and 0.34 respectively, indicating satisfactory calibration) (supplement
Figure 1). The ARR calibration plots showed slightly better agreement between predicted and
observed ARR for the EUROPA score compared to the SMART score. For both scores, the
quintile with highest predicted ARR overestimated the observed risk difference between treated
and untreated patients (Figure 1).
Clinical models combined with genetic profile
During model selection all clinical, genetic and interaction variables were retained in the
EUROPA-GEN and SMART-GEN score. The final models are presented in Box 2 and detailed
performance statistics are available in supplement Table 1. Discrimination was moderate, the
c-statistic for the SMART-GEN model was 0.63 [95%CI 0.61-0.65] and for the EUROPAGEN model 0.68 [95%CI 0.66-0.70]. The SMART-GEN and EUROPA-GEN models showed
good calibration (p-value 0.98 and 0.01 respectively, the latter contradicting the good visual
calibration of the EUROPA-GEN model) (supplement Figure 1). Notably, the ARR calibration
plots of the expanded models showed a wider range of predicted treatment effects. Further, there
was a generally close agreement between predicted and observed absolute treatment effect (Figure 1).
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Figure 1. Calibration plots of predicted versus observed 4.3 year absolute risk
reduction (ARR) of major cardiovascular events (MACE) in quintiles for different
prediction scores.

Distribution of treatment effect of perindopril
The EUROPA score predicted a small 5-year ARR ≤2% (NNT5 ≥50) in 60.1% of patients. The
predicted 5-year ARR was between 2 and 4% (NNT5 25-50) in 33.5% of patients and ≥4%
(NNT5 ≤25) in 6.4% of patients (Figure 2). The SMART score identified similar proportions of
patients in these categories of absolute treatment effect.
Both the EUROPA-GEN and SMART-GEN score predicted a zero or adverse treatment
effect in 26.5% of patients (Figure 2). These adverse responders were characterized by an
unfavourable genetic profile and were at higher cardiovascular risk when treated with perindopril
compared to placebo. Alternatively, the EUROPA-GEN and SMART-GEN scores predicted a
large 5-year ARR of ≥4% (NNT5 ≤25) in 27.7% and 25.7% of patients respectively. Table 1

60

Chapter 4

Box 1. Clinical treatment scores
Individual patient off-treatment risk: “treatment” = 0 (NO)
Individual patient on-treatment risk: “treatment” = 1 (YES)
A) EUROPA score
5-year MACE risk (%) = (1 – 0.91 exp(A + 6.415)) x 100%
A = age * -0.1324+ age2* 0.0013 + female sex * -0.4643 + SBP * 0.0041 + total cholesterol *
0.1499 + eGFR * -0.0339 + eGFR2* 0.0002 + BMI *-0.2590 + BMI2 * 0.0049 + diabetes *
0.4481 + current smoking * 0.3876 + family history of CAD * 0.1662 + prior MI * 0.3671
+ prior TIA or stroke * 0.4446 + prior PVD * 0.5092 + prior coronary revascularization *
-0.2235 + symptomatic CAD * 0.3981 + treatment * -0.2167
B) SMART score
5-year MACE risk (%) = (1 – 0.91 exp(A + 1.959)) x 100%
A = age * -0.0850 + age2* 0.0015 + male sex * -0.1561 + SBP * 0.0043 + total cholesterol
* 0.0959 + eGFR (MDRD) * -0.0532 + eGFR2* 0.0003 + diabetes *0.2232 + current
smoking * 0.2617 + prior CAD * 0.1401 + prior TIA or stroke 0.4058 + prior PVD *
0.2832 + years since first vascular event * 0.0229 + treatment * -0.2116
Box 2. The EUROPA-gen and SMART-GEN treatment scores
Individual patient off-treatment risk: “treatment” = 0 (NO)
Individual patient on-treatment risk: “treatment” = 1 (YES)
A) EUROPA-GEN score
5-year MACE risk (%) = (1 – 0.91 exp(A + 7.390)) x 100%
A = age * -0.1351 + age2* 0.0013 + female sex * -0.5474 + SBP * 0.0040 + total cholesterol *
0.1237 + eGFR * -0.0358 + eGFR2* 0.0002 + BMI *-0.2958 + BMI2 * 0.0056 + diabetes *
0.4673 + current smoking * 0.4449 + family history of CAD * 0.0791 + prior MI * 0.4055
+ prior TIA or stroke * 0.4433 + prior PVD * 0.5340 + prior coronary revascularization
* -0.1582 + symptomatic CAD * 0.4080 + genetic profile 1 * -0.2062 + genetic profile 2
* -0.5112 + treatment * -0.5466 + treatment & genetic profile 1 * 0.3207 + treatment &
genetic profile 2 * 0.7498
B) SMART-GEN score
5-year MACE risk (%) = (1 – 0.91 exp(A + 2.164)) x 100%
A = clinical SMART coefficients + genetic profile 1 * -0.1945 + genetic profile 2 * -0.4837 +
treatment * -0.5159 + treatment & genetic profile 1 * 0.2929 + treatment & genetic profile
2 * 0.7231
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displays the characteristics of patients stratified according to predicted treatment effect, showing
higher risk factor levels and a skewed genetic profile in patients with a larger ARR.

Net benefit and clinical consequences of individualized prediction of treatment effect
of perindopril

Across the entire range of 5-year treatment threshold NNTs, the clinical EUROPA and SMART
scores were not associated with higher net benefit at a population level compared to treating
everyone or no one (Figure 3). Hence, these clinical models do not succeed in accurately directing
treatment to sCAD patients who can anticipate the largest benefit from perindopril. On the
other hand, the EUROPA-GEN and SMART-GEN score showed higher net benefit compared
to treating everyone or no one across a wide range of treatment thresholds (Figure 3). Even if the
treatment threshold is infinite, suggesting one is prepared to treat a vast number of patients (e.g.
>250) for 5 years to prevent a single event, prediction-based treatment is superior. This could
be expected since prediction-based treatment limits prescription to the 73.5% of sCAD patients
with an estimated positive effect, while withholding treatment for the 26.5% of patients with
an estimated adverse or null effect (Table 2). When restricting treatment to patients with larger
predicted treatment effects, the average 5-year NNT among treated patients could be reduced
from 42 to 12 depending on the choice of treatment threshold (Table 2).
Table 2. Consequences for clinical practice based on EUROPA-GEN score.
5-year threshold
NNT
250
100
50
25
17

Tx-strategy

Tx-rate*

Treat all
Prediction-based Tx
Prediction-based Tx
Prediction-based Tx
Prediction-based Tx
Prediction-based Tx

100%
73%
70%
53%
28%
13%

5-year
average ARR†
2.4%
3.9%
4.1%
4.9%
6.7%
8.7%

5-year average
NNT†
42
25
25
20
15
12

Tx: Treatment.
* Percentage op total population treated with perindopril.
† Predicted average reduction in absolute risk of MI, resuscitated cardiac arrest and
vascular death in selection of patients actively treated with perindopril.
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Figure 2. Distribution of 5-year absolute risk reduction (ARR) of major cardiovascular
events with perindopril treatment for individual patients with stable CAD for
different prediction scores.

discussion
In the present study we demonstrated that therapeutic prediction models based on clinical and
genetic information were able to quantify the ARR of major cardiovascular events by perindopril
for individual patients with sCAD. Of all participants, 27% had a zero or adverse treatment
effect whereas 28% had a large and positive estimated 5-year ARR of ≥4% (NNT5 ≤25). Selective
treatment of patients based on a prediction score can result in a more optimal trade-off between
the number of events prevented and number of patients treated.
Guidelines recommend ACE-i in patients with sCAD, especially if there are co-existing
conditions such as hypertension, reduced left ventricular ejection fraction or chronic kidney

Individual effects of ACE-inhibition

disease30, 31. These recommendations are based on the overall results of large randomized clinical
trials showing reductions in cardiovascular events and mortality5, 32, 33. Even if the relative risk
reduction is constant, the absolute risk reduction with treatment may vary and is likely to increase
with baseline event risk. However, in the present study the relative efficacy of perindopril was
influenced by the patients’ genetic profile and patients with similar baseline risks had different
risk reductions. Consequently, the clinical scores with just a single treatment variable were unable
to accurately pinpoint the expected individual patient treatment benefit as was illustrated by
the weak relation between predicted and observed ARR. Conversely, the prediction scores with
both clinical and genetic variables combined the patient’s baseline risk with an efficacy measure
(i.e. hazard ratio) that was applicable to the patient’s specific genetic profile and yielded accurate
estimates of individual treatment effect. These patient-specific ARRs can be translated to an
individualized NNT (iNNT), which refers to the number of patients with the same characteristics
as the patient under care that would require treatment for a specific time to prevent one event12
(Box 3).
The effect of implementing an individualized treatment strategy in clinical practice was
evaluated at a group level29. Selective treatment of patients, based on an individualized treatment
prediction algorithm, can direct treatment to those patients who might expect the largest benefit
and least harm of treatment. The choice of an appropriate treatment threshold is difficult as
the threshold comprises adverse effects of the drug, the inconvenience of daily taking a drug
and economic costs. Notably, the frequency of adverse effects is difficult to estimate based on
trial results as only patients who tolerated perindopril were randomized after a run-in period.
For randomized patients, the difference in adherence to allocated therapy was 3.4% in the
EUROPA5. Hence, treating for example 100 patients in clinical practice will result in at least
3 patients experiencing an adverse effect prompting them to discontinue the drug. Secondly,
disadvantages include the inconveniences of 100 patients who need to take perindopril daily
for 5 years (i.e. 500 person-years of treatment). Thirdly, there are economic costs of perindopril
prescription. If we chose a 5-year threshold NNT of 100, we consider all the negative effects of
treating 100 patients together to be balanced by the prevention of, for example, one MACE.
We acknowledge that this summary of positive and negative effects is incomplete and subject
to interpretation. Therefore, it is more feasible to specify the approximate number of patients
one would be willing to treat to prevent one MACE (e.g. a NNT5 between 50 and 100), and
to evaluate the effect of prediction-based treatment across this range. In addition, specifying a
range allows clinicians together with patients to make their own appraisal of treatment risks and
benefits and this number may change over time as for example drug costs decrease. A predictionbased treatment strategy using the EUROPA-GEN or SMART-GEN treatment score yielded
the highest net benefit at any treatment threshold considered. Hence, implementing these scores
in clinical practice can improve the balance between number of patients treated and number of
adverse cardiovascular outcomes prevented, irrespective of the treatment threshold.
Strengths of the present study include the large number of available events to derive treatment
scores, the use of both clinical and genetic data and the use of existing and newly developed
prediction scores. Further, the present study is the first to provide a treatment score to calculate
an individualized estimate of the effect of perindopril. These estimates may help physicians to
engage patients in shared-decision making by facilitating an appraisal of risks and benefits of
treatment at an individual patient level. In addition, we evaluated the group level effects of
implementing a prediction score in clinical practice which is relevant to guideline makers.
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Potential limitations of our study also merit consideration. One of the main concerns of
developing a new prediction score is that a score is likely to perform optimistically if tested in the
sample from which it was derived21. To reduce optimism, we used penalized model estimation
based on cross-validation and used a limited number of prespecified predictors. The effect-size of
treatment interactions by genetic profile could not be based on external data, although the
magnitude and directions of the interactions have been reproduced in ex-vivo experiments and
in the PROGRESS trial8, 34. In addition, the risk of chance findings was greatly reduced by only
evaluating SNPs in 12 candidate genes that are part of biological pathways affected by ACE-i.
This is different from genome wide association studies without a specific biological hypothesis.
Other potential limitations include the generalizability of findings. As with the average trial
results, the treatment prediction scores apply to patients who would be eligible for inclusion in
the EUROPA trial. Further, current predictions apply to a 5-year time period. A longer time span
will result in higher baseline risks and potentially larger absolute treatment effects. In addition,
the individualized effect estimates were not accompanied by uncertainty margins. Although
potentially informative, interpretation could be difficult since the point estimate is the most
likely value for an individual patient35. Further, the use of a prediction score to select patients for
treatment is more time consuming than treating everyone. However, the widespread use of
electronic patient records in clinical practice may facilitate the use of prediction rules by
automatically feeding information to risk calculators (supplement figure 2). Nevertheless, genetic
information regarding the SNPs that modify treatment effect is not routinely assessed in clinical
practice. Given the promising results and potential clinical implications, external validation of
treatment prediction algorithms including genetic information should be pursued.
In conclusion, treatment effect prediction scores based on clinical and genetic characteristics
can quantify the ARR of major cardiovascular events for individual patients with sCAD. The use
of a therapeutic prediction score in clinical practice can result in a more optimal balance between
the number of patients treated and the number of prevented events compared to one-size-fits-all
approaches of treating no one or everyone.
Box 3. Predicted 5-year absolute risk reduction of MACE when treated with perindopril
for two different patient profiles
Patient A:
A asymptomatic 60-year old non-smoking male patient without diabetes, an SBP of 130
mmHg, a BMI of 25 kg/m2, no family history of CAD, no prior MI, no prior stroke, no
prior PVD, a CABG procedure 2 years ago, a TC of 6 mmol/L, an eGFR of 60 ml/min and
genetic profile 1.
à 5-year ARR with perindopril is 1.3% (individual NNT5 = 87)
Patient B:
A symptomatic 60-year old smoking male patient with diabetes, an SBP of 150 mmHg, a
BMI of 30 kg/m2, no family history of CAD, no prior MI, no prior stroke, no prior PVD,
no prior revascularization, a TC of 6 mmol/L, an eGFR of 60 ml/min and genetic profile 0.
à 5-year ARR with perindopril is 11.7% (individual NNT5 = 9)
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Figure 3. Net benefit curves of different treatment strategies for major cardiovascular
events (MACE). Net benefit is calculated as the observed ARR of MACE (%) in
patients whose randomized allocation is similar to recommendations from the
treatment score minus the disadvantages of treatment. The disadvantages of
treatment are expressed as the proportion of patients receiving treatment weighted
by the threshold NNT. First, a (range of ) threshold NNT should be determined and
next the strategy associated with the highest net benefit for this (range of ) threshold
can be extracted from the graph. The threshold NNT may vary among clinicians
and patients. The treat all line originates at the average ARR observed in the trial,
since the negative effects of treatment are assumed to be zero at an infinite threshold
NNT 5 . Treat none is associated with zero net benefit.
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suPPlement
Supplemental table 1. Detailed model statistics
EUROPA score

Coefficients¶

HR

95% CI

LRT

p-value

1.37

1.22 - 1.52

54.2

<0.01

0.63
1.00
1.16
0.85

0.52
1.00
1.10
0.77

0.76
1.01
1.23
0.94

26.6
4.2
28.4
14.5

<0.01
0.04
<0.01
<0.01

Age (years)*
Age (years) squared
Female gender
Systolic blood pressure (mm Hg)
Total cholesterol (mmol/L)
eGFR (ml/min/1.73m2)
eGFR (ml/min/1.73m2) squared
BMI (kg/m2)*
BMI (kg/m2) squared
Diabetes
Current smoking
Family history of CAD
Prior MI
Prior TIA or stroke
Prior PVD
Prior coronary revascularization
Symptomatic CAD†
Treatment

-0.1324
0.0013
-0.4643
0.0041
0.1499
-0.0339
0.0002
-0.2590
0.0049
0.4481
0.3876
0.1662
0.3671
0.4446
0.5092
-0.2235
0.3981
-0.2167

1.04

0.96 - 1.13

29.7

<0.01

1.57
1.47
1.18
1.44
1.56
1.66
0.80
1.49
0.81

1.34
1.26
1.03
1.26
1.22
1.39
0.71
1.31
0.71

-

1.82
1.72
1.35
1.66
2.00
1.99
0.91
1.69
0.91

30.2
22.1
5.7
28.6
10.9
27.8
12.4
36.0
12.7

<0.01
<0.01
0.02
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

EUROPA-GEN score*
Genetic profile 1
Genetic profile 2
Treatment
Treatment & genetic profile 1
Treatment & genetic profile 2

-0.2062
-0.5112
-0.5466
0.3207
0.7498

0.81
0.60
0.58
1.38
2.12

0.66
0.47
0.46
0.99
1.49

-

1.00
0.77
0.72
1.93
3.04

3.73
17.63
24.77
3.65
17.31

0.05
<0.01
<0.01
0.06
<0.01

SMART-GEN score*
Genetic profile 1
Genetic profile 2
Treatment
Treatment & genetic profile 1
Treatment & genetic profile 2

-0.1945
-0.4837
-0.5159
0.2929
0.7231

0.82
0.61
0.59
1.35
2.07

0.66
0.48
0.48
0.97
1.45

-

1.01
0.79
0.74
1.88
2.96

3.37
15.85
22.21
3.11
16.23

0.07
<0.01
<0.01
0.08
<0.01

-

eGFR: estimated glomerular filtration rate (CKD-EPI equation), LRT: likelihood
ratio test.
† Agina pectoris or previous heart failure.
¶ Coefficients were shrunken to increase external validity, whereas unbiased HRs and
statistics were derived from the unpenalized Cox models. *Risk model contains a
linear and squared term for age, BMI and eGFR. Therefore the LRT and p-value
for age, BMI and eGFR is computed for both terms together. Futhermore HR
were computed for the difference between the study population’s 75th and 25th
percentile of age (67 vs 53), BMI (29.4 vs 25.0) and eGFR (87 vs 64).
* The additional variables to the EUROPA and SMART risk score are presented
here. Estimates of the clinical predictors in the EUROPA-GEN score were
comparable to the estimates of the EUROPA score.
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Supplement figure 1. Calibration plots of predicted versus observed 4.3 year
absolute risk of major cardiovascular events (MACE) in deciles.
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EUROPA Treatment Score - Calculation Sheet
Prediction of absolute risk reduction of cardiovascular events with perindopril for individual
patients with stable coronary artery disease – results from EUROPA

5-y MACE risk without treatment
(appears once all characteristics are completed)

Clinical Characteristics

40%

Sex
Age
Systolic blood pressure
Body mass index

60
150
30

Diabetes

years
mmHg
kg/m

12%

2

1

Smoking

20%
10%

Family history of CAD
Prior MI

5-y treatment effect*

30%

Residual 5-y risk

iNNT5* = 9
19%

*Perindopril versus placebo

0%

Prior stroke or TIA
Prior PVD
Prior revascularization
Symptomatic CAD

Laboratory Results
Total cholesterol
eGFR

Genetic Information

6
60

mmol/L

Genetic profile (0 to 2)

0

ml/min/1.73m2

Do not use for patients who do not meet the EUROPA trial eligibility criteria (Lancet 2003;362:782-8). These criteria include, but are not limited to, the following: men and women aged 18 with stable coronary heart disease without overt heart failure or
uncontrolled hypertension.

Supplement figure 2. Calculation sheet to estimate the individual patient’s treatment
effect of perindopril on the risk of major cardiovascular events.

Individual effects of ACE-inhibition

references

1. Lonn EM, Yusuf S, Jha P, Montague TJ, Teo KK, Benedict CR, Pitt B. Emerging role of
angiotensin-converting enzyme inhibitors in cardiac and vascular protection. Circulation
1994;90:2056-69.
2. Yusuf S, Pepine CJ, Garces C, Pouleur H, Salem D, Kostis J, Benedict C, Rousseau M,
Bourassa M, Pitt B. Effect of enalapril on myocardial infarction and unstable angina in
patients with low ejection fractions. Lancet 1992;340:1173-8.
3. Pfeffer MA, Braunwald E, Moyé LA, Basta L, Brown EJ, Cuddy TE, Davis BR, Geltman
EM, Goldman S, Flaker GC. Effect of captopril on mortality and morbidity in patients with
left ventricular dysfunction after myocardial infarction. Results of the survival and ventricular
enlargement trial. The SAVE Investigators. N Engl J Med 1992;327:669-77.
4. López-Sendón J, Swedberg K, McMurray J, Tamargo J, Maggioni AP, Dargie H, Tendera
M, Waagstein F, Kjekshus J, Lechat P, Torp-Pedersen C. Expert consensus document on
angiotensin converting enzyme inhibitors in cardiovascular disease. The Task Force on ACEinhibitors of the European Society of Cardiology. Eur Heart J 2004;25:1454-70.
5. Fox KM. Efficacy of perindopril in reduction of cardiovascular events among patients with
stable coronary artery disease: randomised, double-blind, placebo-controlled, multicentre
trial (the EUROPA study). Lancet 2003;362:782-8.
6. Brugts JJ, Ninomiya T, Boersma E, Remme WJ, Bertrand M, Ferrari R, Fox K, MacMahon
S, Chalmers J, Simoons ML. The consistency of the treatment effect of an ACE-inhibitor
based treatment regimen in patients with vascular disease or high risk of vascular disease: a
combined analysis of individual data of ADVANCE, EUROPA, and PROGRESS trials. Eur
Heart J 2009;30:1385-94.
7. Deckers JW, Goedhart DM, Boersma E, Briggs A, Bertrand M, Ferrari R, Remme WJ, Fox
K, Simoons ML. Treatment benefit by perindopril in patients with stable coronary artery
disease at different levels of risk. Eur Heart J 2006;27:796-801.
8. Brugts JJ, Isaacs A, Boersma E, van Duijn CM, Uitterlinden AG, Remme W, Bertrand
M, Ninomiya T, Ceconi C, Chalmers J, MacMahon S, Fox K, Ferrari R, Witteman JCM,
Danser aHJ, et al. Genetic determinants of treatment benefit of the angiotensin-converting
enzyme-inhibitor perindopril in patients with stable coronary artery disease. Eur Heart J
2010;31:1854-64.
9. Dorresteijn JAN, Boekholdt SM, van der Graaf Y, Kastelein JJP, Larosa JC, Pedersen TR,
Demicco Da, Ridker PM, Cook NR, Visseren FLJ. High-dose statin therapy in patients with
stable coronary artery disease: treating the right patients based on individualized prediction
of treatment effect. Circulation 2013;127:2485-93.
10. Dorresteijn JAN, Visseren FLJ, Ridker PM, Paynter NP, Wassink AMJ, Buring JE, van
der Graaf Y, Cook NR. Aspirin for primary prevention of vascular events in women:
individualized prediction of treatment effects. Eur Heart J 2011:2962-2969.
11. Dorresteijn JAN, Visseren FLJ, Ridker PM, Wassink AMJ, Paynter NP, Steyerberg EW, van
der Graaf Y, Cook NR. Estimating treatment effects for individual patients based on the
results of randomised clinical trials. BMJ 2011;343:d5888.
12. van der Leeuw J, Ridker PM, van der Graaf Y, Visseren FLJ. Personalized cardiovascular
disease prevention by applying individualized prediction of treatment effects. Eur Heart J
2014;35(13):837-43.
13. van Dieren S, Kengne AP, Chalmers J, Beulens JWJ, Cooper ME, Grobbee DE, Harrap S,

69

70

Chapter 4

Mancia G, Neal B, Patel A, Poulter N, van der Schouw YT, Woodward M, Zoungas S. Effects
of blood pressure lowering on cardiovascular outcomes in different cardiovascular risk groups
among participants with type 2 diabetes. Diabetes Res Clin Pract 2012;98:83-90.
14. Sussman J, Vijan S, Hayward R. Using Benefit-Based Tailored Treatment to Improve the Use
of Antihypertensive Medications. Circulation 2013:2309-2317.
15. Jackson R, Lawes CMM, Bennett DA, Milne RJ, Rodgers A. Treatment with drugs to lower
blood pressure and blood cholesterol based on an individual’s absolute cardiovascular risk.
Lancet 2005;365:434-41.
16. Brugts JJ, de Maat MPM, Boersma E, Witteman JCM, van Duijn C, Uitterlinden aG,
Bertrand M, Remme W, Fox K, Ferrari R, Danser aHJ, Simoons ML. The rationale and
design of the PERindopril GENEtic association study (PERGENE): a pharmacogenetic
analysis of angiotensin-converting enzyme inhibitor therapy in patients with stable coronary
artery disease. Cardiovasc Drugs Ther 2009;23:171-81.
17. Gomma AH, Fox KM. The EUROPA trial: design, baseline demography and status of the
substudies. Cardiovasc Drugs Ther 2001;15:169-79.
18. Brugts JJ, den Uil Ca, Danser aHJ, Boersma E. The renin-angiotensin-aldosterone system:
approaches to guide angiotensin-converting enzyme inhibition in patients with coronary
artery disease. Cardiology 2009;112:303-12.
19. Dorresteijn JAN, Visseren FLJ, Wassink AMJ, Gondrie MJa, Steyerberg EW, Ridker PM,
Cook NR, van der Graaf Y. Development and validation of a prediction rule for recurrent
vascular events based on a cohort study of patients with arterial disease: the SMART risk
score. Heart 2013;99:866-72.
20. Levey AS, Stevens LA, Schmid CH, Zhang YL, Castro AF, Feldman HI, Kusek JW, Eggers P,
Van Lente F, Greene T, Coresh J. A new equation to estimate glomerular filtration rate. Ann
Intern Med 2009;150:604-12.
21. Steyerberg EW. Clinical prediction models: a practical approach to development, validation,
and updating. New York, USA: Springer; 2009.
22. Harrell FE, Lee KL, Mark DB. Multivariable prognostic models: issues in developing
models, evaluating assumptions and adequacy, and measuring and reducing errors. Stat Med
1996;15:361-87.
23. Tibshirani R. The lasso method for variable selection in the Cox model. Stat Med
1997;16:385-95.
24. Goeman JJ. L1 penalized estimation in the Cox proportional hazards model. Biometrical
journal. Biometrische Zeitschrift 2010;52:70-84.
25. Kent DM, Rothwell PM, Ioannidis JPA, Altman DG, Hayward RA. Assessing and reporting
heterogeneity in treatment effects in clinical trials: a proposal. Trials 2010;11:85.
26. Donders aRT, van der Heijden GJMG, Stijnen T, Moons KGM. Review: a gentle introduction
to imputation of missing values. J Clin Epidemiol 2006;59:1087-91.
27. Grønnesby JK, Borgan O. A method for checking regression models in survival analysis
based on the risk score. Lifetime Data Anal 1996;2:315-28.
28. May S, Hosmer DW. A simplified method of calculating an overall goodness-of-fit test for
the Cox proportional hazards model. Lifetime Data Anal 1998;4:109-20.
29. Vickers AJ, Kattan MW, Daniel S. Method for evaluating prediction models that apply the
results of randomized trials to individual patients. Trials 2007;8:14.
30. Smith SC, Benjamin EJ, Bonow RO, Braun LT, Creager Ma, Franklin Ba, Gibbons RJ,

Individual effects of ACE-inhibition

Grundy SM, Hiratzka LF, Jones DW, Lloyd-Jones DM, Minissian M, Mosca L, Peterson
ED, Sacco RL, et al. AHA/ACCF Secondary Prevention and Risk Reduction Therapy for
Patients with Coronary and other Atherosclerotic Vascular Disease: 2011 update: a guideline
from the American Heart Association and American College of Cardiology Foundation.
Circulation 2011;124:2458-73.
31. Montalescot G, Sechtem U, Achenbach S, Andreotti F, Arden C, Budaj A, Bugiardini R,
Crea F, Cuisset T, Di Mario C, Ferreira JR, Gersh BJ, Gitt AK, Hulot J-S, Marx N, et al.
2013 ESC guidelines on the management of stable coronary artery disease: The Task Force
on the management of stable coronary artery disease of the European Society of Cardiology.
Eur Heart J 2013;34:2949-3003.
32. Yusuf S, Sleight P, Pogue J, Bosch J, Davies R, Dagenais G. Effects of an angiotensinconverting-enzyme inhibitor, ramipril, on cardiovascular events in high-risk patients. The
Heart Outcomes Prevention Evaluation Study Investigators. N Engl J Med 2000;342:14553.
33. The SOLVD Investigators. Effect of enalapril on survival in patients with reduced left
ventricular ejection fractions and congestive heart failure. N Engl J Med 1991;325:293-302.
34. Wu H, Roks AJM, Leijten FPJ, Garrelds IM, Musterd-Bhaggoe UM, van den Bogaerdt
AJ, de Maat MPM, Simoons ML, Danser AHJ, Oeseburg H. Genetic variation and gender
determine bradykinin type 1 receptor responses in human tissue: implications for the ACEinhibitor-induced effects in patients with coronary artery disease. Clin Sci 2014;126:441-9.
35. Kattan MW. Doc, what are my chances? A conversation about prognostic uncertainty. Eur
Urol 2011;59:224.

71

5

Predicting individual effects of
intensive glycaemic control on the risk
of a major vascular event and severe
hypoglycaemia for patients with type 2
diabetes

J. van der Leeuw
F.L.J. Visseren
M. Woodward
Y. van der Graaf
D.E. Grobbee
S. Zoungas
J. Chalmers
Manuscript draft

74

Chapter 5

abstract
Aim: Intensive glycaemic control reduces the risk of a major vascular event while increasing the
risk of severe hypoglycaemia. Individual patients have different chances of benefits and risks of
treatment. We sought to predict individual beneficial and adverse effects of intensive glycaemic
control in a large clinical trial in type 2 diabetes.
Methods: In ADVANCE participants, we estimated the individual 5-year absolute risk reduction
(ARR) of the composite outcome of major micro- and macrovascular events and the absolute
risk increase (ARI) of severe hypoglycaemia with intensive compared to standard glycaemic
control. Predictions were based on competing risks models inclusive of demographic and
clinical characteristics together with randomized treatment allocation. The group level impact of
selectively treating patients with positive net effect was compared to treating everyone.
Results: 78% of patients had a large (≥1%) estimated 5-year ARR of major vascular events
(number-needed-to-benefit [NNTB5] ≤100) and 1% had a small (≤0.5%) estimated ARR
(NNTB5 ≥200). Similarly, 36% of patients had a large estimated ARI of severe hypoglycaemia
(number-needed-to-harm [NNTH5] ≤100) and 28% had a small estimated ARI (NNTH5
≥200). When assigning half or equal weight to severe hypoglycaemia, the net benefit was positive
in 99% or 85% of patients, respectively. Restricting intensive treatment to this 85% patient
subgroup increased the observed 5-year risk of major vascular events by 0.1% [95%CI -3.9–4.1]
and decreased the risk of severe hypoglycaemia by 0.6% [95%CI -1.3–2.5] compared to treating
everyone.
Conclusions: Multivariable treatment algorithms can quantify the anticipated individual
patient’s effect of intensive glycaemic control on major vascular events and severe hypoglycaemia.
The predicted net benefit was positive in the majority of patients, depending on the individual
weight assigned to positive and adverse effects of treatment.
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introduction
Type 2 diabetes mellitus (T2DM) is a growing worldwide health problem, with an estimated
439 million people living with diabetes in 20301, 2. Observational studies showed a close
relationship between hyperglycaemia and the risk of vascular complications3, 4. Subsequently,
randomized trials demonstrated beneficial effects of intensive glycaemic control on the incidence
of microvascular diseases, such as retinopathy and nephropathy5, 6. Beneficial effects on the risk
of macrovascular events were modest in the short and medium term and may take more time
to accrue7-9. However, intensive glucose control is also associated with disadvantages, such as
the approximately doubled risk of severe hypoglycaemia6, 10. Severe hypoglycaemia is, in turn,
associated with a nearly 3-fold increased risk of premature death, although this association may
not be causal11. Yet, the increased risk of death with intensive glycaemic control observed in
the ACCORD trial has fuelled debate about whom to treat, and to what glycaemic target12.
Current guidelines recommend a patient-centred approach, with consideration of the patient’s
risk of hypoglycaemia, but offer few tools to identify patients for whom a stricter glycaemic
target is likely to be worthwhile13, 14. Indeed, individual patients will have different chances to
benefit from treatment and to experience the negative effects of treatment. For example, the
anticipated risk reduction of vascular complications by intensive glycaemic control for individual
patients depends on the pretreatment risk of vascular events15. Similarly, the susceptibility to
severe hypoglycaemia is variable and patients will be affected by treatment differently11. For some
individuals the disadvantages of targeting lower glucose levels might offset treatment benefits16.
In the present study we aim to predict beneficial and adverse effects of intensive glucose
management for individual patients with T2DM, in terms of absolute risk reduction of major
vascular events and risk increase of severe hypoglycaemia, in participants from the ADVANCE
trial. Individualized estimates of net treatment effect can be used to inform treatment decisions
for individual T2DM patients in clinical practice.

methods
The design, rationale and outcomes of the ADVANCE (Action in Diabetes and Vascular Disease:
Preterax and Diamicron MR Controlled Evaluation) trial have been described elsewhere17, 18.
Briefly, the ADVANCE study was a factorial randomized controlled trial evaluating the effect
of intensive glycaemic control and routine blood pressure (BP)-lowering in patients diagnosed
with T2DM and aged 55 years or older from 215 collaborating centres in 20 countries from
Asia, Australasia, Europe and North America. Eligible patients needed to have a history of
macrovascular or microvascular disease or at least one risk factor. There were no HbA1c or BP
criteria for inclusion. Intensive glucose control was defined as the use of gliclazide (modified
release) plus other drugs, as required, to achieve a glycated haemoglobin value of 6.5% or less.
The endpoints considered in the current study were major vascular events - a composite of microand macrovascular events - and severe hypoglycaemia. Macrovascular events were defined as
death from cardiovascular causes, myocardial infarction or stroke. Microvascular events were
define as new or worsening nephropathy (i.e. development of macroalbuminuria, defined as
urinary albumin/creatinine ratio [UACR] >300 μg/mg, or doubling of serum creatinine to
at least 200 mmol/l, the need for renal replacement therapy or death due to renal disease) or
retinopathy (i.e. development of proliferative retinopathy, macular edema or diabetes-related
blindness or the use of retinal photocoagulation therapy). Hypoglycaemia was defined as a blood
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glucose level of less than 2.8 mmol per litre or the presence of typical symptoms and signs of
hypoglycaemia without other apparent cause. Patients with transient dysfunction of the central
nervous system who were unable to treat themselves (requiring help from another person) were
considered to have severe hypoglycaemia. An independent end point adjudication committee,
unaware of the group assignments, reviewed source documentation for all suspected primary
endpoints and death. Data were missing in 4.5% of participants for UACR and in <1% for all
other covariables. Missing data were reduced by single imputation methods using predictive
mean matching19. Approval for the trial was obtained from the institutional ethics committee of
each centre and all participants provided written informed consent.

Model derivation
We developed two distinct Fine and Gray competing risks models for the prediction of major
vascular events and severe hypoglycaemia based on a set of demographic and clinical characteristics
together with treatment status (standard vs. intensive treatment)20. Non-cardiovascular death
and death from any cause were considered as competing events respectively. The prespecified
predictors were: sex, age, diabetes duration, untreated and treated systolic BP, randomized BPlowering allocation, current smoking, HbA1c, non-HDL cholesterol, waist circumference,
UACR, estimated glomerular filtration rate (eGFR), history of macrovascular disease, history
of microvascular disease, geographical region, educational attainment and treatment status.
eGFR was calculated by the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI)
equation21. Participants were classified into three regions of origin: Asia, established market
economies and Eastern Europe22. Educational attainment was defined according to age at
completion of the highest level of formal education and categorized as lesser (age ≤15 years,
approximate corresponding to age of completion of junior high school education in most regions)
or greater (age ≥16 years). Potential interactions between treatment and baseline risk and baseline
HbA1c levels were considered for each outcome23. Restricted cubic splines were used to assess
the linearity assumption for continuous predictors24, 25. As a result, eGFR was included both as
a linear and squared term and UACR was natural log transformed. First, treatment interactions
with a conditional likelihood ratio p-value of >0.05 were removed from the starting models.
Next, the models were further simplified by stepwise backward selection based on Akaike’s
Information Criterion (AIC).
The final models were used to calculate the risk of major vascular events and severe
hypoglycaemia, with and without treatment, for every participant by fixing the treatment variable
to standard and to intensive treatment, respectively. The difference was the individual patient’s
absolute risk reduction or increase (ARR or ARI), also expressed as 5-year number-needed-totreat for one additional patient to benefit (NNTB) or be harmed (NNTH)26. The model was
fitted for the prediction of 5-year (median follow-up) risk.
Given the concern of an excess risk of death within 5 years with intensive glucose control,
complementary analyses encompassed the development of a prediction model for the risk of
death from any cause with and without intensive glycaemic control. Treatment interactions with
HbA1c and baseline mortality risk, as a proxy of patient frailty, were also considered.

Assessment of model performance & internal validation
Calibration was assessed by plotting the observed 5-year cumulative incidence against the average
predicted 5-year event risk within groups defined by the deciles of predicted risk. Discrimination
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was assessed at 5-years by the c-statistic accounting for right censoring27. Statistical models are
known to perform optimistically in the data from which they are derived. Therefore, we assessed
the amount of over-optimism by 100-fold bootstrap resampling and a shrinkage factor was
derived to uniformly shrink the model coefficients28. Similarly, an optimism-corrected c-statistic
was obtained by training the model in 1000 bootstrap samples and assessing the model in
observations that were not in the bootstrap sets25.

Distribution of individual treatment effect and net effect
The distributions of estimated individual patient 5-year ARR of major vascular events and 5-year
ARI of severe hypoglycaemia were displayed in histograms. Net effect was calculated as the
difference between ARR and ARI for individual patients when assuming either half or equal
weight for severe hypoglycaemia. Further, we displayed the effects of treatment within four
groups defined by the quartiles of estimated ARR of vascular events and by the quartiles of ARI
of severe hypoglycaemia. Next, we evaluated whether treatment strategies based on predicted
treatment effects could result in a more favourable trade-off between the reduction of major
vascular events, increase in severe hypoglycaemia and number of patients treated, compared to
treating everyone. The first prediction-based strategy consisted of selective treatment of patients
with larger estimated benefits than harms based on the prediction algorithms. Hereto, we
selected patients with a positive predicted net effect from the intervention group and patients
with a null or negative predicted net effect from the control group. Incidence rates in this newly
assembled group were compared to incidence rates in the standard glucose control arm (reference
population). The second prediction-based strategy consisted of selective treatment of patients in
the lowest three quarters of ARI of severe hypoglycaemia. Statistical analyses were conducted in
R, version 3.0.3 (R Development Core Team, Vienna, Austria).
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Table 1. Baseline characteristics of the ADVANCE population.
Characteristic

Total population (n=11,140)

Female, n(%)

4733 (43)

Age (years)

66 (6)

a

Duration of diabetes (years)

8 (6)

History of microvascular disease, n(%)

1155 (10)

History of macrovascular disease, n(%)

3421 (32)

a

Region
Established market economies, n(%)

4862 (44)

Eastern Europe, n(%)

2142 (19)

Asia, n(%)

4136 (37)

Blood glucose control
Fasting blood glucose (mmol/L)a

8.5 (2.8)

Serum haemoglobulin A1c concentration (%)a

7.5 (1.6)

Other risk factors
Systolic blood pressure (mmHg)a

145 (22)

Diastolic blood pressure (mmHg)a

81 (11)

History of treated hypertension, n(%)

7655 (69)

Non HDL-cholesterol (mmol/L)a

3.9 (1.1)

Triglycerides (mmol/L)b

1.6 (1.2 - 2.3)

Urinary albumin:creatinine ratio (μg/mg)b

15 (7 - 40)

eGFR (mL/min/1.73m2)b

75 (62 - 89)

Current smoking, n(%)

1682 (15)

Waist circumference (cm)a

99 (13)

Educational attainment (age <15 y at completion)

a

a
b

7121 (64)

mean ± standard deviation;
median with interquartile range; eGFR: estimated glomerular filtration rate by
CKD-EPI formula; HDL: high density lipoprotein.
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Table 2. Details of the final Fine and Gray competing risks proportional hazards
model for the prediction of major vascular events.
S0 (5) = 0.83632
Variable

Coefficient¶ sHR

95% CI

p-value

Glucose treatment allocation (intensive vs.
standard)
Sex (women vs men)

-0.0994

0.90

0.83

- 0.99

0.021

-0.3536

0.70

0.63

- 0.77

0.000

Age (per 1 year)

0.0100

1.01

1.00

- 1.02

0.009

Duration of diabetes (per 1 year)
Systolic blood pressure if untreated (per 1
mmHg)
Systolic blood pressure if treated (per 1 mmHg)

0.0280

1.03

1.02

- 1.04

0.000

0.0039

1.00

1.00

- 1.01

0.000

0.0050

1.01

1.00

- 1.01

0.000

Non HDL cholesterol (per 1 mmol/L)

0.0429

1.05

1.01

- 1.09

0.022

HbA1c (per 1% )

0.1189

1.13

1.10

- 1.16

0.000

UACR (per 1 log μg/mg)

0.1625

1.18

1.14

- 1.22

0.000

eGFR (per 1 ml/min increase)

-0.0255

0.97

0.96

- 0.99

0.000

eGFR squared (per 1 squared ml/min)

0.0001

1.00

1.00

- 1.00

0.010

Smoking (current vs. never or former)

0.0034

1.00

0.88

- 1.14

0.960

History of microvascular disease (yes vs no)

0.4744

1.62

1.42

- 1.86

0.000

History of macrovascular disease (yes vs no)
Educational attainment (>15y at completion of
education)
Region

0.3182

1.38

1.27

- 1.51

0.000

-0.2308

0.79

0.72

- 0.87

0.000

Eastern Europa

0.0344

1.04

0.90

- 1.19

0.610

Asia

0.2924

1.35

1.22

- 1.50

0.000

-0.0825

0.92

0.84

- 1.00

0.055

BP treatment allocation (perindopril/
indapamide vs. placebo)

S 0 (5)= 5-year baseline survival, sHR: subdistribution hazard ratio, HDL: high
density lipoprotein, UACR: urinary albumin:creatinine ratio, eGFR: estimated
glomerular filtration rate (CKD-EPI equation). ¶ Coefficients were penalized
by a shrinkage factor of 0.979 to increase external validity, whereas unbiased
HRs and statistics were derived from an unpenalized Fine and Gray model.
5-year major vascular event risk (%) = (1 - S 0 (5) exp(A-1.70152) ) x 100%. A is the sum,
over all variables in the model, of the patient’s specific value times the corresponding
coefficient.
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Table 3. Details of the final Fine and Gray competing risks proportional hazards
model for the prediction of severe hypoglycaemia.
S0 (5) = 0.98432
Variable
Glucose treatment allocation (intensive vs.
standard)
Age (per 1 year)

Coefficient¶

sHR

95% CI

p-value

-0.6662

0.47

0.12

-

1.89

0.290

0.0242

1.03

1.01

-

1.05

0.015

Duration of diabetes (per 1 year)

0.0279

1.03

1.01

-

1.05

0.002

HbA1c (per 1% )
HbA1c if on intensive glucose control (per
1% )
eGFR (per 1 ml/min increase)

-0.0592

0.94

0.79

-

1.10

0.430

0.1608

1.20

1.00

-

1.43

0.050

-0.0251

0.97

0.94

-

1.00

0.087

eGFR squared (per 1 squared ml/min)

0.0001

1.00

1.00

-

1.00

0.490

History of microvascular disease (yes vs no)

0.6050

1.97

1.41

-

2.74

0.000

Waist circumference (per 1 cm)
Educational attainment (>15y at completion
of education)
Region

-0.0136

0.98

0.97

-

1.00

0.020

-0.3187

0.70

0.53

-

0.92

0.010

Eastern Europa

-0.6957

0.46

0.29

-

0.73

0.001

Asia

-0.0923

0.90

0.64

-

1.28

0.560

0.1903

1.24

0.94

-

1.62

0.120

BP treatment allocation (perindopril/
indapamide vs. placebo)

S 0 (5)= 5-year baseline survival, sHR: subdistribution hazard ratio, AC
ratio: urinary albumin:creatinine ratio, eGFR: estimated glomerular
filtration rate (CKD-EPI equation).
¶ Coefficients were penalized by a
shrinkage factor of 0.895 to increase external validity, whereas unbiased
HRs and statistics were derived from an unpenalized Fine and Gray model.
5-year severe hypoglycemia risk (%) = (1 - S 0 (5) exp(A+1.34281) ) x 100%. A is the sum,
over all variables in the model, of the patient’s specific value times the corresponding
coefficient.

results
Model derivation & performance
Baseline characteristics of the ADVANCE participants are shown in Table 1. During a median
follow-up of 5.0 years, 2125 major micro- and macrovascular events and 399 non-cardiovascular
deaths occurred. The final algorithm contained sixteen variables and the shrinkage factor for
model coefficients was 0.979 (Table 2). Interactions between intensive treatment and the baseline
risk of major vascular events and HbA1c level were not significant (p-values >0.5). The risk score
showed good calibration (Figure 1) and moderate discrimination with an optimism-corrected
c-statistic of 0.69 [95%CI 0.67–0.70].
During follow-up, 231 severe hypoglycaemia episodes and 986 deaths occurred. The final
algorithm for this outcome contained eleven variables and the shrinkage factor for model
coefficients was 0.895 (Table 3). The interaction between treatment and the baseline risk of
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hypoglycaemia was not significant (p-value=0.7). By contrast, the interaction with baseline
HbA1c indicated significantly (p-value=0.05) higher risks of hypoglycaemia across increasing
levels of HbA1c with intensive glycaemic control (Supplement Figure 1). Model calibration
(Figure 1) was good and discrimination was moderate with an optimism-corrected c-statistic of
0.69 [95%CI 0.66–0.72].
A complementary model for risk of death was developed based on 1031 deaths from any
cause that occurred during follow-up (Supplement table 1). The shrinkage factor was 0.974 and
treatment interactions with baseline risk and HbA1c were not significant (p-values >0.3). The
risk score showed good calibration (Supplement Figure 2) and moderate discrimination with an
optimism-corrected c-statistic of 0.72 [95%CI 0.71–0.74].

Distribution of treatment effects
The overall 5-year ARR of major vascular events was 1.3% (NNTB5=74) and the overall ARI
of severe hypoglycaemia was 1.1% (NNTH5=87). Using the individual prediction algorithm,
78% of ADVANCE participants had a large estimated 5-year ARR of major vascular events
of ≥1% (NNTB5 ≤100) and 1% of participants had a small ARR of ≤0.5% (NNTB5 ≥200).
The proportion of patients with an intermediate ARR of 0.5-1% (NNTB5 100-200) was 22%
(Figure 2). With respect to the effect of intensive glycaemic control on severe hypoglycaemia,
36% of participants had a large predicted ARI of ≥1% (NNTH5 ≤100), whereas 28% had a small
predicted ARI of ≤0.5% (NNTH5 ≥200). The proportion of patients with an intermediate ARI
of 0.5-1% (NNTH5 100-200) was 36% (Figure 2). Altogether, 99% or 85% of patients had a
positive net effect of treatment when assigning half or equal the weight to severe hypoglycaemia
(Figure 2).

Group level effects and clinical implications
There was a gradual increase in the predicted 5-year ARR across increasing the quarters of
treatment effect for major vascular events and a similar upward trend in the predicted ARI
for severe hypoglycaemia (Figure 3). When groups were based on quartiles of ARI of severe
hypoglycaemia, the net effect was positive in the lowest three quarters if an equal weighing
of positive and negative effects was applied. Intensive glycaemic control showed a reduction
in risk of death across all quarters. The observed group level effects of treating patients with
larger estimated beneficial than harmful effects and selective treatment of patients with the
lowest excess risk of severe hypoglycaemia are shown in Figure 4. The first prediction-based
strategy encompassed treatment of 85% with a net positive effect, which was associated with a
small increase of 0.1% [95%CI -3.9–4.1] in the incidence of major vascular events compared to
treating everyone. However, the incidence of severe hypoglycaemia simultaneously decreased by
0.6% [95%CI -1.3–2.5]. Selective treatment of the 75% of patients with the lowest risk of severe
hypoglycaemia increased the incidence of major vascular events by 0.4% [95%CI -3.1–3.9]
and decreased the incidence of severe hypoglycaemia by 0.7% [95%CI -0.7–2.1] compared to
treating everyone.
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Figure 1. Calibration plot. Predicted versus observed 5 year risk of major vascular
events (upper) and risk of severe hypoglycaemia (lower) in ADVANCE participants.
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Figure 2. Distribution of 5-year individual patient treatment effects of intensive
glucose control. Absolute risk reduction (ARR) of major vascular events (upper left),
absolute risk increase (ARI) of severe hypoglycaemia (upper right) and net treatment
effect assigning equal weight (lower left) or half the weight to severe hypoglycaemia
(lower right). NNTB: number-needed-to-benefit, NNTH: number-needed-to-harm.
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ARR of death
ARI of severe hypoglycaemia
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0%
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Q3
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Quarters of ARI of severe hypoglycaemia
Figure 3. Predicted treatment effects of intensive glucose control in quarters. 5-year
absolute risk reduction (ARR ± 95%CI) of major vascular events and death and
absolute risk increase (ARI ± 95%CI) of severe hypoglycaemia across groups defined
by the quartiles of estimated treatment effect on major vascular events (top) and by
the quartiles of estimated treatment effect on severe hypoglycaemia (bottom).

Individual effects of intensive glycaemic control

6%

ARR of major vascular events
ARI of severe hypoglycaemia

4%
2%
0%
-2%

Treat all

Prediction-based*

Q1-Q3**

Treatment strategy
Figure 4. Group-level effects of different treatment strategies. Observed 5-year effect
on the incidence of major vascular events (ARR ± 95%CI) and observed 5-year effect
on the incidence of severe hypoglycaemia (ARI ± 95%CI) compared to treat no one.
*Selection of patients with a positive predicted net effect from the intervention
group and patients with a null or negative predicted net effect from the control
group. **Selection of patients who are in the lowest three quarters of excess risk of
severe hypoglycaemia from the intervention group and patients in the highest quarter
of excess risk from the control group.

discussion
The present analysis from the ADVANCE trial demonstrates that treatment algorithms can be
used to quantify the individual effects of intensive versus standard glycaemic control in terms
of risk reduction of major vascular events and risk increase of severe hypoglycaemia in patients
with T2DM. The predicted net benefit was positive in the majority of patients, depending on the
individual weight assigned to positive and adverse effects of treatment.
The ADVANCE trial was designed to evaluate the efficacy of a gliclazide-based intensive
glucose control in a broad sample of patients with T2DM. A strategy of intensive treatment
yielded an overall 10% relative risk reduction of the primary composite outcome of major
macrovascular and microvascular events. The effect was largely driven by a reduction in renal
events of 21% whereas the reduction in major cardiovascular events was only 6%29. However,
meta-analyses substantiate the claim that intensive glycaemic control provides modest but
significant protection from macrovascular disease and the effect might increase in the long
run7, 8. At the same time, intensive glycaemic control was associated with a more than doubled
risk of severe hypoglycaemia6, although the average incidence was lower compared with other
similar trials. A recent Cochrane review summarized absolute effects of intensive treatment
and showed that the average 5-year NNTB ranged from 32 to 142 for microalbuminuria and
from 117 to 150 for myocardial infarction. In addition, the average NNTH ranged from 15
and 52 for intensive glycaemic control6. However, these estimates of beneficial and harmful
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Box 1. Predicted 5-year absolute risk reduction (ARR) of major vascular events and
absolute risk increase (ARI) of severe hypoglycaemia with intensive glycaemic control for
a specific ADVANCE participant
A 62 year old male patient from an established market economies country who has been
diagnosed with diabetes for 7 years, has a history of macrovascular disease, an HbA1c of
6.7%, a treated BP of 158/93 mmHg, a non-HDL cholesterol of 3.8 mmol/L, an eGFR of
79 ml/min and an UACR of 42 μg/mg.
à 5-year ARR of major vascular events is 2.0% (individual NNTB5= 50)
à 5-year ARI of severe hypoglycaemia is 0.5% (individual NNTH5=200)
effects are averages of entire study populations and are not informative of the individual patient’s
treatment effect15. Therefore, the latest joint statement of the American Diabetes Association/
European Association for the Study of Diabetes stressed the importance of a patient-centred
approach including the consideration disease duration, history of macrovascular disease and an
individual’s hypoglycaemia risk30.
The present study aimed to provide further detail on
potential benefits of treatment for individual patients. We showed that prediction models based
on multiple clinical and demographic characteristics could quantify estimated beneficial effects
on risk of major vascular outcomes and adverse effects on risk of severe hypoglycaemia. The
graphical presentation of treatment effects across quartiles of risk reduction of major vascular
events showed that patients who could anticipate the largest benefits were also those who could
expect the largest excess risk of severe hypoglycaemia. This resulted from the presence of shared
risk factors for both vascular events and hypoglycaemia such as age, duration of diabetes and
eGFR. On the other hand, both outcomes also had unique risk factors yielding variation in net
treatment effect. Isolated consideration of risk of hypoglycaemia is therefore insufficient and
might result in withholding intensive treatment while beneficial effects could nonetheless be
large.
Further, treatment decisions depend on the relative appraisal of beneficial and adverse
treatment effects. The present analysis indicated that the vast majority (85%) of patients derived
net benefit of intensive glycaemic control when positive and negative effects were assumed to be
equally important. However, the comparison of severe glycaemic episodes in terms of clinical
importance and relevance with, for example, the prevention of end stage renal disease is difficult.
When the weight for severe hypoglycaemia was halved, virtually all patients (99%) derived net
benefit. Any further depreciation of severe hypoglycaemia would result in positive and larger
estimated net effect for every patient. The treatment strategy aimed at treating patients with
a positive predicted net effect resulted in a small increase in incidence of vascular events while
reducing the incidence of severe hypoglycaemia. However, differences in risk reduction and risk
increase were non-significant. Together with the large proportion of patients with a positive net
effect, a treat all strategy might be justified based on this analysis. Still, providing patients with
separate estimates of positive and negative effects could be useful to engage patients in shareddecision making by facilitating an individual appraisal of risks and benefits of treatment (Box 1).
Ideally, this individualized assessment of the effects of intensive glycaemic control would be part
of a personalized strategy to manage all cardiovascular risk factors31, 32.

Individual effects of intensive glycaemic control

To minimize the excess risk of severe hyperglycaemia when targeting lower glycaemic
thresholds, the consideration of baseline HbA1c might be helpful. In the current study we found
a different relation between baseline HbA1c level and risk of hypoglycaemia for patients receiving
standard compared to intensive treatment. In patients receiving intensive glycaemic control, risk
of severe hypoglycaemia increased across higher levels of HbA1c whereas risk slightly decreased
in patients receiving standard glycaemic control. This could represent the use of more aggressive
glucose lowering strategies, including a more frequent use of insulin, to achieve the lower
glycaemic target in the intensive treatment group. From a clinical perspective, these findings call
for additional caution when targeting lower glycaemic targets in patients with type 2 diabetes
with higher levels of HbA1c. For these patients, a slower rate of HbA1c reduction might be
prudent to minimize risk of hypoglycaemia while still achieving the beneficial lower glycaemic
target33.
In addition, we showed that intensive glycaemic control was associated with a reduced risk
of death from any cause in all four quartiles of excess risk of hypoglycaemia. Notably, the relative
risk reduction of death with intensive treatment was similar across different levels of mortality
risk as evaluated by continuous interaction terms between treatment and risk23, 34. Also, an
interaction of intensive treatment with HbA1c on risk of death as reported in a post-hoc analysis
of the ACCORD trial was not significant in this study35. Hence, the present analyses didn’t find
any evidence of excess risk of death with intensive treatment, not even for the potentially most
vulnerable patients at highest risk of death.
Some limitations need to be considered. First, follow-up data were only available for a
median of 5.0 years while treatment is often continued for a lifelong period. Nevertheless, 5 years
is clinically meaningful period and re-evaluation of risk and benefits of treatment after 5 years
seems plausible. Further, the present comparison focussed on the major beneficial and adverse
effects of treatment. Effects on weight change were not incorporated, yet earlier concerns about
weight gain were largely refuted for the gradual gliclazide-based regime used in ADVANCE36.
Also, effects on mild hypoglycaemia were not incorporated as symptoms such as palpitations,
tremor, hunger or sweating may cause distress but probably pose no direct harm37. Third, the
analyses and predictions apply to those patients who are eligible for inclusion. Although the
ADVANCE study included a broad range of patients, participants had at least one additional
cardiovascular risk factor in addition to T2DM as is frequently encountered in clinical practice.
Fourth, prediction models are likely to perform optimistically in samples from which they were
derived24. Therefore, we evaluated the amount of over-optimism and provided adjusted effect
estimates and performance measures. Ideally, the predictive performance of the newly derived
algorithms should be tested in an independent study evaluating a similar intervention such as the
ACCORD trial12.
In conclusion, the individual effect of intensive glycaemic control for patients with T2DM
in terms of risk reduction of major vascular events and risk increase of severe hypoglycaemia can
be quantified using multivariable prediction algorithms. The predicted net benefit was positive
in the majority of patients, depending on the individual weight assigned to positive and adverse
effects of treatment.
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suPPlement
Supplement Table 1. Details of the final Cox proportional hazards model for the
prediction of death from any cause.
S0 (5) = 0.93045
Variable

Coefficient¶

sHR

95% CI

Glucose treatment allocation (intensive vs.
standard)

-0.0538

0.95

0.74

- 1.07

0.388

Sex (women vs men)

-0.6061

0.55

0.47

- 0.63

0.000

Age (per 1 year)

0.0749

1.08

1.07

- 1.09

0.000

Duration of diabetes (per 1 year)

0.0202

1.02

1.01

- 1.03

0.000

Systolic blood pressure if treated (per 1 mmHg) 0.0009

1.00

1.00

- 1.00

0.066

Non HDL cholesterol (per 1 mmol/L)

0.0694

1.07

1.01

- 1.13

0.013

HbA1c (per 1% )

0.0921

1.10

1.06

- 1.14

0.000

UACR (per 1 log μg/mg)

0.1429

1.15

1.10

- 1.21

0.000

eGFR (per 1 ml/min increase)

-0.0321

0.97

0.95

- 0.99

0.001

eGFR squared (per 1 squared ml/min)

0.0002

1.00

1.00

- 1.00

0.018

Smoking (current vs. never or former)

0.3081

1.36

1.14

- 1.62

0.001

History of microvascular disease (yes vs no)

0.3575

1.43

1.20

- 1.70

0.000

History of macrovascular disease (yes vs no)
Educational attainment (>15y at completion of
education)
Region

0.3778

1.46

1.29

- 1.66

0.000

-0.3537

0.70

0.62

- 0.80

0.000

Eastern Europa

0.4307

1.54

1.30

- 1.82

0.000

Asia

0.0571

1.06

0.91

- 1.23

0.467

-0.1059

0.90

0.80

- 1.02

0.090

BP treatment allocation (perindopril/
indapamide vs. placebo)

p-value

S 0 (5)= 5-year baseline survival, sHR: subdistribution hazard ratio, HDL: high
density lipoprotein, UACR: urinary albumin/creatinin ratio, eGFR: estimated
glomerular filtration rate (CKD-EPI equation). ¶ Coefficients were penalized
by a shrinkage factor of 0.974 to increase external validity, whereas unbiased
HRs and statistics were derived from an unpenalized Fine and Gray model.
5-year death risk (%) = (1 - S 0 (5) exp(A-4.84327) ) x 100%. A is the sum, over all variables
in the model, of the patient’s specific value times the corresponding coefficient.
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Individual effects of intensive glycaemic control
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Supplement Figure 1. Graphical representation of the interaction between intensive
glycaemic control and baseline HbA1c level on the risk of severe hypoglycaemia.
HbA1c is expressed continuously on the x-axis for a person with mean baseline
characteristics. The y-axis shows the risk of severe hypoglycaemia on standard and
intensive glycaemic control.
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40%
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Supplement Figure 2. Calibration plot of predicted versus observed 5 year risk of
death from any cause in ADVANCE participants.
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ADVANCE-GLUC Treatment Score - Calculation Sheet
Predicting individual effects of intensive glycaemic control on the risk of a major vascular event and severe
hypoglycaemia for patients with type 2 diabetes.

5-year treatment effect of intensive glycaemic

4%

Sex
Age
Diabetes duration
Waist circumference
Systolic blood pressure

62
7
117
158

Major vascular events

years
years

Severe hypoglycaemia

cm
mmHg

On antihypertensive treatment?

2%

2%
NNTB5* =

51

NNTH5* =

205

Current smoking
History of macrovascular disease

0.5%

History of microvascular disease
0%

Age at completion of formal education

risk reduction

Region

risk increase

Weighing

Laboratory Results:
HbA1c
Non-HDL cholesterol
eGFR (CKD-EPI)
Urinary albumin:creatinine ratio

6.7
3.8
79
42

%

or

mmol/mol

mmol/L

or

mg/dL

ml/min

*5-year number-needed-totreat for one additional patient
to benefit (NNTB) or be
harmed (NNTH)

µg/mg

Do not use for patients who do not meet the ADVANCE trial eligibility criteria (Lancet 2007;370:829-40). These criteria include, but are not limited to, the following: men and women aged 55 and older diagnosed with type 2 diabetes at the age of 30 years or older without a history of
cardiovascular disease and at least one cardiovascular risk factor.

Supplement. Calculation sheet to estimate the individual patient’s effect of intensive
glycaemic control on major vascular events and severe hypoglycaemia.

Individual effects of intensive glycaemic control
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abstract
Objective: Various cardiovascular prediction models have been developed for patients with type
2 diabetes. Their predictive performance in new patients is mostly not investigated. This study
aims to quantify the predictive performance of all cardiovascular prediction models developed
specifically for diabetes patients.
Design and methods: Follow-up data of 453, 1174, and 584 type 2 diabetes patients without
pre-existing CVD in the EPIC-NL, EPIC-Potsdam and SMART cohorts respectively were used
to validate ten prediction models to estimate risk of cardiovascular disease (CVD) or coronary
heart disease (CHD). Discrimination was assessed by the c-statistic for time-to-event data.
Calibration was assessed by calibration plots, the Hosmer-Lemeshow goodness-of-fit statistic
and expected/observed ratios.
Results: There was a large variation in performance of CVD and CHD scores between different
cohorts. Discrimination was moderate for all ten prediction models, with c-statistics ranging
from 0.54 (95%CI 0.46-0.63) to 0.76 (95%CI 0.67-0.84). Calibration of the original models
was poor. After simple recalibration to the disease incidence of the target populations, predicted
and observed risks were close. Expected/observed ratios of the recalibrated models ranged from
1.06 to 1.55, mainly driven by an overestimation of risk in high-risk patients.
Conclusions: All ten evaluated models had a comparable and moderate discriminative ability.
The recalibrated, but not the original, prediction models provided accurate risk estimates. These
models can assist clinicians in identifying those type 2 diabetes patients at low or high risk of
cardiovascular disease.

Validation of cardiovascular risk scores

introduction
One of the major complications of type 2 diabetes is cardiovascular disease (CVD). People with
type 2 diabetes are at a 2-4 fold increased risk of developing CVD.1 Formerly diabetes was regarded
as a ‘coronary risk equivalent’ implying a 10-year cardiovascular risk of >20% for every diabetes
patient.2 However, recent evidence showed a wide distribution of risk depending on, among
others, glycated haemoglobin level and number of concomitant risk factors.3, 4 Current guidelines
start to acknowledge the heterogeneity in risk and include different treatment recommendations
for diabetes patients without other risk factors, who are considered to be at low risk.5, 6 To identify
those diabetes patients who will benefit most from treatment or to determine the intensity of
treatment, accurate cardiovascular risk stratification is important.
Over the past decades many prediction models for cardiovascular risk have been developed.
In a recent systematic review, we identified 45 cardiovascular prediction models applicable to
diabetes patients, of which 12 were specifically designed for patients with type 2 diabetes.7 Only
few of these prediction models were evaluated in independent patient populations.7 The older and
most commonly used prediction model, the UKPDS risk engine8 has been externally validated,
and only showed a moderate ability to discriminate between patients who will and will not get
an event. Further, there was poor agreement between predicted and actual cardiovascular risk.9-11
Nevertheless, this risk score is included in the influential NICE guideline for the management of
diabetes.12 In recent years, diabetes management has changed considerably (e.g. wider use of lipid
and blood pressure-lowering agents), which questions the use of such an ‘older’ model in current
clinical practice. Newer cardiovascular prediction models have been developed for diabetes
patients but information on the predictive performance of these contemporary models in external
populations is very limited. Meanwhile, validation of risk scores in independent populations is
an essential step in risk score development.13, 14 Therefore, the aim of this study is to quantify the
predictive performance of all cardiovascular prediction models developed specifically for diabetes
patients. A complete and robust external validation is conducted by inclusion of three validation
cohorts with different patient settings and by evaluating the risk scores both before and after
simple recalibration to the disease incidence of the target populations.

methods
Selected Cardiovascular risk models
A systematic review identified twelve articles presenting cardiovascular risk scores for diabetes
patients specifically.7 Three risk scores predict heart failure or stroke and one did not contain
sufficient information to recalculate the model, hence, these four risk scores were excluded.15-18
One additional CVD model for diabetes patients, published after publication of the systematic
review, was included in the present study.19 One study provided both a CVD risk score and a
CHD risk score.20 Altogether, five CVD models and five CHD models were considered.
The prediction models for CVD were the Action in Diabetes and Vascular Disease: preterax
and diamicron-MR controlled Evaluation (ADVANCE) risk engine21, Fremantle risk score22,
New Zealand Diabetes Cohort Study (DCS) risk score20, Swedish National Diabetes Registry
(NDR) risk score23, and the Cardiovascular Health Study (CHS) risk score19. The prediction
models for CHD were: the DCS risk score20, Diabetes Audit and Research in Tayside Scotland
(DARTS) risk score24, Hong Kong Diabetes Register (HKDR) risk score25, Atherosclerosis Risk
in Communities (ARIC) risk score26 and the United Kingdom Prospective Diabetes Study
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(UKPDS) risk engine.8
Seven models predict 5-year risk, whereas the ARIC and CHS risk scores predict 10-year
risk and the ADVANCE risk engine 4-year risk. Most models are based on a Cox proportional
hazards model, except the DARTS risk score (Weibull model) and the UKPDS risk engine
(Gompertz model). sTable 1 and 2 provide an overview of predictors used in each model and a
short description of the development cohorts.

Study population and design
The study population consisted of three cohorts of patients with type 2 diabetes: the Dutch and
German (Potsdam) contributions to the European Prospective Investigation into Cancer and
Nutrition (EPIC-NL and EPIC-Potsdam) which recruited patients between 1993 and 1998 and
the Secondary Manifestations of ARTerial disease (SMART) study which recruited patients from
1996 onwards. The first two are general population-based cohorts while SMART is a hospital-based
cohort of patients newly referred either for the treatment of atherosclerotic cardiovascular disease
or for the management of cardiovascular risk factors only (i.e. hyperlipidaemia, hypertension
or diabetes). The three cohorts have comparable endpoint definitions and comprise different
patient settings. All cohorts are described in more detail elsewhere27-29, and a brief description
including measurement of predictor values and vital status during follow-up is provided in the
online supplement.
In total, 536 prevalent type 2 diabetes cases were identified at baseline in EPIC-NL, 1332
in EPIC-Potsdam and 1685 in SMART. Patients with a history of cardiovascular disease (EPICNL n=71, EPIC-Potsdam n=157, SMART n=1101) and patients with no follow-up (EPIC-NL
n=12, EPIC-Potsdam n=1, SMART n=0) were excluded from the analyses. This resulted in 453
patients in EPIC-NL, 1174 patients in EPIC-Potsdam and 584 in SMART for analyses. All
participants gave written informed consent prior to study inclusion. The studies were approved
by the local ethical committees.

Endpoints
Participants were followed for CVD and CHD. CHD was defined as acute myocardial infarction
(AMI) in EPIC-Potsdam, AMI and ischemic heart disease in EPIC-NL, and AMI or sudden
cardiac death in SMART. CVD was defined as AMI or stroke in EPIC-Potsdam; AMI, ischemic
heart disease, stroke, sudden death, or heart failure in EPIC-NL; and as a composite of AMI,
stroke and vascular mortality in SMART. ICD-10 codes are provided in the online supplement.

Statistical analysis
Time at risk was calculated as time between enrolment and diagnosis of CHD or CVD, date
of death, or end of follow-up, whichever came first. Missing predictor values were imputed
using 10-fold multiple imputation by predictive mean matching (R-package MICE) including
all predictors and the outcome and were pooled using Rubin’s rule. Data were assumed to
be missing at random conditional on other predictors and/or the outcome. Excluding these
participants would yield a loss of efficiency. Further, complete case analysis would have provided
biased results, since missing data rarely occur completely at random and might be dependent on
the outcome.30 Missing values ranged up to 13.6% (for cholesterol) in EPIC-NL, 21.6% (for
HbA1c) in EPIC-Potsdam and 18.0% (for atrial fibrillation) in SMART. The variable albumincreatinine ratio (used in the ADVANCE21, Fremantle22 and DCS20 risk score) was only available
in SMART and not in EPIC-NL and EPIC-Potsdam. In these patients it was replaced by a
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proxy based on estimated glomerular filtration rate (eGFR) (see online supplement for details).
Retinopathy and atrial fibrillation (only used in the ADVANCE model) were missing in all three
cohorts and in the two EPIC cohorts respectively and were assigned a value of zero.
Performance of the models was expressed by discrimination (ability to distinguish between
patients who will get the disease and patients who will not get the disease) and calibration
(agreement between observed and predicted risks). Discrimination was assessed by Harrell’s
c-statistic for time-to-event data. Calibration was assessed by the Hosmer-Lemeshow chi-square
test, calibration plots and expected/observed ratio (number of predicted events divided by number
of observed events assuming a Poisson distribution). Calibration was first assessed using the
original model and the original time span. Calibration is known to be strongly influenced by the
incidence of the outcome in the validation population. To reduce this source of miscalibration,
prediction models were recalibrated to the incidence of the outcome in our validation cohorts.
For each model in each cohort, recalibration was performed by replacing the original baseline
disease-free survival with the average 5-year disease-free survival of the validation cohort.
Accordingly, the mean linear predictor was centred to the average risk factor distribution of the
validation cohorts. Here, we present calibration of the models after recalibration, as in practice
it is also advised to recalibrate a model before putting it to use.13, 31 Calibration results before
recalibration are provided in the online supplement.
A sensitivity analysis was performed including patients with a history of cardiovascular disease
only for EPIC-NL and SMART, because patients with a history of CVD in EPIC-Potsdam
have not been followed. As the number of outcomes was relatively small, we also reassessed
the discrimination of each model using all available follow-up time (i.e. including events that
occurred beyond the 5 year time horizon). Statistical analyses were performed using R-2.15.2 for
Windows (http://cran.r-project.org/).

results
In EPIC-NL 91 CVD and 79 CHD events were documented, of which 52 and 32 respectively
occurred during the first 5 years of follow-up. In EPIC-Potsdam 73 (41 in first 5 years) CVD
events and 39 (23 in first 5 years) CHD events were documented. In SMART 58 (29 in first 5
years) CVD events were documented and 27 (14 in first 5 years) CHD events.
eTable 3 displays the baseline characteristics of the validation cohorts. EPIC-Potsdam and
SMART consisted of more men than EPIC-NL. Patients in SMART were slightly younger, had
a shorter diabetes duration and lower HbA1c concentrations compared to the other two cohorts.
Further, a higher proportion of patients in SMART were treated with antihypertensive and lipidlowering drugs compared to the other cohorts.
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Table 1. Expected/observed ratio of the prediction models in EPIC-NL, EPICPotsdam and SMART. Displayed are the observed 5-year risks and the expected/
observed ratio for each recalibrated risk score.
Expected/observed ratio (95% CI)
EPIC-NL

EPIC-Potsdam

SMART

CVD prediction models

11.5%

3.7%

5.7%

Mukamal 2013 (CHS) 19

1.06 (0.81 to 1.40)

1.12 (0.83 to 1.50)

1.23 (0.87 to 1.73)

1.17 (0.90 to 1.54)

1.22 (0.91 to 1.65)

1.44 (1.02 to 2.02)

Davis 2010 (Fremantle) 22

1.18 (0.90 to 1.55)

1.20 (0.89 to 1.62)

1.46 (1.04 to 2.05)

Elley 2010 (DCS)

Kengne 2011 (ADVANCE)

21

1.07 (0.82 to 1.41)

1.08 (0.80 to 1.45)

1.15 (0.82 to 1.62)

Cederholm 2008 (NDR) 23

1.14 (0.87 to 1.49)

1.24 (0.92 to 1.66)

1.34 (0.96 to 1.89)

CHD prediction models

7.1%

2.1%

2.7%

Elley 2010 (DCS) 20

1.10 (0.78 to 1.56)

1.11 (0.75 to 1.66)

1.24 (0.76 to 2.02)

1.10 (0.78 to 1.56)

1.12 (0.75 to 1.67)

1.22 (0.75 to 1.99)

1.18 (0.84 to 1.67)

1.20 (0.81 to 1.78)

1.55 (0.95 to 2.54)

1.18 (0.85 to 1.69)

1.12 (0.76 to 1.67)

1.16 (0.71 to 1.90)

1.19 (0.85 to 1.69)

1.33 (0.90 to 1.98)

1.39 (0.85 to 2.27)

20

Yang 2008 (HKDR)

25

Donnan 2006 (DARTS)
Folsom 2003 (ARIC) 26
Stevens 2001 (UKPDS)

8

24
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Risk score (cohort)

C-statistic

95%-CI

CHS
EPIC-NL
EPIC-Potsdam
SMART

0.54
0.61
0.68

(0.46-0.63)
(0.52-0.70)
(0.59-0.78)

ADVANCE
EPIC-NL
EPIC-Potsdam
SMART

0.62
0.67
0.68

(0.54-0.70)
(0.59-0.75)
(0.58-0.77)

Fremantle
EPIC-NL
EPIC-Potsdam
SMART

0.58
0.68
0.69

(0.50-0.66)
(0.60-0.76)
(0.59-0.79)

DCS
EPIC-NL
EPIC-Potsdam
SMART

0.63
0.66
0.67

(0.55-0.71)
(0.59-0.74)
(0.57-0.77)

NDR
EPIC-NL
EPIC-Potsdam
SMART

0.64
0.67
0.64

(0.56-0.72)
(0.59-0.74)
(0.54-0.74)

0.3 0.4 0.5 0.6 0.7 0.8 0.9
c-statistic

1.0

C-statistic

Risk score (cohort)

95%-CI

DCS
EPIC-NL
EPIC-Potsdam
SMART

0.59
0.68
0.62

(0.49-0.70)
(0.58-0.78)
(0.48-0.76)

HKDR
EPIC-NL
EPIC-Potsdam
SMART

0.63
0.68
0.61

(0.54-0.73)
(0.58-0.78)
(0.48-0.73)

DARTS
EPIC-NL
EPIC-Potsdam
SMART

0.62
0.60
0.58

(0.52-0.71)
(0.47-0.72)
(0.44-0.73)

ARIC
EPIC-NL
EPIC-Potsdam
SMART

0.55
0.69
0.76

(0.45-0.65)
(0.59-0.78)
(0.67-0.84)

UKPDS
EPIC-NL
EPIC-Potsdam
SMART

0.61
0.73
0.66

(0.51-0.72)
(0.63-0.83)
(0.53-0.80)

0.3 0.4 0.5 0.6 0.7 0.8 0.9
c-statistic

Figure 1.
Discrimination of the
CVD prediction models
in EPIC-NL, EPICPotsdam and SMART.
The figure displays the
c-statistic and 95%
confidence intervals.

1.0

Figure 2.
Discrimination of the
CHD prediction models
in EPIC-NL, EPICPotsdam and SMART.
The figure displays the
c-statistic and 95%
confidence intervals.
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Discrimination
Most CVD risk scores had a moderate discrimination in all three cohorts, except for the CHS
risk score which had a discrimination of only 0.54 (0.46-0.63) in EPIC-NL (Figure 1). This risk
score performed better in EPIC-Potsdam (0.61 [0.52-0.70]) and SMART (0.68 [0.59-0.78]).
Overall a better discrimination of the CVD risk scores was observed in the SMART cohort,
whereas all risk scores had the lowest discrimination in the EPIC-NL cohort.
All risk scores performed moderately in discriminating between patients who will and will not
get a CHD event during follow-up (Figure 2). Discrimination of most risk scores was slightly
better in EPIC-Potsdam than in SMART and EPIC-NL. The c-statistic ranged from 0.55 (0.450.65) for ARIC risk score in EPIC-NL to 0.76 (0.67-0.84) in SMART.

Calibration
Table 1 shows the expected/observed ratios for the 5-year risks estimated by the risk scores after
recalibration. The observed 5-year CVD and CHD risks were 11.5% and 7.1% respectively
in EPIC-NL, 3.7% and 2.1% in EPIC-Potsdam and 5.7% and 2.7% in SMART. Even after
recalibration all risk scores slightly overestimated risk, although mostly not significant. The
largest overestimation was observed in the SMART cohort. Overestimation of risk was highest
with the UKPDS risk engine in EPIC-NL (1.19 [0.85 to 1.69]) and in EPIC-Potsdam (1.33
[0.90 to 1.98]) and with the DARTS risk score in SMART (1.55 [0.95 to 2.54]). The calibration
plots (Figures 3 & 4) show that the overestimation of risk mainly occurred in patients in the
highest risk categories for all risk scores. Before recalibration the calibration of most scores was
poor (p-values for the Hosmer-Lemeshow chi-square statistic were below 0.05; see sFigures 1 &
2) and they highly overestimated risk. After recalibration chi-square statistics improved and most
yielded p-values above 0.05, indicating no significant difference between observed and predicted
absolute risks.

Sensitivity analyses
The sensitivity analysis including patients with a history of cardiovascular diseases yielded
comparable results. However, discrimination for the risk scores was generally slightly lower in
the SMART cohort inclusive of patients with previous vascular diseases (sFigures 3 & 4). The
observed risks were much higher than in the original analyses, 15.4% CVD risk in EPIC-NL
and 10.6% CVD risk in SMART. The risk scores still overestimated risk and calibration plots
were largely similar to the plots in the primary analysis (sFigure 5-6). Including all endpoints that
occurred during follow-up, the c-statistics decreased slightly in the EPIC-NL and EPIC-Potsdam
cohorts, whereas they increased for SMART (sFigure 7 & 8).

discussion
In the present study we assessed the predictive performance of cardiovascular prediction models
developed for patients with type 2 diabetes in three different cohorts. The ability of different
risk scores to discriminate between patients who will and will not get an event was comparable
and only moderate in all three cohorts. After simple recalibration, there was a good agreement
between predicted and observed risks for all models, although risk was slightly overestimated in
patients with the highest risk.
The strengths of this study are the inclusion of all published cardiovascular prediction models
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designed for patients with type 2 diabetes and the assessment of these models in three
independent cohorts with different disease incidences, in different clinical settings and with only
slightly different endpoint definitions. Additionally, we assessed the performance of both the
original and recalibrated prediction models, as the predictive performance is strongly influenced
by the degree of similarity of disease incidence in development and validation populations.13,
31
Nevertheless some limitations need to be addressed. First, not all predictors included in the
prediction models (ADVANCE, Fremantle and DCS) were available in two of the three cohorts
(albumin-creatinine ratio, retinopathy and atrial fibrillation were missing). Exclusion of these
models would have led to an incomplete validation. We addressed this issue by assigning a value
of zero to atrial fibrillation and retinopathy and by using a proxy for albumin-creatinine ratio,
which could have resulted in some loss of discriminatory power.
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Figure 3. Calibration plots after recalibration of the CVD prediction models in EPIC-NL, SMART and EPIC-Potsdam. The
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defined by quintiles of predicted risk.
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Missing values on other predictors ranged up to one fifth of measurements and were completed
by multiple imputations to increase efficiency and reduce bias. A second issue is the relatively
small number of outcomes occurring in the cohorts over the first 5 years. This resulted in relatively
wide confidence intervals for the c-statistics, which has to be taken into account when assessing
discrimination. However, a sensitivity analysis using all follow-up data showed comparable
discrimination and did not alter our conclusions. Further, differences in model performance
attributable to variation in study population characteristics versus differences in endpoint
definitions between cohorts could not be disentangled. Lastly, prescription of glucose-lowering,
lipid-lowering and antihypertensive drugs differed between the cohorts, with prescription rates
being lower in the EPIC cohorts. This likely reflects differences in clinical setting (hospital versus
population-based cohorts) and recruitment period.
In general, discrimination of the risk scores in this validation study was rather moderate. This
could be explained by the fact that the risk scores aim to predict the risk of a disease (i.e. CVD
or CHD) in patients who already have a related disease (i.e. type 2 diabetes) and might thus be
more homogeneous, making it more difficult to discriminate between those who will and will
not get an event. The discriminative performance of different risk models varied only marginally
within a single validation cohort. For example, all five CVD risk scores showed a discrimination
index between 0.64 and 0.69 in SMART. This is surprising since the models were developed in
different clinical settings, comprising general population cohorts, primary care cohorts and trial
participants. Hence, in this validation cohort, consideration of the clinical setting in which the
model was developed is not helpful in selecting the best discriminating model.
Furthermore, performance of risk models varied widely between the validation cohorts and
most models performed best in SMART and worst in EPIC-NL. For example, the c-index of
the CHS risk score was 0.54 in EPIC-NL and 0.68 in SMART. This can be explained by the
fact that the EPIC-NL cohort mainly consists of women, in contrast to the other two cohorts.
Gender is an important predictor in most scores, but when the prevalence of a predictor is low,
its usefulness for discrimination is poor. Thus, characteristics of the validation cohort have a
large influence on the performance of a risk model. Further, differences in outcome definitions
between development and validation samples could have influenced performance, with better
expected discriminatory power when outcome definitions are more similar.
The ADVANCE21, Fremantle,22 DCS20 and DARTS24 prediction models have been externally
evaluated once before. These studies showed similar results, except for the Fremantle score which
had a much better discrimination of 0.84 (0.76-0.91). This might be explained by the small size
and high disease incidence in their validation cohort, or by differences in patient characteristics
between their validation set and our cohorts. In a previous validation study of the UKPDS risk
engine in a combined cohort of EPIC-Potsdam and EPIC-NL, we observed a discrimination of
0.65 and a poor calibration, comparable to the results of this study.11 The UKPDS risk engine
has also been validated by other studies with varying results; discrimination ranged from 0.65 to
0.76.10, 11, 32, 33 CHD risk is overestimated by the UKPDS risk engine in most validation studies,
similar to the overestimation found in the present study. An explanation might be that this
risk score is derived in a population from the seventies; diabetes treatment and detection have
improved since then and cardiovascular complications in diabetes patients have decreased.
Whereas formerly all diabetes patients were classified as patients with high cardiovascular
risk, and treated accordingly, there is a gradient in risk among diabetes patients.3, 4 Prediction
models can assist in estimating their actual risk and might prevent overtreatment in low-risk
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patients. Therefore, prediction models are increasingly used to guide treatment and inform
patients of their risk.5 To be useful in clinical practice, the models should provide accurate and
externally validated estimates of risk.14 Although in our validation study discrimination was
only moderate, this might not be the optimal measure to assess the performance of prediction
models.34 If the aim is to identify patients at different levels of risk to guide treatment decisions,
agreement between predicted and actual risk (i.e. calibration) is more important and justifies use
of these models in clinical practice. In our validation study the calibration of the risk models,
after appropriate recalibration, was acceptable. The slight overestimation of risk in high-risk is
probably less relevant in clinical practice as these patients would meet the treatment threshold
anyway, even if actual risk is somewhat lower. Notably, the performance of the original models
was poor and this provides a strong argument against implementing a prediction model in clinical
practice without recalibrating the risk model to the disease incidence and risk factor distribution
of the target population first. Future studies could use data from national databases and hospital
or general practitioners registries to validate and update existing algorithms to enhance predictive
accuracy in the population of interest. Given their similar performance, the use of a recalibrated
score with fewest missing or most easily obtainable predictors would be a pragmatic choice for
clinical practice.
In conclusion, this comprehensive validation study showed a comparable and moderate
ability to discriminate between patients who will and will not get an event for all cardiovascular
prediction model designed for type 2 diabetes patients. Simple recalibration of the risk models
to the disease incidence of the target population resulted in generally accurate estimates of actual
risk. There was not a single model outperforming the others. The recalibrated models, but not the
original models, can assist clinicians in identifying those patients with type 2 diabetes who are at
low or high risk of developing cardiovascular disease.
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suPPlement
Supplemental methods section
Study population of cohorts included in the study
In brief, EPIC-NL consists of two cohorts, the Prospect and the Monitoring Project on Risk
Factors for Chronic Diseases (MORGEN) cohort. Prospect is a prospective population-based
cohort of 17,357 women, aged 49-70 years, living in Utrecht and vicinity, who participated in
breast cancer screening between 1993 and 1997. The MORGEN cohort consists of 22,654 men
and women, aged 20-59 years, recruited from three Dutch towns (Amsterdam, Maastricht and
Doetinchem). From 1993 to 1997 each year a new random sample of about 5,000 participants
was examined. Between 1994 and 1998 the EPIC-Potsdam cohort recruited 27,548 participants,
aged 35 to 65 years, living in Potsdam, Germany and surrounding communities.
The Secondary Manifestations of ARTerial disease (SMART) study is an on-going prospective
single-centre cohort study at the University Medical Centre Utrecht, The Netherlands. Study
patients were newly referred because of either manifest atherosclerotic disease (i.e. cerebrovascular,
coronary artery disease, peripheral artery disease or abdominal aortic aneurysm) or a cardiovascular
risk factor (i.e. hypertension, hyperlipidaemia or diabetes) and were screened non-invasively for
manifestations of atherosclerotic diseases and risk factors other than the qualifying diagnosis.
Exclusion criteria were age under 18 years, terminal malignancy, dependency in daily activities
and not sufficiently fluent in Dutch language. Between January 1996 and March 2012 the
SMART study recruited 9737 patients.
Participants included in the validation study were all confirmed diagnosed type 2 diabetes
patients, verified through medical records of the general practitioner or pharmacist in EPICNL (1). In EPIC-Potsdam 322 patients were confirmed type 2 diabetes patients and for 852
patients the diabetes type was unspecified, verified through repeated self-report in follow-up
questionnaires (2). In SMART diabetes was defined as a referral diagnosis of type 2 diabetes,
self-reported type 2 diabetes, or the use of glucose lowering agents. In addition, patients with a
fasting plasma glucose level ≥7.0 mmol/l at inclusion without a known history of diabetes were
considered to have diabetes at baseline if glucose-lowering treatment was initiated within 1 year
after inclusion.
Predictors and Measurements
Participants from EPIC-NL and EPIC-Potsdam filled out a general questionnaire containing
questions on demographic characteristics, presence of chronic diseases and other potential risk
factors at baseline. For participants of EPIC-NL blood pressure was measured twice and for
EPIC-Potsdam thrice. The measurement was performed on the left arm while the participant was
in a supine position. The mean of these measurements was used in the analyses. Thirty millilitres
of blood was collected from all participants to obtain plasma, serum and erythrocytes and stored
at -196°C. Total, HDL and LDL cholesterol were measured in serum samples and HbA1c was
measured in erythrocytes.
Participants in SMART completed a questionnaire on cardiovascular history, risk factors and
current medication use. Height and weight were measured according to a standardized protocol
and subsequently used to calculated body mass index (BMI, weight in kilograms divided by the
square of the height in meters). Blood pressure was measured twice in sitting position at the right
and left upper arm. Blood pressure level was defined as the highest mean of the measurements on
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one arm. A 12-lead ECG was obtained after 5 minutes rest with the patient in supine position.
Fasting venous blood and urine samples were taken to determine serum lipids, glucose, HbA1c,
creatinine and urinary albumin and creatinine. The techniques used for the laboratory tests have
been described previously (3).
Vital status
Vital status of EPIC-NL participants was obtained through linkage with the municipal population
registries. In EPIC-NL incident morbidity cases were obtained through linkage with the Dutch
National Medical Registry. In EPIC-Potsdam the major source of incident cases was obtained
through questionnaires that were mailed to all participants every two years. Mortality data for
EPIC-Potsdam participants was collected through cooperation with the local health offices of
Potsdam and the state office of statistics of Brandenburg.
In SMART patients were biannually asked to complete a questionnaire on hospitalizations and
outpatient clinic visits. When a possible event was reported, hospital discharge letters and results
of relevant laboratory and radiology examinations were collected. Death and cause of death were
reported by relatives of the participant, the general practitioner or the medical specialist. Based
on this information, all events were audited by three members of the SMART study Endpoint
Committee, comprising physicians from different departments.
CVD and CHD Endpoints
Participants were followed-up for CVD and CHD. Patients from EPIC-Potsdam were
followed for acute myocardial infarction [ICD-10 code: I21], while patients from EPIC-NL
were followed for CHD defined as a combination of acute MI and ischemic heart disease in
EPIC-NL [ICD-10 codes: I20-I25]. CHD in SMART was defined as MI or sudden cardiac
death [ICD-10 codes I21-22, I46.1, R96]. Cardiovascular events were defined as MI, ischemic
heart disease, stroke, sudden death or heart failure in EPIC-NL [ICD-10 codes: I20-I26, I46,
R96, G45, I60-I67, I69-I74, I50], as acute MI or stroke in EPIC-Potsdam [ICD-10 codes: I21,
I60-I64], and as a composite of MI, stroke and vascular mortality in SMART [ICD-10 codes
I21-22, I46.1, I60-61, I63-64, or death resulting from I00-28, I31, I34-37, I42-99, F01, K55,
R96].
Calculation of proxy for albumine-creatine ratio
The variable albumin-creatinine ratio was not available in the EPIC-NL and EPIC-Potsdam
cohorts. Therefore it was replaced by a proxy based on estimated glomerular filtration rate
(eGFR), which was calculated using serum creatinine. According to CKD stages, AC ratio was
defined as 300μg/mg if eGFR<60m, if eGFR was between 60 and 90ml then AC ratio was set
to 165μg/mg, and if eGFR>90ml then AC ratio was set to 15μg/mg To examine the validity of
this proxy we explored the association with CVD; for macro-albuminuria HR=1.83 (95% CI:
0.75-4.46), and for micro-albuminuria HR=1.27 (95% CI: 0.88-1.85).
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cerebrovascular
accident/transient
ischemic attack or
peripheral arterial
disease

’93-‘96

Patient with
type 2 DM
from population
in Western
Australia

Hospitalization
with MI or
stroke, death
from cardiac or
cerebrovascular
causes or
sudden death

’01-‘07
Patients aged ≥55 from
various continents
with type 2 DM and
increased risk of vascular
events from ADVANCE
trial without previous
CVD or long-term
insulin use

Fatal or non-fatal MI,
stroke or cardiovascular
death

782

’89-‘93

American patients
aged ≥65 from with
diabetes recruited
from Medicare eligibly
lists without previous
CHD, congestive
heart failure or atrial
fibrillation

Non-fatal MI, stroke
or death from coronary
of cerebrovascular
causes

39.5 (265)

10

Cox

Cohort size

Inclusion period

Short
description
of study
population

Outcome
definition

Incidence, %
(n)

Predicted time
(years)

Model type

Cox

4
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Sex
Age
HbA1c
Duration of diabetes
AC ratio
HDL cholesterol
Non-HDL cholesterol
Total/HDL cholesterol
Total cholesterol
Pulse pressure
Systolic blood pressure
Hypertensive medication
History CVD
Ethnicity
Smoking
BMI
Height
Lipid lowering medication
eGFR
Retinopathy
Atrial fibrillation
Serum creatinine
Diabetes medication

Predictors

CHS
(19)
yes
Yes
no
no
no
yes
no
no
yes
no
no
yes
no
no
yes
no
no
no
no
no
no
yes
yes

ADVANCE
(21)
yes
yes
yes
yes
yes
no
yes
no
no
yes
no
yes
no
no
no
no
no
no
no
yes
yes
no
no

Fremantle
(22)
yes
yes
yes
no
yes
yes
no
no
no
no
no
no
yes
yes
no
no
no
no
no
no
no
no
no

DCS
(20)
yes
yes
yes
yes
yes
no
no
yes
no
no
yes
yes
no
yes
yes
no
no
no
no
no
no
no
no

NDR
(23)
yes
yes
yes
yes
no
no
no
no
no
no
yes
no
no
no
yes
yes
no
yes
no
no
no
no
no

HKDR
(25)
yes
yes
no
yes
yes
no
yes
no
no
no
no
no
no
no
yes
no
no
no
yes
no
no
no
no

DARTS
(24)
yes
yes
yes
yes
no
no
no
no
yes
no
yes
yes
no
no
yes
no
yes
no
no
no
no
no
no

STable 2. Predictors included in cardiovascular prediction models for patients with type 2 diabetes
ARIC
(26)
yes
yes
no
no
no
yes
no
no
yes
no
yes
yes
no
yes
yes
no
no
no
no
no
no
no
no

UKPDS 56
(8)
yes
yes
yes
yes
no
no
no
yes
no
yes
no
no
no
yes
yes
no
no
no
no
no
no
no
no
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STable 3. Baseline characteristics of diabetes patients from EPIC-NL (n=453), EPICPotsdam (n=1174) and SMART (n=584)

Systolic blood pressure (mmHg), n (%)
HbA1c (%), m (SD)
HbA1c (mmol/mol), m (SD)
Total cholesterol (mmol/l), m (SD)
HDL cholesterol (mmol/l), m (SD)
LDL cholesterol (mmol/l), m (SD)
Creatinine (μmol/l), m (SD)

EPICNL
(n=453)
81 (17.9)
58 (7)
51 (9)
6.8 (6.6)
29.6
(5.0)
106
(23.6)
144 (21)
8.1 (1.7)
65 (19)
5.3 (1.2)
1.0 (0.3)
3.2 (0.8)
60 (16)

Oral hypoglycaemic drugs or insulin, n(%)
Antihypertensive drugs, n(%)
Lipid-lowering drugs, n(%)

390 (86)
189 (42)
15 (3)

643 (55)
598 (51)
162 (14)

467 (80)
370 (63)
240 (41)

CVD events (within 5 years)
CHD events (within 5 years)
Observed 5-y CVD risk
Observed 5-y CHD risk

91 (52)
79 (32)
11.5%
7.1%

73 (41)
39 (23)
3.7%
2.1%

58 (29)
29 (14)
5.7%
2.7%

Variable
Sex (male), n (%)
Age at recruitment (years), m (SD)
Age at diagnosis of diabetes (years), m (SD)
Diabetes duration (years), m (SD)
BMI (kg/m), m (SD)
Smoking (current), n (%)

EPIC-Potsdam
(n=1174)

SMART
(n=584)

639 (54.4)
58 (6)
50 (9)
7.6 (7.3)

345 (59.1)
55 (11)
50 (12)
5.3 (6.8)

29.4 (5.0)

30.0 (6.0)

219 (18.7)

138 (23.6)

141 (18)
8.2 (2.4)
66 (26)
4.7 (1.0)
1.1 (0.3)
2.7 (0.8)
62 (16)

146 (21)
7.4 (1.5)
57 (16)
5.3 (1.6)
1.2 (0.4)
3.0 (1.2)
87 (43)
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SFigure 1. Calibration plots for the CVD risk scores before recalibration in EPIC-NL, EPIC-Potsdam and SMART. The plots
display the CVD 5-year risk. The observed risk (y-axes) is plotted against the predicted risk by the prediction models (x-axes).
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plots display the 5-year CHD or MI (for EPIC-Potsdam) risk. The observed risk (y-axes) is plotted against the predicted risk
(x-axes).
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C-statistic

Risk score (cohort)
CHS
EPIC-NL
SMART
ADVANCE
EPIC-NL
SMART
Fremantle
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abstract
Aim: To evaluate whether fourteen novel biomarkers from different pathophysiological pathways
could improve cardiovascular disease (CVD) prediction in patients with type 2 diabetes on top
of traditional risk factors.
Methods: We prospectively followed 1,002 patients with type 2 diabetes from the Second
Manifestations of ARTerial disease (SMART) study. The associations of fourteen biomarkers
(adiponectin, N-terminal pro-B-type natriuretic peptide [NT-proBNP], matrix metalloproteinases
[MMP] 1, 3 and 9, basic fibroblast growth factor, placental growth factor, soluble fms-like
tyrosine kinase, vascular endothelial growth factor, osteocalcin, osteonectin, osteopontin, hearttype and epidermal-type fatty acid binding protein[FABP]) with CVD risk were evaluated
using Cox proportional hazards analysis adjusting for predictors from the UKPDS risk score,
history of CVD and albuminuria. Incremental predictive utility was assessed by the c-statistic
and net reclassification indices for each marker separately and for a selection of complementary
biomarkers.
Results: During a median follow-up of 9.2 years 248 CVD events occurred. NT-proBNP,
osteopontin and MMP-3 improved discrimination and risk classification. The increases in
c-statistic were 0.02 [95%CI 0.00-0.04], 0.01 [95%CI 0.00-0.03] and 0.01 [95%CI 0.00-0.03].
The continuous NRIs were 0.27 [95%CI 0.10-0.45], 0.33 [95%CI 0.17-0.48] and 0.25 [95%CI
0.08-0.42]. A combination of these biomarkers and H-FABP showed an increase in c-statistic of
0.03 [95%CI 0.01-0.05] and a continuous NRI of 0.39 [95%CI 0.23-0.55].
Conclusions: Of fourteen evaluated biomarkers, NT-proBNP, osteopontin, MMP-3 and their
combination with H-FABP improved CVD risk prediction in patients with type 2 diabetes on
top of traditional risk factors. Future studies should evaluate the clinical benefits and economic
costs of the modest improvements in predictive utility offered by these biomarkers.

Incremental predictive value of novel biomarkers

introduction
Type 2 diabetes mellitus (T2DM) is a growing worldwide health problem, with an estimated
439 million people living with diabetes in 20301. Patients with diabetes are at 2 to 4-fold
increased risk of cardiovascular disease (CVD)2, 3. Formerly diabetes was regarded as a ‘coronary
risk equivalent’, assuming a 10-year cardiovascular risk of ≥20% for every diabetes patient4.
Recent studies indicated that there actually is a wide distribution of risk depending on diabetes
duration, severity and concomitant risk factors5, 6. Accurate cardiovascular risk stratification can
help clinicians to identify low risk patients for whom treatment could be postponed or high
risk patients for whom treatment should be initiated or intensified. In the light of an increasing
number of patients with diabetes, an individual patient risk-based approach has the potential to
allocate treatment resources more efficiently and effectively.
We previously identified 45 cardiovascular prediction models applicable to diabetes patients
and validated 10 models specifically designed for patients with type 2 diabetes in different
cohorts7, 8. These risk scores had a reasonable performance with respect to risk stratification (i.e.
calibration) and a moderate to weak ability to distinguish between patients who did and did
not go on to develop a CVD event (i.e. discrimination). To enhance predictive performance
novel markers conveying information of underlying atherosclerotic disease progression could be
helpful. Recent studies in mostly healthy populations have suggested a number of biomarkers
that might improve CVD risk prediction9-13. These include makers of different pathophysiological
pathways, such as measures of inflammation, coagulation, collagen degradation, angiogenesis,
metabolic regulation and adipocyte function. Firstly, we systematically studied which markers
were independently associated with CVD risk in type 2 diabetes patients specifically. Secondly,
we evaluated whether these novel biomarkers could improve CVD risk prediction on top of
traditional risk factors in a diverse sample of patients with type 2 diabetes.

methods
Study population
The Secondary Manifestations of ARTerial disease (SMART) study is an ongoing prospective
single-centre cohort study at the University Medical Centre Utrecht, The Netherlands. Study
patients were either newly referred to the hospital with manifest atherosclerotic disease or for
the management of cardiovascular risk factors (i.e. hypertension, hyperlipidaemia or diabetes).
Patients were screened non-invasively for manifestations of atherosclerotic diseases and risk factors
other than the qualifying diagnosis. Exclusion criteria were age under 18 years, malignancy,
dependency in daily activities and insufficient fluency in the Dutch language. The Ethics
Committee of the University Medical Centre Utrecht approved the study and all participants
gave their written informed consent. A detailed description of the study has been published
previously14.
For the current study, we used a sample of 1034 patients with type 2 diabetes enrolled
between January 1996 and March 2006 to ensure a substantial follow-up duration. Diabetes was
defined as a referral diagnosis of type 2 diabetes, self-reported type 2 diabetes, the use of glucoselowering agents, or a plasma glucose concentration of ≥7.0 mmol/L at baseline with initiation of
glucose-lowering treatment within 1 year after inclusion. Patients for whom the novel biomarkers
could not be assayed (n=32) were excluded, resulting in 1002 patients for analyses.
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Biomarkers and other measurements
We measured fourteen biomarkers from different pathophysiological pathways including
adiponectin, N-terminal prohormone of B-type natriuretic peptide (NT-proBNP), matrix
metalloproteinase-1 (MMP-1), MMP-3, MMP-9, basic fibroblast growth factor( bFGF),
placental growth factor (PLGF), soluble fms-like tyrosine kinas (sFlt-1), vascular endothelial
growth factor (VEGF), osteocalcin, osteonectin, osteopontin, using single or multiplex assays
(Meso Scale Discovery, Rockville MD, USA). Heart-type fatty acid binding protein (H-FABP)
and epidermal-type fatty acid binding protein (E-FABP) were measured in plasma using a onestep enzyme-linked immunosorbent assay. Further, participants completed a questionnaire on
CVD history, risk factors and medication use. Fasting venous blood samples were taken to
determine serum lipids, glucose, glycated hemoglobin and creatinine. The techniques used for
the laboratory tests have been described previously14.

Follow-up and clinical endpoints
Patients were biannually asked to complete a questionnaire on hospitalizations and outpatient
clinic visits. The outcome of interest for this study was major cardiovascular events as a composite
of myocardial infarction, stroke and vascular death. When a possible event was reported, hospital
discharge letters and results of relevant laboratory and radiology examinations were collected.
Death and cause of death were reported by relatives of the participant, the general practitioner
or the medical specialist. Based on this information, all events were audited by three members
of the SMART study Endpoint Committee, comprising physicians from different departments.
Follow-up duration was defined as the period between study inclusion and first cardiovascular
event or death from any cause, date of loss to follow-up or the pre-selected date of March 1st,
2013. Of the 1002 participants, 87 (8.7%) were censored due to lost to follow-up because of
migration or discontinuation of the study.

Statistical Analyses
We assessed the independent relation of each biomarker in a Cox proportional hazards model
adjusted for all covariables of the base model mentioned below. Restricted cubic splines were
used to evaluate the univariable relation between the marker and the log hazard of major
cardiovascular events and showed that a natural logarithmic transformation was generally the
most appropriate functional form. Hazard ratios were presented for the highest versus the lowest
quartile of the biomarker.
The median follow-up time was 9.2 years and we extrapolated the risk estimates through
exponentiation to cover a 10-year time period. We evaluated the improvement in predictive
performance for each new marker when added to a base model. In addition, the performance
of a backward selected combination of markers which independently contributed to the base
model was assessed. The base model included predictors of the UKPDS algorithm (age, duration
of diagnosed diabetes, sex, smoking, HbA1c, systolic blood pressure, total cholesterol / HDL
cholesterol ratio) and two additional variables (previous CVD and urinary album in/creatinine
ratio)15. Variable transformations and model coefficients were re-estimated in our study
population. The base model was compared to the expanded biomarker model by the Wald chisquare test, a measure of improvement in global model fit16.
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Table 1. Baseline characteristics
Characteristics

Value

Age (years)
Female, n(%)
Diabetes duration (years) a
History of vascular disease, n(%)
BMI (kg/m2) a
Systolic blood pressure (mmHg) a
Diastolic blood pressure (mmHg) a
Current smoking, n(%)
Total cholesterol/HDL ratioa
Fasting plasma glucose (mmol/L) a
HbA1c (%) a
eGFR (ml/min/1.73m2) b
Urinary albumin/creatinine ratio (μg/mg) b
Medications
Oral glucose lowering agents, n(%)
Insulin, n(%)
Any glucose lowering agent, n(%)
Lipid lowering agents, n(%)
Blood pressure lowering agents, n(%)
Biomarkers
Adiponectin (μg/ml) b
NT-proBNP (pg/ml) b
MMP-1 (ng/ml) b
MMP-3 (ng/ml) b
MMP-9 (ng/ml) b
bFGF (pg/ml) b
PlGF (pg/ml) b
sFlt-1 (pg/ml) b
VEGF (pg/ml) b
Osteocalcin (ng/ml) b
Osteonectin (ng/ml) b
Osteopontin (ng/ml) b
E-FABP (ng/ml) b
H-FABP (ng/ml) b
a

a
b

Missing (%)

59 ± 10
308 (31)
4 (1-9)
617 (62)
28.8 ± 5.0
147 ± 21
83 ± 11
285 (29)
4.9 (2.8)
9.3 ± 3.3
7.4 (1.4)
80 (67 - 93)
1.1 (0.6 - 3.1)

0 (0)
0 (0)
83 (8.3)
0 (0)
2 (0.2)
2 (0.2)
3 (0.3)
8 (0.8)
10 (1.0)
6 (0.6)
129 (12.9)
6 (0.6)
88 (8.7)

616 (61)
245 (24)
785 (78)
489 (49)
688 (69)

0 (0)
0 (0)
0 (0)
0 (0)
0 (0)

7.2 (4.9 - 11.1)
185.1 (71.8 - 565.6)
1.8 (1.2 - 3.0)
13.7 (9.2 - 19.5)
12.7 (10.1 - 17.3)
3.1 (1.8 - 6.2)
13.3 (11.2 - 16.2)
134.9 (118.9 - 154.5)
58.7 (47.5 - 75.0)
28.7 (21.3 - 40.1)
58.9 (47.5 - 79.9)
18.2 (14.5 - 23.1)
3.3 (2.0 - 5.1)
2.0 (1.5 - 2.6)

0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
5 (0.5)

mean ± standard deviation;
median with interquartile range; BMI: body mass index; HDL: high density
lipoprotein; NT-proBNP= N-terminal pro-B-type natriuretic peptide, MMP =
matrix metalloproteinase, bFGF= basic fibroblast growth factor, PlGF= placental
growth factor, sFlt= soluble fms-like tyrosine kinase, VEGF= vascular endothelial
growth factor, H-FABP= heart-type fatty acid binding protein, E-FABP=
epidermal-type fatty acid binding protein.
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Next, we examined differences in discrimination between the base and expanded model,
using the Harrell’s c-statistic for censored survival data17. The c-statistic indicates the ability to
distinguish between patients who will and will not get an event. Subsequently, we calculated the
net reclassification index suitable for censored survival data18. The continuous NRI (cNRI) was
reported in the absence of well-established risk categories for diabetes patients. The cNRI defines
upward or downward movement by any increase or decrease in probabilities of the outcome19.
To assess potential clinical impact we calculated the categorical NRI using 4 clinically inspired
10-year risk categories (low risk [0-10%], intermediate risk [10-20%], high risk [20-30%] and
an additional very high risk category [>30%] given the higher levels of risks in patients with
diabetes). Confidence intervals for the NRI were obtained by 1000-fold bootstrap resampling
in each imputation set and taking the 2.5th and 97.5th percentile of the stacked distribution to
account for within and between imputation variance20. In addition, a graphical summary of
predicted probabilities by the base and expanded model for patients with and without CVD
events was provided to quantify changes in risk21
The current study population comprised both patients with and without prevalent CVD at
baseline. We performed sensitivity analyses to assess a potential differential effect of biomarkers
in patients with and without prevalent CVD by including multiplicative interaction terms in
the multivariable risk models. Further, we presented the performance measures separately for
patients with prevalent CVD. The subgroup of patients without prevalent CVD contained too
few events to present reliable estimates.
Data were missing in up to 12.9% of participants (Table 1). We performed 10-fold multiple
imputation by predictive mean matching using the R-library MICE. Results were pooled using
Rubin’s rule except for variance estimates of the NRI as explained above. All statistical analyses
were conducted in R, version 3.0.3 (R Development Core Team, Vienna, Austria).
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Adiponectin
NT-proBNP
MMP-1
MMP-3
MMP-9
bFGF
PLGF
sFlt-1
VEGF
Osteocalcin
Osteonectin
Osteopontin
H-FABP

Hazard Ratio (95%CI)
Figure 1. Multivariable adjusted hazard ratios for risk of major cardiovascular
events for the highest versus the lowest quartile of each biomarker (adjusted
for sex, age at diabetes diagnosis, duration of diabetes, HbA1c, systolic
blood pressure, TC/HDL ratio, urinary albumin/creatinine ratio, smoking
status and previous CVD).
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results
Baseline characteristics
Baseline characteristics of the SMART population are presented in table 1. Approximately twothirds of patients were male, had an average age of 59 years and a median duration of diagnosed
diabetes of 4 years. During a median follow-up of 9.2 years (IQR 7.2-11.1), 248 major
cardiovascular events occurred, comprising 120 myocardial infarctions, 64 strokes and 64 other
cardiovascular deaths. The average 10-year risk of major cardiovascular events was 25%. Of all
participants, 18% (n=181) were at low, 28% (n=281) at intermediate, 23% (n=233) at high and
31% (n=307) at very high 10-year CVD risk. The observed 10-year risks per category were 5%,
16%, 26% and 44%.

Associations with cardiovascular risk
Figure 1 shows the multivariable adjusted HRs for major cardiovascular events for each biomarker.
Significantly higher risks with increasing concentrations were observed for eight out of fourteen
evaluated markers: adiponectin (HR 1.25; 95%CI 1.04-1.51), NT-proBNP (HR 1.88; 95%CI
1.52-2.31), MMP-3 (HR 1.52; 95%CI 1.25-1.85), sFlt-1 (HR 1.26; 95%CI 1.08-1.47),
osteocalcin (HR 1.17; 95%CI 1.01-1.36), osteopontin (HR 1.52; 95%CI 1.29-1.78), H-FABP
(HR 1.33; 95%CI 1.16-1.52) and E-FABP (HR 1.16; 95%CI 1.00-1.34). Detailed statistics of the
base model are shown in supplement table 1 and global improvements in model fit after addition of
each biomarker in supplement table 2. None of the interactions between biomarkers and previous
CVD were significant (p-values >0.05), supporting the assumption of similar associations between
biomarkers and CVD risk in diabetes patients with and without prevalent CVD at baseline.

Improvements in predictive performance
The largest improvement in discriminatory power for a single biomarker was observed for the
addition of NT-proBNP with an increase in c-statistic of 0.02 (95%CI 0.00-0.04), as shown in
table 2. Slight improvements in c-statistics were also seen for MMP-3, osteopontin and H-FABP.
The backward selected combination of four complementary biomarkers resulted in a greater
improvement of 0.03 (95%CI 0.01-0.06). The cNRI was largest with the addition of osteopontin
to the base model (0.33; 95%CI 0.17-0.48), followed by NT-proBNP (0.27; 95%CI 0.10-0.45)
and MMP-3 (0.25; 95%CI 0.08-0.42). Some biomarkers including MMP-1, PLGF, sFlt-1 and
H-FABP had a modest effect, whereas the others did not substantially increase the cNRI (table
2). When assessing reclassification across predefined risk categories, improvements were generally
small. Only addition of NT-proBNP, osteopontin and MMP-3 yielded a moderate categorical
NRI of 0.05 or higher (table 3). The combination of four biomarkers showed an improvement in
categorical NRI of 0.085 (95%CI 0.001-0.174). The number of patients reclassified into different
risk categories by the complementary biomarker model is shown in table 4. Of 737 patients
without an event, 189 (25.4%) patients were correctly reclassified to a lower risk category and
94 (12.8%) were falsely reclassified to a higher risk category by the new biomarker model. On
the other hand, of 265 patients with an event, 37 (14.0%) of patients were correctly reclassified
upward and 46 (18.1%) patients were falsely reclassified downward by the biomarker model.
Results were comparable or slightly more favorable in the subgroup of patients with prevalent
CVD at baseline (supplement table 3). A graphical summary of predicted risks for patients with
a CVD event and patients without a CVD event by the base model versus predicted risks by the
expanded complementary biomarker model is shown in figure 2.
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Table 2. Differences in C-statistic and continuous NRI after addition of each
biomarker to the base model.
Biomarker

Change in c-statistic
(95%CI)

NRI (>0)
(95%CI)

Base model

0.70 (0.67-0.74)

-

Adiponectin

0.00 (0.00-0.01)

0.12 (-0.04-0.28)

NT-proBNP

0.02 (0.00-0.04)

0.27 (0.10-0.45)

MMP-1

0.00 (0.00-0.01)

0.18 (0.01-0.33)

MMP-3

0.01 (0.00-0.03)

0.25 (0.08-0.42)

MMP-9

0.00 (0.00-0.00)

0.01 (-0.17-0.17)

bFGF

0.00 (0.00-0.00)

0.03 (-0.1400.19)

PLGF

0.00 (-0.01-0.00)

0.18 (0.02-0.35)

sFlt-1

0.00 (-0.01-0.01)

0.19 (0.03-0.35)

VEGF

0.00 (-0.01-0.01)

0.09 (-0.07-0.25)

Osteocalcin

0.00 (-0.01-0.01)

-0.02 (-0.17-0.15)

Osteonectin

0.00 (0.00-0.01)

0.08 (-0.07-0.24)

Osteopontin

0.01 (0.00-0.03)

0.33 (0.17-0.48)

H-FABP

0.01 (0.00-0.02)

0.15 (-0.01-0.32)

E-FABP
NT-proBNP + MMP-3 +
Osteopontin + H-FABP

0.00 (0.00-0.01)

0.06 (-0.12-0.22)

0.03 (0.01-0.05)

0.39 (0.23-0.55)

NT-proBNP= N-terminal pro-B-type natriuretic peptide, MMP = matrix
metalloproteinase, bFGF= basic fibroblast growth factor, PlGF= placental growth
factor, sFLT = soluble fms-like tyrosine kinase, VEGF= vascular endothelial growth
factor, H-FABP= heart-type fatty acid binding protein, E-FABP= epidermal-type
fatty acid binding protein.
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Table 3. Reclassification after adding each biomarker to the base model
(categorical NRI)

Adiponectin
NT-proBNP
MMP-1
MMP-3
MMP-9
bFGF
PLGF
sFlt-1
VEGF
Osteocalcin
Osteonectin
Osteopontin
H-FABP
E-FABP
NT-proBNP
+ MMP-3 +
Osteopontin +
H-FABP

Persons with event,
%

Persons without event,
%

Up
6.8
13.4
5.9
12.0
3.6
1.9
4.7
10.0
6.1
7.2
5.9
10.3
8.2
8.0

Down
6.9
16.5
5.1
12.3
2.1
1.4
6.2
8.9
5.7
6.5
5.2
12.4
9.5
7.1

Down
9.1
22.7
6.3
15.3
3.7
1.7
4.2
11.1
6.4
6.6
5.2
18.8
13.2
7.0

Up
7.3
11.4
6.1
10.1
4.2
0.6
4.0
9.1
5.2
5.4
5.3
11.6
10.2
5.7

0.017 (-0.046-0.081)
0.083 (-0.010-0.172)
0.010 (-0.051-0.069)
0.049 (-0.027-0.126)
0.004 (-0.039-0.048)
0.016 (-0.018-0.052)
-0.013 (-0.068-0.044)
0.032 (-0.044-0.103)
0.016 (-0.041-0.083)
0.018 (-0.037-0.073)
0.006 (-0.049-0.072)
0.050 (-0.023-0.127)
0.017 (-0.056-0.089)
0.014 (-0.040-0.069)

14.0

18.1

25.4

12.8

0.085 (0.001-0.174)

NRI*

NT-proBNP=
N-terminal
pro-B-type
natriuretic
peptide,
MMP
=
matrix metalloproteinase, bFGF= basic fibroblast growth factor, PlGF=
placental growth factor, sFLT = soluble fms-like tyrosine kinase, VEGF=
vascular endothelial growth factor, H-FABP= heart-type fatty acid
binding protein, E-FABP= epidermal-type fatty acid binding protein.
* Four 10-year risk categories were constructed: 0-10%, 10-20%, 20-30%, >30%.
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Figure 2. Predicted risks with base model versus predicted risks with four biomarkers
(NT-proBNP, osteopontin, MMP-3 and H-FABP) added to the base model for
patients without CVD events and for patients with CVD events who had available
10-year follow-up (n=551).

discussion
The present study evaluated the improvement in CVD risk prediction with novel biomarkers
from different pathophysiological pathways in patients with type 2 diabetes. Of fourteen
biomarkers evaluated, NT-proBNP, osteopontin and MMP-3 and their combination with
H-FABP improved predictive performance on top of traditional risk factors, as measured by an
increase in discriminative power and accurate reclassification.
Currently available CVD risk scores for patients with type 2 diabetes were shown to
produce reasonable risk stratification and moderate risk discrimination8. In the present study we
evaluated novel biomarkers for their potential to improve predictive performance. Especially the
improvement in risk stratification is relevant given that the primary goal of CVD risk algorithms
is to inform patients of their risk and to guide treatment decisions22, 23. Although the number of
diabetes patients for whom medical CVD risk management is not beneficial is probably small,
risk prediction can be useful to decide on intensity of treatment. For example, the American
College of Cardiology/American Heart Association CVD prevention guideline recommends
moderate-intensity statin treatment for diabetes patients with a 10-year atherosclerotic CVD
risk <7.5%, whereas high-intensity statin treatment is recommended for patients at higher risk24.
Especially for (newer) treatments with a greater potential for side-effects, risk prediction can help
to select diabetes patients who are most likely to receive more benefits than harms of treatment.
In the current study, NT-proBNP showed the greatest potential to improve predictive
performance in diabetes patients. NT-proBNP is a polypeptide secreted by cardiomyocytes in
response to increased ventricular stretch and wall tension. A recent meta-analysis summarized
the incremental predictive value of measuring NT-proBNP in other populations25. The overall
adjusted risk ratio for the top third compared with the bottom third of NT-proBNP found
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in that study was 1.94 (95%CI 1.57-2.39) and is of comparable magnitude to our results.
Increments in c-statistics after adding NT-proBNP to conventional risk scores ranged from 0.01
to 0.10 in a variety of populations including patients with elevated CVD risk factors and stable
CVD at baseline, also in line with the present findings25. Further, the addition of NT-proBNP
resulted in a cNRI of 0.198 (95%CI 0.136-0.259) in a large general population study, whereas
the cNRI increased to 0.386 (95%CI 0.273-0.508) in a sample of diabetes patients from the
ADVANCE trial26, 27. The present study extends previous evidence in support of NT-proBNP
by demonstrating the incremental predictive value in a sample of diabetes patients from regular
clinical practice not restricted by the selection criteria of a clinical trial.
Table 4. Reclassification table after adding NT-proBNP, Osteopontin, MMP-3 and
H-FABP to the base model.
Base model +
biomarkers
10<10%
20%

2030%

>30% total

7

1

0

0

145

26

2

6

25

63

Reclassified
upward*

Reclassified
downward*

8

1

12.5%

-

-

0

173

28

16.2%

-

-

10

3

44

13

29.5%

6

13.6%

140

27

7

237

34

14.3%

63

26.6%

0

12

25

23

60

23

38.3%

12

20.0%

4

64

73

32

173

32

18.5%

68

39.3%

0

5

23

125

153

-

-

28

18.3%

Base model
<10%
Persons with event
Persons without
event
10-20%
Persons with event
Persons without
event
20-30%
Persons with event
Persons without
event
>30%
Persons with event

Persons without
1
14
43
96
154
58
event
* Numbers are based on KM-estimators, not actual event numbers and are averaged over 10
imputations sets

37.7%

Other biomarkers also showed significant associations with CVD risk, although the
increase in predictive performance varied. Only MMP-3 and osteopontin showed substantial
improvements (≥0.20) in the cNRI but had modest effects on the categorical NRI. MMP-3 is an
enzyme with the ability to degrade the connective tissue matrix on which atherosclerotic plaque
stability depends28. MMP-3 polymorphisms and plasma MMP-3 levels were previously shown
to be associated with CVD events29, 30. Osteopontin is a calcium-binding glycoprotein that has
been implicated to play a role in cellular immunity and progression of atherosclerosis and was
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independently related to CVD risk in patients with stable coronary artery disease31, 32. Further, a
recent study in type 1 diabetes patients demonstrated that osteopontin was associated with CVD
risk and improved risk classification on top of Framingham risk factors33. This is the first study
to quantify the predictive value of MMP-3 and osteopontin in type 2 diabetes patients.
The combination of the aforementioned biomarkers with H-FABP (i.e. a fatty acid
binding protein released from injured cardiomyocytes) resulted in the largest improvement in
c-statistic, cNRI and categorical NRI, illustrating that these biomarkers convey independent and
complementary information related to different biological pathways. Addition of isolated novel
biomarkers to the traditional risk model produced higher (i.e. more accurate) risk estimates for
patients who developed CVD events and lower risk estimates for patients who didn’t as measured
by the continuous NRI. However, the magnitude of changes in predicted risks were modest and
did not result in a significant shift of patients to other predefined risk categories as measured by
the categorical NRI. Hence, while these biomarkers can yield more accurate risk predictions, it
is equivocal whether these improved estimates would affect treatment decisions and ultimately
clinical outcome. In this respect, a combination of complementary biomarkers might be more
feasible and indeed relocated the greatest number of patients to a more appropriate risk category.
Strengths of this study included the wide variety in biomarkers from different
pathophysiological pathways evaluated, the substantial number of events and the long followup period. Further, this study was conducted in type 2 diabetes patients with and without
prevalent CVD, making the results applicable to the wide range of diabetes patients typically
seen in clinical practice. Furthermore, we reported different statistical measures to provide a
complete assessment of the incremental predictive value of the biomarkers studied. Limitations
of our study also merit consideration. The choice of appropriate risk thresholds to calculate the
categorical NRI was difficult given the sample composition and differences in risk threshold used
in various guidelines24, 34, 35. This constraint doesn’t apply to the cNRI which is marker rather than
model descriptive but lacks information on potential clinical consequences19. In addition, the
use of different statistical tests also produced different significance levels for a single biomarker.
Statistical significance is optimally assessed by the Wald or likelihood ratio chi-square statistic
since a comparison of c-statistics has inferior power to detect differences between nested models36,
37
. Given the relation between c-statistic and categorical NRI, these inferior statistical properties
probably also pertain the NRI18. However, the point estimates and 95%CI of the difference in
c-statistic and NRI remain useful to quantify the range of expected improvements while also
taking the number of statistical tests performed into account. Further, data was partly missing
for some predictor variables, although the biomarkers were successfully essayed in 97 percent of
the study population. We used multiple imputation to reduce bias and increase statistical rigour
and this approach has been show to adequately handle much larger proportions of missing data38.
Lastly, due to the smaller number of patients without prevalent CVD at baseline and few events
in these patients, results could not be presented for this subgroup separately.
In conclusion, in the present study we demonstrated that NT-proBNP, osteopontin and
MMP-3 and their combination with H-FABP were able to increase the predictive performance
of CVD risk models on top of traditional risk factors in patients with type 2 diabetes. Future
studies should evaluate the clinical benefits and economic costs of the modest improvements in
predictive utility offered by these biomarkers.
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suPPlement
Supplement table 1. Detailed statistics of base model
S0 (10) = 0.7969
Variable

HR

95% CI

p-value

Female sex

0.60

0.44

- 0.82

0.001

Age at diabetes diagnosis (years)

1.05

1.04

- 1.07

<0.001

Duration of diabetes (years)

1.07

1.04

- 1.09

<0.001

HbA1c (%)

0.75

0.38

- 1.50

0.417

HbA1c (squared, %)

1.02

0.98

- 1.06

0.410

Systolic blood pressure (mmHg)

0.95

0.90

- 1.00

0.034

Systolic blood pressure (squared, mmHg)

1.00

1.00

- 1.00

0.031

TC/HDL ratio (log, mmol/l)

1.48

1.03

- 2.14

0.036

UACR (log, μg/mg)*

1.21

1.10

- 1.32

<0.001

Current smoking

1.40

1.05

- 1.86

0.020

History of major macrovascular disease

1.65

1.19

- 2.26

0.002

S0(10)= 10-year baseline survival, UACR: urinary albumin/creatinin ratio, TC total cholesterol, HDL:
high density lipoprotein,
10-year CVD risk (%) = (1 - S0(10) exp(A+1.6817)) x 100%. A is the sum, over all variables in the model,
of the patient’s specific value times the corresponding coefficient.
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Supplement table 2. Global model fit statistics
Biomarker

Chi-square

p-value

Adiponectin

5.75

0.0165

NT-proBNP

35.19

<.0001

MMP-1

3.21

0.0734

MMP-3

17.38

<.0001

MMP-9

2.17

0.1403

bFGF

0.11

0.7442

PLGF

2.43

0.1189

sFlt-1

8.98

0.0027

VEGF

3.17

0.0752

Osteocalcin

4.26

0.039

Osteonectin

2.42

0.1195

Osteopontin

25.9

<.0001

H-FABP

16.72

<.0001

E-FABP

3.88

0.0488

NT-proBNP + MMP-3 +
Osteopontin + H-FABP

61.71

<.0001

Base model +

NT-proBNP= N-terminal pro-B-type natriuretic peptide, MMP = matrix
metalloproteinase, bFGF= basic fibroblast growth factor, PlGF= placental growth
factor, sFLT= soluble fms-like tyrosine kinase, VEGF= vascular endothelial growth
factor, H-FABP= heart-type fatty acid binding protein, E-FABP= epidermal-type
fatty acid binding protein.
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Supplement table 3. Differences in c-statistic, continuous and categorical NRI after
addition of each biomarker to the base model in patients with previous cardiovascular
disease (n=671)
Biomarker

Change in c- statistic NRI (>0)
(95%CI)
(95%CI)

categorical NRI*
(95%CI)

Base model

0.64 (0.60-0.69)

-

Adiponectin

0.00 (-0.01-0.01)

0.12 (-0.06-0.32)

0.018 (-0.075-0.034)

NT-proBNP

0.03 (0.01-0.06)

0.28 (0.07-0.47)

0.097 (-0.004-0.199)

MMP-1

0.00 (-0.01-0.01)

0.21 (0.10-0.39)

0.020 (-0.056-0.092)

MMP-3

0.01 (-0.01-0.04)

0.30 (0.10-0.51)

0.107 (0.014-0.200)

MMP-9

0.00 (-0.01-0.01)

0.11 (-0.07-0.31)

0.018 (-0.049-0.090)

bFGF

0.00 (0.00-0.00)

0.04 (-0.17-0.24)

-0.007 (-0.062-0.047)

PLGF

0.00 (-0.01-0.01)

0.25 (0.05-0.44)

-0.029 (-0.089-0.027)

sFlt-1

0.00 (-0.01-0.02)

0.19 (0.00-0.39)

0.056 (-0.037-0.151)

VEGF

0.00 (-0.01-0.01)

0.08 (-0.12-0.27)

-0.030 (-0.106-0.044)

Osteocalcin

0.00 (-0.01-0.01)

-0.03 (-0.22-0.17)

-0.012 (-0.069-0.054)

Osteonectin

0.01 (-0.01-0.02)

0.12 (-0.07-0.31)

0.004 (-0.067-0.073)

Osteopontin

0.01 (-0.01-0.03)

0.40 (0.21-0.60)

0.044 (-0.052-0.145)

H-FABP

0.01 (-0.01-0.02)

0.19 (0.00-0.38)

0.007 (-0.073-0.088)

E-FABP

0.01 (-0.01-0.03)

0.18 (-0.01-0.37)

0.053 (-0.026-0.137)

NT-proBNP + MMP3 + Osteopontin +
H-FABP

0.03 (0.01-0.05)

0.47 (0.27-0.66)

0.160 (0.049-0.271)

NT-proBNP=
N-terminal
pro-B-type
natriuretic
peptide,
MMP
=
matrix metalloproteinase, bFGF= basic fibroblast growth factor, PlGF=
placental growth factor, sFLT = soluble fms-like tyrosine kinase, VEGF=
vascular endothelial growth factor, H-FABP= heart-type fatty acid
binding protein, E-FABP= epidermal-type fatty acid binding protein.
*Four 10-year risk categories were constructed: 0-10%, 10-20%, 20-30%, >30%.
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abstract
Objectives: A remarkable variation exists in the cardiometabolic consequences of obesity. We
evaluated the separate and combined effects of adiposity and cardiometabolic dysfunction on the
occurrence of cardiovascular events and mortality in patients with vascular disease.
Methods: We prospectively followed 5231 patients with a history of clinical cardiovascular
disease without diabetes from the Second Manifestations of ARTerial disease (SMART) study.
Patients were classified according to body-mass index and cardiometabolic function. The presence
of cardiometabolic dysfunction was defined as ≥3 of the modified NCEP metabolic syndrome
criteria (waist circumference replaced by elevated C-reactive protein). Cox proportional-hazards
analysis was used to estimate hazard ratios for cardiovascular events and mortality.
Results: The prevalence of cardiometabolic dysfunction was 40% in normal weight, 58% in
overweight and 75% in obese patients. During a median follow-up of 6.1 years, 769 patients died
and 705 patients experienced a major cardiovascular event. In the absence of cardiometabolic
dysfunction, overweight (HR 1.18, 95%CI 0.90-1.55) and obese patients (HR 0.93, 95%CI
0.53-1.64) were not at increased risk of recurrent major cardiovascular events compared to
normal weight patients without cardiometabolic dysfunction. An increased cardiovascular risk
was observed in patients with cardiometabolic dysfunction and normal weight (HR 1.58, 95%CI
1.23-2.04), overweight (HR 1.35, 95%CI 1.07-1.70) and obesity (HR 1.50, 95%CI 1.12-2.00)
compared to normal weight patients without cardiometabolic dysfunction. A similar pattern was
observed for vascular and all-cause mortality.
Conclusion: In patients with vascular disease, the cardiometabolic consequences of adiposity
rather than adiposity per se increase the risk of recurrent cardiovascular events and mortality.

Risk of adiposity and cardiometabolic dysfunction

introduction
Obesity is a growing worldwide health problem associated with excess risk of morbidity and
mortality1. Obesity relates to metabolic changes such as dyslipidaemia, insulin resistance,
hypertension and an inflammatory state that increase the risk of cardiovascular disease and type
2 diabetes2. A remarkable variation exists in the cardiometabolic consequences of obesity. Some
obese patients have minor or no metabolic abnormalities, the so-called metabolically healthy
obese3, whereas normal weight individuals may suffer from numerous metabolic disturbances
typically seen in obesity, the so-called metabolically obese with normal weight4. As much as 30%
of overweight and obese individuals are metabolically healthy and up to 24% of normal weight
adults are metabolically abnormal3, 5. Different criteria have been used to define such phenotypes,
but all refer to a common set of traditional cardiovascular risk factors, inflammatory markers
and markers of insulin resistance5. The heterogeneity in obesity subtypes has been related to
differences in body fat distribution, showing higher intra-abdominal fat content in metabolically
abnormal compared to metabolically normal obese individuals3, 6. Accumulation of intraabdominal fat is known to be particularly detrimental and precedes adipose tissue dysfunction,
resulting in impaired insulin signaling, disordered lipid metabolism and increased secretion of
pro-inflammatory cytokines7, 8. Furthermore, abnormal metabolic profiles have been linked to
lower birth weight, later onset of obesity and decreased cardio-respiratory fitness5, 9.
The clinical impact of metabolic phenotypes is underscored by prospective studies
demonstrating that obesity in the absence of cardiometabolic dysfunction is not, or to lesser
extent, associated with increased cardiovascular risk in populations without prevalent diseases10-12.
In patients in the chronic phase of vascular disease the effect of adiposity subtypes is unknown
and obesity is not or even inversely related to recurrent CVD risk or mortality, referred to as the
obesity paradox13. However, risk factor clustering showed to increase the risk of new events in
vascular patients14. We hypothesize that the cardiometabolic consequences of adiposity and not
adiposity per se explain the variation in cardiovascular risk associated with obesity in patients with
vascular disease. Therefore the aim of the present study is to determine the separate and combined
effects of adiposity and cardiometabolic dysfunction on the occurrence of cardiovascular events
and mortality in vascular patients.
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methods
Study population
The Secondary Manifestations of ARTerial disease (SMART) study is an ongoing prospective
single-centre cohort study at the University Medical Centre Utrecht, The Netherlands. Study
patients were newly referred to the hospital with manifest atherosclerotic disease or for the
management of cardiovascular risk factors (i.e. hypertension, hyperlipidaemia or diabetes).
Patients were screened for manifestations of atherosclerotic diseases and risk factors other than
the qualifying diagnosis. Exclusion criteria were age under 18 years, malignancy, dependency
in daily activities and insufficient fluency in the Dutch language. The Ethics Committee of the
University Medical Centre Utrecht approved the study and all participants gave their written
informed consent. A detailed description of the study has been published previously15.
For the current study, we used a sample of the 9737 patients enrolled between 1996 and
2012. We selected 5431 patients with either a history or recent diagnosis of clinically manifest
vascular disease without diabetes. Diabetes was defined as a referral diagnosis of diabetes, selfreported diabetes, the use of glucose-lowering agents or a baseline plasma glucose concentration
of ≥7.0 mmol/L with initiation of glucose-lowering treatment within 1 year after inclusion. We
excluded patients with diabetes as they were considered to be at the far end of cardiometabolic
dysregulation and have a well-established increased risk of cardiovascular events. Patients with
a body mass index (BMI) <20 kg/m2 (n=145) were excluded, as the risk of mortality strongly
increases with lower BMI in patients with vascular disease. Lastly, patients with high sensitive
C-reactive protein >20 mg/L (n=54) were excluded, as these hsCRP levels more likely reflect
an acute inflammatory response rather than chronic low-grade inflammation associated with
adipose tissue dysfunction. The remaining 5232 patients were eligible for analyses; 3120 patients
had coronary heart disease, 1531 cerebrovascular disease, 972 peripheral arterial disease and
464 abdominal aortic aneurysm. A total of 855 patients suffered from multiple sorts of vascular
disease.

Baseline Examination
Participants completed a questionnaire on cardiovascular history, risk factors, medication use
and physical activity. BMI, weight in kilograms divided by the square of height in meters, was
computed after a standardized anthropometric measurement protocol. Waist circumference was
measured halfway between the lower rib and the iliac crest. Fasting venous blood samples were
taken to determine serum lipids, glucose, creatinine and hsCRP levels. The techniques used for
the laboratory tests have been described previously15. Additionally, visceral and subcutaneous
abdominal fat were measured in a subset (81% of study population) using ultrasonography,
a technique validated for this purpose16. Visceral fat was estimated by measuring the distance
between the peritoneum and the lumbar spine or psoas muscles. The distance between the
linea alba and the skin was used to estimate the amount of subcutaneous fat. Each distance was
measured 3 times at 3 different positions providing a mean that was used in the analyses.

2.9 ± 1.0
321 (30)
614 (58)

8.0 ± 1.8

7.2 ± 1.8
401 (56)
528 (74)
521 (73)

88 ± 8
99 ± 5
2.1 ± 0.9

86 ± 9
98 ± 5
2.1 ± 1.0

654 (62)
606 (57)
771 (73)

0 (0 - 4)

0 (0 - 1)

26 (9 - 53)

3.2 ± 1.1
346 (48)
301 (42)

0.01
<0.01
0.91

<0.01

<0.01
0.34
0.10

0.05

<0.01

<0.01
<0.01
<0.01

<0.01

<0.01
<0.01

<0.01

<0.01
0.06

<0.01

<0.01
0.12

p-value

752 (69)
755 (70)
864 (80)

8.7 ± 2.0

95 ± 8
104 ± 5
2.5 ± 1.1

0 (0 - 2)

39 (21 - 66)

2.8 ± 1.0
271 (25)
704 (65)

138 ± 20
82 ± 11
1.1 (0.9 1.4)
1.4 ± 0.3
5.5 ± 0.6
1.2 (0.7 1.9)

27.0 ± 1.3

42
59 ± 11
226 (21)

Overweight
Without
CMD
(n=1084)

984 (65)
1179 (77)
1153 (76)

9.7 ± 2.0

98 ± 7
105 ± 5
2.4 ± 1.3

0 (0 - 4)

30 (11 - 59)

3.1 ± 1.0
521 (34)
721 (47)

142 ± 21
82 ± 11
1.8 (1.3
-2.5)
1.1 ± 0.3
6.0 ± 0.7
3.0 (1.8 5.1)

27.3 ± 1.4

58
60 ±10
308 (20)

With
CMD
(n=1524)

0.01
<0.01
0.02

<0.01

<0.01
<0.01
0.23

<0.01

<0.01

<0.01
<0.01
<0.01

<0.01

<0.01
<0.01

<0.01

<0.01
0.40

<0.01

0.02
0.73

p-value

173 (82)
163 (77)
179 (84)

10.2 ± 2.6

106 ± 10
114 ± 7
3.2 ± 1.4

2.6 ± 0.9
55 (26)
127 (60)
43 (21 74)
0 (0 - 2)

140 ± 19
83 ± 11
1.1 (0.9 1.4)
1.4 ± 0.3
5.7 ± 0.7
1.4 (0.8 2.4)

32.6 ± 2.8

25
58 ± 11
76 (36)

Obesity
Without
CMD
(n=212)

434 (68)
529 (83)
475 (75)

109 ± 10
114 ± 8
3.2 ± 1.5
11.3 ±
2.4

3.0 ± 1.0
230 (36)
314 (49)
26 (10 55)
0 (0 - 4)

142 ± 20
84 ± 12
1.8 (1.4
-2.5)
1.1 ± 0.3
6.2 ± 0.9
3.4 (1.8 6.2)

75
58 ±10
201 (32)
33.1 ±
2.8

With
CMD
(n=639)

a
mean ± standard deviation; b median with interquartile range; † Pearson’s r for BMI and subcutaneous fat was 0.32, and for BMI and visceral
fat 0.56. CMD: cardiometabolic dysfunction; BMI: body mass index; HDL: high density lipoprotein; hs-CRP: high-sensitivity C-reactive
protein, LDL: low density lipoprotein; MET: metabolic equivalent of task.

Medications
Lipid lowering agents, n(%)
Blood pressure lowering agents, n(%)
Anti platelet agents, n(%)

Visceral fat (cm)a†

Years since first vascular event (years) b
Adiposity measures
Waist circumference (cm)a
Hip circumference (cm)a
Subcutaneous fat (cm)a†

Physical activity (hours*MET*week-1) b 40 (19 - 67)

Other risk factors
LDL-cholesterol (mmol/L) a
Current smoking, n(%)
Current alcohol consumption, n(%)

1.0 (0.5 - 1.9)

1.5 ± 0.4
5.4 ± 0.6

hs-CRP (mg/L) b

1.0 (0.8 - 1.3)

HDL-cholesterol (mmol/L) a
Fasting glucose a

141 ± 21
81 ± 12
1.7 (1.1 2.3)
1.1 ± 0.3
5.9 ± 0.7
3.3 (1.6 5.7)

23.3 ± 1.3

23.1 ± 1.3
137 ± 22
80 ± 12

40
61 ±10
193 (27)

With
CMD
(n=717)

60
59 ± 11
233 (31)

Triglycerides (mmol/L) b

Metabolic dysfunction criteria
Systolic blood pressure (mmHg) a
Diastolic blood pressure (mmHg) a

BMI (kg/m2) a

Proportion of BMI category (%)
Age (years) a
Females (%)

Normal weight
Without
CMD
(n=1056)

Table 1. Baseline Characteristics (n=5232)

<0.01
0.07
<0.01

<0.01

<0.01
0.72
0.72

0.11

<0.01

<0.01
<0.01
<0.01

<0.01

<0.01
<0.01

<0.01

0.20
0.42

0.03

0.40
0.27

p-value
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Definitions
Adiposity subtypes were based on the presence or absence of cardiometabolic dysfunction and
BMI level. Cardiometabolic dysfunction was defined as the presence of three or more of five
cardiometabolic risk factors: elevated blood pressure (≥130 mmHg systolic or ≥85 mmHg diastolic
or use of blood pressure-lowering agents), hypertriglyceridemia (≥1.70 mmol/l or treatment for
elevated triglycerides), low high-density lipoprotein(HDL)-cholesterol (<1.03mmol/L for men
and <1.30 in women), a high fasting glucose (≥5.6 mmol/l or use of glucose-lowering agents)
or elevated hsCRP (≥2 mg/L). The first four criteria are similar to the National Cholesterol
Education Program (NCEP) revised criteria17, whereas waist circumference was replaced by
elevated hsCRP. Normal weight was defined as a BMI of ≥20 and <25 kg/m2, overweight as a
BMI ≥25 and <30kg/m2 and obesity as a BMI ≥30 kg/m2. An integrated measure of physical
activity was calculated based on type and duration of physical activity. The time spent on a
specific activity per week was multiplied by its metabolic equivalent intensity level (MET)18 and
summed if more than one type of activity was reported.

Follow-up and clinical endpoints
Patients were biannually asked to complete a questionnaire on hospitalizations and outpatient
clinic visits. Outcomes of interest for this study were myocardial infarction, stroke, vascular
death, major cardiovascular events as a composite of these three, and all-cause mortality.
Definitions of events are shown in appendix 1. When a possible event was reported, hospital
discharge letters and results of relevant laboratory and radiology examinations were collected.
Death and cause of death were reported by relatives of the participant, the general practitioner
or the medical specialist. All events were adjudicated by three members of the SMART study
Endpoint Committee, comprising physicians from different departments. Follow-up duration
was defined as the period between study inclusion and first cardiovascular event or death from
any cause, date of loss to follow-up or the pre-selected date of March 1st, 2012. Of the 5232
participants, 187 (3.6%) were lost to follow-up due to migration or discontinuation of the study.

Data analyses
Central estimators and variance measures were calculated for baseline characteristics. Normally
distributed data were compared using Student’s t-test, skewed data with the Mann-Whitney test
and proportions with the chi-square test. Subsequently, Cox proportional hazards analysis was
used to estimate hazard ratios (HR) and 95% confidence intervals (CI) for the occurrence of new
vascular events and mortality associated with adiposity subtypes. If a patient had multiple events,
the first recorded event was used. The age and gender adjusted associations were examined in
model I. To account for other extraneous risk factors for atherosclerosis, current smoking, current
alcohol consumption, physical activity (low, moderate or high), use of lipid-lowering agents, use
of anti-platelet agents, years since first vascular event and number of affected vascular territories
(one or more) were additionally included in model II. The proportional hazards assumption was
verified by correlating Schoenfeld’s residuals with time and no departures from proportionality
were observed. Effect modification between age and both BMI and cardiometabolic dysfunction
was evaluated. We further estimated the effect of cardiometabolic dysfunction independent of
BMI and aforementioned covariables. Next, the effect of an increase in level of cardiometabolic
dysfunction was studied by grouping individuals according to the number of cardiometabolic risk
factors (0-1, 2-3 or 4-5). For this purpose overweight and obese patients were combined to avoid

Risk of adiposity and cardiometabolic dysfunction

subgroups with too little events. Sensitivity analyses were performed to compare classification
according to the modified and the original NCEP-revised criteria inclusive of abdominal obesity
(waist circumference ≥102 cm in men and ≥88 cm in women)17. Further, adiposity subgroups
were constructed based on sex-specific tertiles of ultrasonically measured visceral fat instead of
BMI.
To reduce bias and increase statistical rigour, missing values were completed by single regression
imputation using predictive mean matching; fasting glucose (n=30; 0.6%), triglycerides (n=34;
0.6%), HDL-cholesterol (n=36; 0.7%), systolic blood pressure (n=37; 0.7%), diastolic blood
pressure (n=40; 0.8%), hsCRP (n=99; 1.9%), physical activity (n=61; 1.2%), waist circumference
(n=757, 14.5%), BMI (n=10; 0.2%) and years since first vascular event (n=15; 0.3%). Statistical
analyses were performed with the open source statistical package R, version 2.15.2.

results
Baseline characteristics
The study population comprised mainly Caucasian patients (≥95%) with an average age of 61±10
years. The majority of patients were male (75%). Baseline characteristics stratified according to
adiposity and cardiometabolic dysfunction are presented in Table 1. Within these strata, BMI
was comparable among patients with and without cardiometabolic dysfunction. The prevalence
of cardiometabolic dysfunction was 40% (n=717) in normal weight patients, 58% (n=1524) in
overweight and 75% (n=639) in obese patients. During a median follow-up of 6.1 years (IQR
3.1–9.3 years) with a total follow-up of 33,797 person-years, 769 participants died of whom
399 died from a vascular cause. The composite of major cardiovascular events occurred in 705
participants, 376 experienced a myocardial infarction and 214 a stroke.

Risk of adiposity subtypes on cardiovascular events and all-cause mortality
In the absence of cardiometabolic dysfunction, overweight (HR 1.18, 95%CI 0.90-1.55) and
obese patients (HR 0.93, 95%CI 0.53-1.64) did not have an increased risk of major cardiovascular
events compared to normal weight patients without cardiometabolic dysfunction (Table 2).
Similarly, overweight (HR 1.03, 95%CI 0.80-1.33) and obese patients (HR 0.88, 95%CI 0.511.53) without cardiometabolic dysfunction did not appear to be at increased risk of all-cause
mortality (Table 3). Alternatively, normal weight patients with cardiometabolic dysfunction were at
increased risk of major cardiovascular events (HR 1.58, 95%CI 1.23-2.04) and all-cause mortality
(HR 1.41, 95%CI 1.12-1.78) compared to normal weight patients without cardiometabolic
dysfunction (Table 2 & 3). Irrespective of adiposity, the presence of cardiometabolic dysfunction
increased the risk of major cardiovascular events (HR 1.35, 95%CI 1.15-1.60) and mortality
(HR 1.26, 95%CI 1.08-1.48). Similar trends were observed for myocardial infarction, stroke and
vascular mortality (Tables 2 & 3). Age did not modify these relations (p-values >0.11).
Classification of adiposity subtypes according to the traditional metabolic syndrome definition
showed similar but attenuated effects on risk of major cardiovascular events and mortality (table
4). Further, categorization of adiposity subtypes based on visceral fat showed a trend towards
higher risk of major cardiovascular events across tertiles, both in the presence and absence of
cardiometabolic dysfunction. Moreover, patients in the intermediate and highesttertile of visceral
fat without cardiometabolic dysfunction were at significantly increased risk of all-cause mortality
compared to patients in the lowest tertile (table 5).
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Table 2. The risk of adiposity in the presence or absence of cardiometabolic
dysfunction on recurrent cardiovascular events.
Major cardiovascular events†
Normal weight
without CMD
with CMD
Overweight
without CMD
with CMD
Obese

without CMD
with CMD

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

102/1056
150/717

1
1.93 (1.50-2.48)

1
1.58 (1.23-2.04)

109/1084
243/1524

1.13 (0.86-1.48)
1.53 (1.22-1.93)

1.18 (0.90-1.55)
1.35 (1.07-1.70)

14/212
87/639

0.85 (0.49-1.49)
1.66 (1.24-2.21)

0.93 (0.53-1.64)
1.50 (1.12-2.00)

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

47/1056
72/717

1
2.03 (1.41-2.93)

1
1.68 (1.16-2.44)

61/1084
141/1524

1.31 (0.89-1.92)
1.87 (1.35-2.61)

1.33 (0.91-1.95)
1.62 (1.16-2.26)

5/212
50/639

0.65 (0.26-1.62)
1.94 (1.30-2.89)

0.69 (0.27-1.73)
1.69 (1.13-2.53)

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

33/1056
47/717

1
1.90 (1.21-2.96)

1
1.58 (1.01-2.48)

37/1084
65/1524

1.18 (0.74-1.89)
1.28 (0.84-1.94)

1.25 (0.78-2.01)
1.17 (0.77-1.78)

7/212
25/639

1.28 (0.56-2.89)
1.42 (0.84-2.40)

1.36 (0.60-3.08)
1.33 (0.79-2.25)

Myocardial infarction
Normal weight
without CMD
with CMD
Overweight
without CMD
with CMD
Obese

without CMD
with CMD

Stroke
Normal weight
without CMD
with CMD
Overweight
without CMD
with CMD
Obese

without CMD
with CMD

CMD: cardiometabolic dysfunction (≥3 risk factors). Risk factors: (i) elevated blood pressure
(≥130 mmHg SBP and/or ≥85 mmHg DBP, (ii) hypertriglyceridemia (≥1.70 mmol/l), (iii)
low HDL (<1.03 mmol/L for men and <1.30 for women), (iv) high fasting glucose (>5.6
mmol/l), (v) elevated hsCRP (≥2 mg/l). † Major cardiovascular events is a composite of
stroke, myocardial infarction, retinal infarction and vascular mortality. *Multivariable model
adjusted for age, sex, smoking status, alcohol consumption, physical activity, use of lipid
lowering agents, use of anti-platelet agents, number of affected vascular territories and years
since first vascular event
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Table 3. The risk of adiposity in the presence or absence of cardiometabolic
dysfunction on vascular and all-cause mortality
All-cause mortality
Normal weight
without CMD
with CMD
Overweight
without CMD
with CMD
Obese

without CMD
with CMD

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

128/1056
176/717

1
1.73 (1.38-2.17)

1
1.41 (1.12-1.78)

114/1084
252/1524

1.00 (0.78-1.29)
1.27 (1.03-1.57)

1.03 (0.80-1.33)
1.13 (0.91-1.40)

14/212
85/639

0.81 (0.47-1.41)
1.51 (1.15-2.00)

0.88 (0.51-1.53)
1.37 (1.04-1.82)

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

56/1056
100/717

1
2.26 (1.63-3.14)

1
1.74 (1.25-2.42)

57/1084
131/1524

1.14 (0.79-1.65)
1.52 (1.11-2.09)

1.18 (0.82-1.71)
1.29 (0.94-1.77)

8/212
47/639

1.05 (0.50-2.21)
1.94 (1.31-2.87)

1.20 (0.57-2.53)
1.70 (1.15-2.52)

Vascular mortality
Normal weight
without CMD
with CMD
Overweight
without CMD
with CMD
Obese

without CMD
with CMD

CMD: cardiometabolic dysfunction (≥3 risk factors). Risk factors: (i) elevated
blood pressure (≥130 mmHg SBP and/or ≥85 mmHg DBP, (ii) hypertriglyceridemia
(≥1.70 mmol/l), (iii) low HDL (<1.03 mmol/L for men and <1.30 for women), (iv)
high fasting glucose (>5.6 mmol/l), (v) elevated hsCRP (≥2 mg/l). *Multivariable
model adjusted for age, sex, smoking status, alcohol consumption, physical activity,
use of lipid lowering agents, use of anti-platelet agents, number of affected vascular
territories and years since first vascular event
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Table 4. The risk of adiposity in the presence or absence of traditional metabolic
syndrome on recurrent vascular events and mortality
Major cardiovascular events†
Events / n
Normal weight
without MetS
155/1299
with MetS
97/474

Age and sex adjusted HR

Multivariable adjusted HR*

1
1.59 (1.23-2.05)

1
1.43 (1.11-1.85)

Overweight
without MetS
with MetS

146/1207
206/1401

1.08 (0.86-1.35)
1.20 (0.98-1.48)

1.13 (0.90-1.42)
1.15 (0.93-1.42)

Obese
without MetS
with MetS

9/129
92/722

0.74 (0.38-1.44)
1.31 (1.01-1.69)

0.85 (0.43-1.67)
1.28 (0.99-1.67)

Events / n

Age and sex adjusted HR

Multivariable adjusted HR*

188/1299
116/474

1
1.48 (1.17-1.87)

1
1.37 (1.08-1.73)

Overweight
without MetS
with MetS

157/1207
209/1401

1.00 (0.81-1.23)
1.02 (0.84-1.24)

1.05 (0.85-1.30)
1.00 (0.82-1.21)

Obese
without MetS
with MetS

8/129
91/722

0.63 (0.31-1.28)
1.26 (0.98-1.63)

0.74 (0.36-1.50)
1.25 (0.97-1.62)

All-cause mortality
Normal weight
without MetS
with MetS

MetS: Metabolic Syndrome (≥3 risk factors). Risk factors: (i) elevated blood
pressure (≥130 mmHg SBP and/or ≥85 mmHg DBP, (ii) hypertriglyceridemia (≥1.70
mmol/l), (iii) low HDL (<1.03 mmol/L for men and <1.30 for women), (iv) high
fasting glucose (>5.6 mmol/l), (v) abdominal adiposity (waist circumference ≥102
cm in men and ≥88 cm in women) † Major cardiovascular events is a composite
of stroke, myocardial infarction, retinal infarction and vascular mortality.
*Multivariable model adjusted for age, sex, smoking status, alcohol consumption,
physical activity, use of lipid lowering agents, use of anti-platelet agents, number
of affected vascular territories and years since first vascular event
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Risk of adiposity and number of cardiometabolic risk factors on cardiovascular
events and all-cause mortality
Overweight or obese patients with 0 or 1 cardiometabolic risk factor did not have an increased
risk of major cardiovascular events (HR 1.23, 95%CI 0.75-2.03) or all-cause mortality (HR
1.00, 95%CI 0.61-1.64) compared to normal weight patients with 0 or 1 risk factor (Figure
1). In normal weight patients, the presence of 2 or 3 risk factors was associated with a trend
towards higher risk and the presence of 4 or 5 risk factors conferred an increased risk of major
cardiovascular events (HR 2.25, 95%CI 1.47-3.45) and all-cause mortality (HR 1.86, 95%CI
1.26-2.74). Similar trends were seen for myocardial infarction, stroke and vascular mortality.

discussion
In patients with clinical vascular disease, cardiometabolic dysfunction was associated with
increased risk of cardiovascular events and mortality irrespective of the presence or severity of
adiposity. Overweight and obesity without cardiometabolic dysfunction did not appear to confer
an increased risk of recurrent cardiovascular events and all-cause mortality.
In this study we used a definition of cardiometabolic dysfunction based on the revised NCEP
criteria for the metabolic syndrome17. Waist circumference was omitted as it is highly correlated
with BMI, which would automatically increase the number of metabolic syndrome criteria in
overweight and obese individuals1. Instead, we incorporated hsCRP in the cardiometabolic
dysfunction definition as it reflects the functional and systemic consequences of excess visceral fat,
typified by an increased release of free fatty acids and the secretion of pro-inflammatory cytokines7,
8
. This metabolic situation is referred to as adipose tissue dysfunction and is considered to be
the ‘common soil’ underlying the clustering of cardiometabolic risk factors19. Further, elevated
plasma concentrations of hsCRP have been directly related to an increased cardiovascular risk20.
The distinct pathophysiological role of intra-abdominal fat was underscored by a higher
waist circumference and visceral fat thickness in patients with cardiometabolic dysfunction. This
is not surprising given the direct association between, amongst others, visceral fat and hsCRP in
this population21. Log hsCRP levels increased with 0.10 mg/l in men and 0.11 mg/l in women
per standard deviation increase in visceral fat21. Further, defining adiposity subgroups by visceral
fat showed an increased risk of all-cause mortality across higher tertiles, even in the absence of
cardiometabolic dysfunction. These observations support the notion that both BMI and waist
circumference are imperfect reflections of the detrimental visceral adipose tissue compartment22.
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Table 5. The risk of visceral adiposity measured by ultrasound in the presence or
absence of cardiometabolic dysfunction on recurrent vascular events and mortality

Major cardiovascular events†
Events / n

Age and sex adjusted
HR

Multivariable adjusted
HR*

Lowest tertile
without CMD
with CMD

54/937
49/463

1
1.70 (1.16-2.51)

1
1.44 (0.97-2.12)

Intermediate tertile
without CMD
with CMD

43/640
84/732

1.10 (0.74-1.64)
1.91 (1.36-2.69)

1.10 (0.73-1.64)
1.60 (1.13-2.26)

Highest tertile
without CMD
with CMD

33/425
138/1022

1.24 (0.80-1.91)
2.07 (1.51-2.84)

1.23 (0.80-1.91)
1.70 (1.24-2.35)

Events / n

Age and sex adjusted
HR

Multivariable adjusted
HR*

Lowest tertile
without CMD
with CMD

43/937
52/463

1
2.24 (1.49-3.35)

1
1.75 (1.16-2.63)

Intermediate tertile
without CMD
with CMD

51/640
72/732

1.56 (1.04-2.34)
2.00 (1.37-2.91)

1.53 (1.02-2.29)
1.62 (1.11-2.38)

Highest tertile
without CMD
with CMD

39/425
133/1022

1.72 (1.11-2.65)
2.21 (1.57-3.12)

1.66 (1.08-2.57)
1.73 (1.22-2.46)

All-cause mortality

CMD: cardiometabolic dysfunction (≥3 risk factors). Risk factors: (i) elevated
blood pressure (≥130 mmHg SBP and/or ≥85 mmHg DBP, (ii) hypertriglyceridemia
(≥1.70 mmol/l), (iii) low HDL (<1.03 mmol/L for men and <1.30 for women),
(iv) high fasting glucose (>5.6 mmol/l), (v) elevated hsCRP (≥2 mg/l). † Major
cardiovascular events is a composite of stroke, myocardial infarction, retinal
infarction and vascular mortality. *Multivariable model adjusted for age, sex,
smoking status, alcohol consumption, physical activity, use of lipid lowering
agents, use of anti-platelet agents, number of affected vascular territories and years
since first vascular event
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a. Major cardiovascular events
5

hazard ratio

4
3

0-1 criteria

2

2-3 criteria

1
0

p<0.01

p<0.05

normal weight

overweight/obese

4-5 criteria

c. Stroke
5

4

4
hazard ratio

hazard ratio

b. Myocardial infarction
5

3
2
1

2
1

p<0.01

0

3

normal weight

p<0.01

0

overweight/obese

4

4
hazard ratio

hazard ratio

5

2

overweight/obese

3
2
1

1
p<0.01

0

normal weight

p=0.72

e. Vascular mortality

d. All-cause mortality
5

3

p<0.05

p=0.40

0
normal weight

overweight/obese

p<0.01

p=0.38

normal weight

overweight/obese

Figure 1. The risk of adiposity and level of cardiometabolic dysfunction on recurrent
cardiovascular events and mortality. Hazard ratios adjusted for age, sex, current
smoking, alcohol consumption, physical activity, use of lipid lowering agents, use of
anti-platelet agents, years since first vascular event and number of affected vascular
territories. Categorized by normal weight (20-25kg/m2) and overweight or obesity
(>25kg/m2); p= p for trend.
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This is the first study to evaluate the separate and combined effects of adiposity and
cardiometabolic dysfunction in the patient with manifest vascular disease. The current findings
shed a different light on the obesity paradox which suggests a survival benefit for overweight and
obese compared to normal weight patients with vascular disease13. We demonstrated that a subset
of overweight and obese patients, i.e. those with cardiometabolic dysfunction, was at higher
risk compared to normal weight individuals without cardiometabolic dysfunction. By contrast,
normal weight patients with cardiometabolic dysfunction were also at high risk of cardiovascular
events and mortality thereby negating a potential risk difference with overweight and obese
patients. The inverse relation between adiposity and cardiovascular risk in vascular patients may
thus partly result from differences in the cardiometabolic burden of adiposity.
Our findings are in accordance with previous longitudinal studies in populations without
prevalent diseases showing that overweight and obesity in the absence of metabolic dysfunction
are not associated with increased cardiovascular risk10-12. Opposite findings were observed by
others. A recent report of the Copenhagen General Population study did not find a low-risk
adiposity subtype, but did not take the inflammatory component of obesity and atherosclerosis
into account23. Other studies with opposite findings did not account for the effect of physical
activity24, 25. This is relevant as physical activity may be a proxy of cardio-respiratory fitness, which
is associated with better prognosis11. Two recent meta-analyses of overlapping studies evaluated
the effects of adiposity subtypes and showed that metabolically healthy overweight patients were
not at increased risk over a short follow-up period (≤10 or 15 years), whereas risk was increased
in studies with a long a follow-up period (>10 or 15 years)26, 27. The long-term results were largely
driven by the study of Flint et al. which defined a normal metabolic phenotype as the absence
of hypercholesterolemia, hypertension or diabetes in comparison to the much stricter definition
used in present study28. In another long-term study by Arnlöv et al. waist circumference could
not be used to define the metabolic syndrome and was replaced by BMI which is an inaccurate
measure of the abdominal adipose tissue compartment24. Although we cannot rule out an
increased cardiovascular risk for overweight and obese vascular patients without cardiometabolic
dysfunction in the long run, it is likely that the existence of a low-risk phenotype depends on the
criteria used to define such a subtype.
The heterogeneity in metabolic consequences of obesity may affect therapeutic decisionmaking. For example, it was demonstrated that the benefit of weight loss on cardiovascular risk
reduction is smaller for obese individuals without cardiometabolic dysfunction29, 30. Alternatively,
the steepest increase in risk associated with a greater number of cardiometabolic risk factors was
observed in normal weight patients. These patients developed cardiometabolic dysfunction in the
absence of excess adiposity and indicate that quantity is not the sole indicator of adipose tissue
function. These patients should receive aggressive therapy to improve their level of modifiable
risk factors.
Strengths and potential limitations of our study merit consideration. Strengths are the
large cohort of patients with clinical vascular disease with substantial follow-up duration, high
number of events and little loss to follow-up. As a limitation we consider the relatively small
number of events in some subgroups which might attenuate the precision of the results and
for these categories conclusion should be drawn with caution. Next, we could not account for
the potentially confounding effects of dietary factors, socioeconomic status or family history
of CVD. Further, results do not pertain to vascular patients with low-normal weight (i.e. BMI
18.5-20 kg/m2). These few patients (n=106) were not included in the reference group of normal
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weight patients as they were at increased vascular and mortality risk, negating potential risk
differences with overweight and obese patients. Further, categorization and analyses relied on
baseline measurements while patients without cardiometabolic dysfunction could have acquired
cardiometabolic abnormalities during follow-up thereby attenuating the differences. Further,
the threshold of cardiometabolic dysfunction could be reached by various combinations of
cardiometabolic criteria, translating to heterogeneity in the risk of patients with cardiometabolic
dysfunction. Lastly, the risk associated with an increasing number of risk factors is likely to
be a continuum rather than a single cut-off point beyond which risk suddenly rises. This
continuous relation was supported by the classification of adiposity subtypes based the number
of cardiometabolic risk factors.
In conclusion, cardiometabolic dysfunction was associated with increased risk of cardiovascular
events and mortality irrespective of adiposity level in patients with vascular disease. Overweight
and obesity without cardiometabolic dysfunction did not appear to confer an increased risk of
cardiovascular events or mortality. Hence, the cardiometabolic consequences of adiposity rather
than adiposity per se increase the risk of cardiovascular events and mortality in patients with
vascular disease.
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suPPlement
Supplement table 1. Definitions of vascular events and mortality
Outcome event

Definition

Myocardial infarction

At least two of the following criteria:
(I) Chest pain for at least 20 min, not disappearing after
administration of nitrates;
(II) ST-elevation > 1 mm in two following leads or a left bundle
branch block on the electrocardiogram;
(III) Troponin elevation above clinical cut-off values or creatinine
kinase (CK) elevation of at least two times the normal value of CK
and a myocardial band-fraction > 5% of the total CK.
Sudden death: unexpected cardiac death occurring within 1 hour
after onset of symptoms, or within 24 hours given convincing
circumstantial evidence.
ICD-10 codes I21-22, I46.1, R96

Stroke

Relevant clinical features causing an increase in impairment of at least
one grade on the modified Rankin scale, preferably with evidence of
intracerebral hemorrhage or ischemia on brain imaging.
ICD-10 codes I60-61, I63-64

Vascular mortality

Death from stroke, myocardial infarction, congestive heart failure, or
rupture of abdominal aortic aneurysm.
Vascular death from other causes
ICD-10 codes I00-28, I31, I34-37, I42-99, F01, K55, R96

Major cardiovascular
events

A composite of stroke, myocardial infarction, retinal infarction, and
vascular mortality.
ICD-10 codes I21-22, I46.1, I60-61, I63-64, H34.1, H34.8 or death
resulting from ICD-10 codes I00-28, I31, I34-37, I42-99, F01, K55,
R96

All-cause mortality

Death from any cause
Death resulting from ICD-10 codes A00-Y98
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abstract
Objective: To determine the effect of gender and the menopausal transition on age-related
differences in visceral adipose tissue(VAT) and subcutaneous adipose tissue(SAT) in patients
with cardiovascular disease.
Methods: A cross-sectional study in 997 women and 3409 men with cardiovascular disease was
performed. VAT and SAT were measured by ultrasonography. Differences in abdominal fat per
decade in pre- and postmenopausal women were analysed with linear regression and compared
to men younger and older than the mean menopausal age of women.
Results: VAT increased gradually across advancing age groups. For postmenopausal women the
10-year differences in VAT were smaller compared to premenopausal women (0.24cm [β0.24,
95%CI 0.05–0.43] vs. 0.71cm [β0.71, 95%CI 0.29–1.12]). There were no differences in SAT
[β-0.12, 95%CI -0.37–0.13] in premenopausal women and SAT decreased across age groups of
postmenopausal women (-0.36cm per decade [β-0.36, 95%CI -0.47–-0.26]). Postmenopausal
women showed 10-year differences in VAT that were larger compared to men ≥48 years (0.24cm
per decade [β0.24, 95%CI 0.05–0.43] vs. -0.01cm per decade [β-0.01, 95%CI -0.12–0.10]).
Additionally, 10-year differences in SAT were larger in postmenopausal women than in men ≥48
years (-0.36cm [β-0.36, 95%CI -0.47–-0.26] vs. -0.22cm [β-0.22, 95%CI -0.27–-0.18]).
Conclusions: In women with cardiovascular disease, menopause was not associated with
accelerated fat gain. Compared to similar aged men, postmenopausal women showed a steeper
increase in VAT and steeper decrease in SAT. These ongoing changes might add to an unfavourable
metabolic profile associated with increased risk of recurrent cardiovascular events.

Menopausal changes in abdominal fat distribution

introduction
Cardiovascular disease (CVD) is the main cause of death in women in the United States and
Europe1,2. Although women generally have a lower CVD incidence than man, the incidence
increases with a 10-year time lag compared to man3. CVD risk markedly rises after menopause
in the sixth decade of life4,5. The aetiology of this surge is unclear but may be linked to changes
in body fat distribution. Studies on body fat distribution in healthy populations have shown a
more central fat distribution pattern in women after menopause6-8. Many report not only an
absolute increase in abdominal fat but also stress the fact that abdominal fat increases relatively
to total body (fat) mass9-13. However, menopause per se may not uniformly account for these
changes in body fat composition. Several studies have found that the postmenopausal increase
in visceral fat mass was not the result of menopausal transition but was rather due to the effect
of ageing or increased general adiposity8,14,15. Furthermore, little is known about differences in
visceral adipose tissue (VAT) and subcutaneous adipose tissue (SAT) associated with ageing
in pre- and postmenopausal women16. This is important because the detrimental effect of
abdominal adiposity is mainly attributed to visceral adipose tissue (VAT), recognised to be an
active metabolic organ that is more strongly related to the risk of cardiovascular and metabolic
disease compared to subcutaneous adipose tissue(SAT)17-20. Women with manifest cardiovascular
disease are at high risk for recurrent vascular events21,22 and the menopausal transition may put
them at even higher risk, possibly due to a change in VAT accumulation rate after menopause.
Therefore, in the present study, we compared age-related differences in visceral and subcutaneous
abdominal fat per decade among pre- and postmenopausal women and similar aged men with
clinically manifest cardiovascular disease.

methods
Study population
Patients originated from the SMART (Secondary Manifestations of ARTerial disease) study, an
ongoing prospective cohort study at the University Medical Centre Utrecht designed to establish
the prevalence of concomitant arterial diseases and risk factors in a high-risk population. Study
patients were newly referred to the University Medical Centre Utrecht with manifest atherosclerotic
disease or a cardiovascular risk factor and were screened non-invasively for manifestations of
atherosclerotic diseases and risk factors other than the qualifying diagnosis. A detailed description
of the study has been published previously23. The Ethics Committee of the University Medical
Centre Utrecht approved the study and all participants gave their written informed consent. For
the current study we used the data of 1285 female and 3650 male participants enrolled between
January 2000, when ultrasonographic assessment of abdominal fat was initiated, and February
2011 with either a history or current diagnosis of clinically manifest arterial disease. Clinically
manifest arterial disease refers to patients with: coronary artery disease, cerebrovascular disease,
peripheral arterial disease or abdominal aortic aneurysm. Coronary artery disease was defined
as either a history or recent diagnosis of angina pectoris, myocardial infarction, cardiac arrest
or coronary revascularisation (coronary bypass surgery or coronary angioplasty). Patients with
cerebrovascular disease had a transient ischaemic attack, cerebral infarction, amaurosis fugax,
retinal infarction or had a history of carotid surgery. Peripheral arterial disease was defined as
a symptomatic and documented obstruction of distal arteries of the leg or surgery of the leg
(percutaneous transluminal angioplasty, bypass or amputation). Patients with abdominal aortic
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aneurysm had a supra- or infrarenal aneurysm of the aorta (distal aortic anteroposterior diameter
≥ 3 cm, measured with ultrasonography) or a history of abdominal aortic aneurysm surgery.
Patients were excluded if they were using drugs for thyroid disease, hormonal substitution
therapy or if self-reported menopausal status was missing. Finally, patients with missing data
on visceral or subcutaneous fat were excluded. These were primarily patients included at the
beginning of the study period due to the gradual start-up of ultrasonic fat measurements. A total
of 997 female patients (775 postmenopausal and 222 premenopausal women) and 3409 male
patients were eligible for analyses (Figure 1).

Measures of adiposity
Body Mass Index (BMI) was calculated as weight in kilogram divided by the square of height in
meters. Intra-abdominal fat thickness was estimated anthropometrically and ultrasonographically.
Waist circumference was measured halfway between the lower rib and the iliac crest, and hip
circumference was measured at the level of the greater trochanter. Both measurements were taken
in standing position. VAT and SAT were quantified by ultrasonography which has proved to be
an accurate and reliable tool for that purpose24-26. A well-trained registered vascular technologist
in a certified vascular laboratory performed ultrasonographic measurements using an ATL HDI
3000 (Philips Medical Systems, Eindhoven, Netherlands) with a C 4-2 transducer. Measurements
were taken in supine position and no bowel preparation was performed before the ultrasound
measurement. For the ultrasound measurement of VAT, we used electronic calipers to measure the
distance between the peritoneum and the lumbar spine or psoas muscles. For determining SAT,
the distance between the linea alba and the skin was measured. This means that the abdominal
muscles were excluded for both measurements. A strict protocol, including the position of and
pressure on the transducer, was used. For all images the transducer was placed on a straight line
between the midpoints of the left and right lower ribs and iliac crest. All measurements were
performed at the end of a quiet inspiration, applying minimal pressure without displacement or
compression of the abdominal cavity. Each distance was measured three times at three positions.

Definitions
Classification of menopausal status was based on a questionnaire. Patients were asked to report
whether they were presently having menstrual periods or not. If menstrual periods were absent,
the age in years of the last menstrual period was requested. Women were defined postmenopausal
if they reported the absence of current menstrual periods irrespective of time elapsed since their
last menstrual period. Years since menopause was calculated as the current age in years minus
the age in years of last menstrual period. Men were classified into two categories according to the
mean menopausal age of women observed in this study. The classification in younger and older
male participants made a comparison possible between pre- and postmenopausal women and
men with a similar age distribution.

Menopausal changes in abdominal fat distribution

Table 1. Baseline characteristics
Premenopausal Postmenopausal Men <48
(n=222)
(n=775)
years (n=375)

Men ≥48 years
(n=3034)

43 ± 7
1.8 ± 1.6
129 ± 17
81 ± 12
4.8 ± 1.2
2.8 ± 1.1
1.4 ± 0.5
1.2 (0.8 – 1.7)
2.3 (0.9 – 6.0)
82 ± 21
5.8 ± 2.0
26 (12)

63 ± 8
48 ± 6
16 ± 10
2.7 ± 1.7
144 ± 23
82 ± 12
5.0 ± 1.2
2.9 ± 1.0
1.5 ± 0.4
1.3 (1.0 – 1.8)
2.0 (1.0 – 4.3)
70 ± 17
6.2 ± 1.7
149 (19)

42 ± 5
132 ± 16
82 ± 10
4.8 ± 1.2
2.8 ± 1.0
1.1 ± 0.3
1.5 (1.0 – 2.3)
1.4 (0.8 – 3.7)
92 ± 18
6.0 ± 1.7
49 (13)

62 ± 8
142 ± 21
82 ± 11
4.6 ± 1.1
2.7 ± 0.9
1.2 ± 0.3
1.3 (1.0 – 1.9)
1.7 (0.8 – 3.6)
76 ± 17
6.3 ± 1.6
567 (19)

66 (30)

332 (43)

121 (32)

1222 (40)

0.72 ± 0.19

0.91 ± 0.25

0.76 ± 0.20

0.95 ± 0.28

116 (52)

578 (75)

236 (63)

2362 (78)

108 (49)
108 (49)
183 (82)
23 ± 15
124 (56)

551 (71)
237 (31)
508 (66)
29 ± 17
393 (51)

271 (72)
183 (49)
290 (78)
24 ± 14
231 (62)

2315 (76)
845 (28)
2520 (84)
34 ± 21
2068 (69)

Fat distribution measures
BMI (kg/m2) a
Visceral fat (cm) a
Subcutaneous fat (cm) a
VAT/SAT ratio a
Waist circumference (cm) a
Hip circumference (cm) a
Waist-to-hip ratio a

26.5 ± 5.6
7.0 ± 2.5
2.9 ± 1.4
3.3 ± 2.9
85 ± 14
103 ± 12
0.82 ± 0.07

26.9 ± 4.6
8.0 ± 2.3
2.9 ± 1.3
3.5 ± 2.3
89 ± 12
104 ± 10
0.85 ± 0.07

27.3 ± 4.1
9.2 ± 2.3
2.6 ± 1.3
4.7 ± 3.7
96 ± 11
105 ± 7
0.92 ± 0.07

27.0 ± 3.6
9.7 ± 2.5
2.2 ± 1.2
5.9 ± 5.5
98 ± 10
104 ± 7
0.95 ± 0.07

Localisation of vascular disease*
Cerebrovascular disease, n(%)
Coronary artery disease, n(%)
Abdominal aortic aneurysm, n(%)
Peripheral arterial disease, n(%)
Number of affected sites a

130 (59)
61 (28)
8 (4)
40 (18)
1.1 (0.3)

267 (35)
410 (53)
44 (6)
158 (20)
1.1 (0.4)

100 (27)
230 (61)
13 (4)
63 (17)
1.1 (0.3)

681 (23)
2144 (71)
274 (9)
478 (16)
1.2 (0.4)

Age (years) a
Age of last menstrual period (years) a
Years since FMP (years) a
Gravidity a
Systolic blood pressure (mmHg) a
Diastolic blood pressure (mmHg) a
Cholesterol (mmol/L) b
LDL-cholesterol (mmol/L) b
HDL-cholesterol (mmol/L) b
Triglycerides (mmol/L) b
hs-CRP (mg/L) b
MDRD clearance a
Glucose a
Diabetes, n(%)
Metabolic syndrome prevalence˚,
n(%)
IMT (mm) a
Blood pressure lowering agents,
n(%)
Lipid lowering agents, n(%)
Current smoking, n(%)
Ever smoking, n(%)
Packyears (years) a
Current alcohol consumption, n(%)

mean ± standard deviation; b median with interquartile range; * patients can be classified in more
than one category; ˚according to ATP III criteria. LDL: low density lipoprotein; HDL: high density
lipoprotein; hs-CRP, high-sensitivity C-reactive protein; MDRD: modification of diet in renal disease;
IMT: intima media thickness; BMI: body mass index.

a
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Data analyses
Linear regression analysis was used to assess the relationship between age and the various measures
of adiposity in pre- and postmenopausal women and men. Three models were constructed, the
first being a crude model. In model II, additional adjustments were made for the potential
confounding effect of current smoking, localisation of vascular disease (cardiac, cerebral,
abdominal aneurysmatic or peripheral respectively) and presence of one or more affected vascular
sites. Localisation of vascular disease was added as a covariate because of a different distribution
of affected vascular sites between pre- and postmenopausal women. Finally, in model III
additional adjustment for BMI was performed to account for the rise in the population’s mean
BMI over time and to examine fat distribution differences independently of overall adiposity.
In all models age was used instead of years since menopause to model decennial differences in
measures of adiposity. The use of years since menopause would limit the possibility to compare
pre- and postmenopausal women. VAT and SAT were additionally plotted against years since
menopause to explore the comparability of age-related changes and changes related to years
since menopause for postmenopausal women (Figure 3). To assess whether the observed agerelated differences between pre- and postmenopausal women and between women and men
were statistically significant we included interaction terms between age and menopausal status or
age and gender in the regression models. The p-values of the interaction terms were reported to
indicate statistical significant interaction. Furthermore, we reduced the influence of outliers in the
regression models by truncating adiposity measures by their 1st and 99th percentile. Additionally,
for 39 patients data was incomplete on both waist and hip circumference and for 1 patient on
BMI. There were no missing data on the other variables described above. Our results were based
on complete case analysis. The assumptions for linear regression were verified and VAT and SAT
showed normally distributed residuals and homoscedasticity. A p-value of less than 0.05 was
considered statistically significant. Statistical analyses were performed using SPSS version 15.0.
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Patients with clinical
manifest vascular
disease
n=4935

Females
n=1285

Males
n=3650

Exclusion due to use of:
- thyroid medication (78)
- hormonal substitution
therapy (122)

Exclusion due to use of:
- thyroid medication (50)

n=1085

n=3600

Exclusion due to missing data:
- menopausal status (21)
- ultrasonographic fat
measurement (67)

Premenopausal
n=222

Exclusion due to missing data:
- ultrasonographic fat
measurement (191)
Inclusion
n=997

Inclusion
n=3409

Postmenopausal
n=775

Males <48 years
n=375

Males ≥48 years
n=3034

Figure 1. Study flowchart

results
Baseline characteristics
Baseline characteristics of 997 women (222 premenopausal and 775 postmenopausal) and 3409
men (375 <48 years and 3034 ≥48 years) with clinically manifest CVD are shown in Table 1. The
mean age at menopause was 48±6 years (46±7 years for current smokers and 48±6 years for nonsmokers). In general premenopausal women had a more favourable metabolic profile in line with
their younger age. With respect to men a more healthy metabolic profile was visible in younger
men with the exception of slightly higher values of atherogenic lipids. Notably, the percentage
of current smokers was higher in premenopausal women and men <48 years of age compared to
postmenopausal women and men ≥48 years.

Measures of adiposity

The relation between age and the various adiposity measures are illustrated in Figure 2. VAT
gradually increased across advancing age groups in both pre- and postmenopausal women.
By contrast, SAT gradually decreased in age groups of pre- and postmenopausal women. The
VAT-SAT ratio, waist circumference and waist-to-hip ratio showed a steady positive slope with
advancing age, both before and after menopause. BMI fluctuated in premenopausal women and
remained relatively constant across age groups of postmenopausal women. When comparing
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women to men, women had consistently less VAT and more SAT than men (Figure 3). All
adiposity measures showed graphically similar courses for women and men, except for BMI,
where women crossed the slope of men.

Differences in adiposity measures in pre- and postmenopausal women
The 10-year differences in VAT were 0.79 cm [β 0.79, 95%CI 0.39–1.19, p<0.001] in
premenopausal women and 0.28 cm per 10 years [β 0.28, 95%CI 0.10–0.47, p=0.003] in
postmenopausal women which was significantly different (p-value for interaction between age
and menopausal status=0.03) (Table 2). After adjustment for localisation(s) of vascular disease,
current smoking and BMI there was a slight attenuation of the disparity between pre- en
postmenopausal women, although the postmenopausal 10-year differences in VAT remained
only half that of premenopausal women. There were no differences in amount of SAT [β -0.07,
95%CI -0.31–0.17, p=0.56] in age groups of premenopausal women but significant 10-year
differences in SAT of -0.30 mm [β -0.30, 95%CI -0.39–-0.20, p<0.001] after menopause were
observed. In postmenopausal women, age-related differences in VAT and SAT were similar to
differences in VAT and SAT related to years since menopause (Figure 4). The VAT-SAT ratio
tended to show slightly larger differences per decade in the postmenopausal period compared
to premenopausal women [β 0.50, 95%CI 0.34–0.65, p<0.001 vs. β 0.30, 95%CI -0.15–0.74,
p=0.19]. In premenopausal women the differences in waist circumference were 1.31 cm per
decade [β 1.31, 95%CI 0.03–2.58, p=0.045] and in postmenopausal women 1.00 cm [β 1.00,
95%CI 0.43–1.57, p=0.001], adjusted for BMI. Analysis of the waist-to-hip ratio demonstrated
10-year differences of 0.02 [β 0.02, 95%CI 0.01–0.03, p=0.003] for premenopausal and 0.01
[β 0.01, 95%CI 0.00–0.02, p<0.001] for postmenopausal women. There were no age-related
differences in BMI level in both groups of pre- and postmenopausal women [β 0.41, 95%CI
-0.55–1.37, p=0.40 vs. β 0.11, 95%CI -0.25–0.47, p=0.54]. There was no effect modification
of current smoking on the relation between age and any of the adiposity measures. Excluding
postmenopausal women who reported amenorrhea for less than twelve months (n=22) did not
alter the 10-year differences in adiposity measures.

Menopausal changes in abdominal fat distribution

Figure 2. Age-related differences in measures of adiposity in premenopausal and
postmenopausal women. Premenopausal women (dotted line) and postmenopausal
women (black line). a. visceral fat (VAT). b. subcutaneous fat (SAT). c. VAT-SAT
ratio. d. waist circumference. e. waist-to-hip ratio. f. body mass index (BMI). Data
are presented as mean ± standard error.
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Figure 3. Age-related differences in measures of adiposity in women and men.
Women (dotted line) and men (black line). a. visceral fat (VAT). b. subcutaneous fat
(SAT). c. VAT-SAT ratio. d. waist circumference. e. waist-to-hip ratio. f. body mass
index (BMI). Data are presented as mean ± standard error.

Menopausal changes in abdominal fat distribution

Women compared with men
The average menopausal age was 48±6 years in our study population. The 10-year differences in
VAT were comparable between premenopausal women (β 0.79, 95%CI 0.39–1.19, p<0.001)
and men <48 years (β 0.75, 95%CI 0.28–1.22, p=0.002). In contrast, postmenopausal women
showed larger decennial differences in VAT compared to men ≥48 years (β 0.28, 95%CI 0.10–
0.47, p=0.003 vs. β 0.01, 95%CI -0.09–0.11, p=0.83) (Table 3). Per 10 years of age greater
differences in SAT were seen in postmenopausal women than in men ≥48 years of age (β -0.30,
95%CI -0.39–-0 .20, p<0.001 vs. β -0.22, 95%CI -0.26–-0.18, p<0.001) (Table 3).

Figure 4. Differences in measures of adiposity related to years since menopause in
postmenopausal women. a. visceral fat (VAT). b. subcutaneous fat (SAT). Data are
presented as mean ± standard error.

discussion
In this cross-sectional study in pre- and postmenopausal women and in men with manifest
cardiovascular disease, menopause was not associated with accelerated fat gain. Additionally,
in postmenopausal women a steeper increase in VAT and steeper decrease in SAT were found
compared to similar aged men.
VAT is a unique pathogenic fat depot strongly correlated with cardiometabolic risk factors and
continued VAT accumulation in patients with manifest vascular disease might have detrimental
effects on cardiovascular health17,20,27. Numerous cross-sectional studies have examined the
contribution of the menopausal transition to alterations in body fat distribution albeit in
generally healthy populations. Several studies have found that the amount of VAT, assessed
with computed tomography (CT), was higher in older and postmenopausal women compared
to younger and premenopausal women6,28,29, which is in line with our findings. Older and
postmenopausal women were found to have less SAT28,29. Yet another study reported the relative
annual increase in VAT to be faster in postmenopausal women compared to premenopausal
women, mirroring the male annual VAT accrual rate16. This postmenopausal acceleration, as
opposed to the deceleration found in our study, might be explained by the reported relative
rather than absolute VAT increase. Moreover the characteristics
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Table 2. Regression models of decennial differences in measures of adiposity in
women
Premenopausal

Postmenopausal

n=222

n=775

10-year differences (95%CI)

10-year differences (95%CI)

Model I

0.79 (0.39 – 1.19) y

0.28 (0.10 – 0.47) y z

Model II

0.71 (0.29 – 1.12) y

0.24 (0.05 – 0.43) y z

Model III

0.68 (0.37 – 0.99) y

0.33 (0.18 – 0.48) y

Model I

-0.07 (-0.31 – 0.17)

-0.30 (-0.39 – -0.20) y

Model II

-0.12 (-0.37 – 0.13)

-0.36 (-0.47 – -0.26) y z

Model III

-0.17 (-0.37 – 0.04)

-0.34 (-0.42 – -0.25) y

Model I

0.30 (-0.15 – 0.74)

0.50 (0.34 – 0.65) y

Model II

0.32 (-0.14 – 0.78)

0.60 (0.44 – 0.76) y

Model III

0.35 (-0.10 – 0.80)

0.60 (0.44 – 0.75) y

Model I

1.69 (-0.84 – 4.23)

0.98 (-0.01 – 1.96)

Model II

1.37 (-1.24 – 3.98)

0.34 (-0.68 – 1.36)

Model III

1.31 (0.03 – 2.58)

y

1.00 (0.43 – 1.57) y

Model I

0.02 (0.01 – 0.03) y

0.01 (0.00 – 0.02) y

Model II

0.02 (0.00 – 0.03) y

0.01 (0.00 – 0.02) y

Model III

0.02 (0.01 – 0.03) y

0.01 (0.01 – 0.02) y

Model I

0.41 (-0.55 – 1.37)

0.11 (-0.25 – 0.47)

Model II

0.25 (-0.74 – 1.23)

-0.16 (-0.53 – 0.21)

Visceral fat (cm)

Subcutaneous fat (cm)

Visceral / subcutaneous fat ratio

Waist circumference (cm)

Waist / hip ratio

Body mass index (kg/m2)

Data are expressed as beta regression coefficients (β) per 10 years with 95%
confidence interval (95%CI). Model I: unadjusted. Model II: model I, adjusted
for current smoking, localization and one or more affected sites. Model III: model
II, adjusted for body mass index.
y= p<0.05 for coefficient, z= p<0.05 for difference with premenopausal women.
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Table 3. Regression models of decennial differences in measures of
adiposity in men
Men <48 years old

Men ≥48 years old

n=375

n=3034

10-year differences (95%CI)

10-year differences (95%CI)

Model I

0.75 (0.28 – 1.22) y

0.01 (-0.09 – 0.11) x

Model II

0.67 (0.21 – 1.14) y

-0.01 (-0.12 – 0.10) x

Model III

0.63 (0.26 – 1.00) y

0.21 (0.13 – 0.30) y

Model I

-0.22 (-0.46 – 0.01)

-0.22 (-0.26 – -0.18) y

Model II

-0.22 (-0.45 – 0.01)

-0.22 (-0.27 – -0.18) y x

Model III

-0.24 (-0.45 – -0.03) y

-0.20 (-0.24 – -0.15) y x

Model I

0.80 (0.17 – 1.43) y

0.55 (0.40 – 0.70) y

Model II

0.78 (0.15 – 1.41) y

0.56 (0.40 – 0.72) y

Model III

0.78 (0.15 – 1.41) y

0.62 (0.47 – 0.78) y

Model I

1.52 (-0.73 – 3.78)

0.34 (-0.10 – 0.78)

Model II

1.49 (-0.79 – 3.76)

0.32 (-0.14 – 0.79)

Model III

1.16 (-0.12 – 2.44)

1.41 (1.14 – 1.67)y

Model I

0.02 (0.01 – 0.03) y

0.00 (0.00 – 0.01) y

Model II

0.02 (0.01 – 0.03) y

0.01 (0.00 – 0.01) y

Model III

0.02 (0.01 – 0.03) y

0.01 (0.01 – 0.01) y

Model I

0.25 (-0.57 – 1.07)

-0.32 (-0.47 – -0.17) y x

Model II

0.23 (-0.60 – 1.06)

-0.38 (-0.54 – -0.23) y

Visceral fat (cm)

Subcutaneous fat (cm)

Visceral / subcutaneous fat ratio

Waist circumference (cm)

Waist / hip ratio

Body mass index (kg/m2)

Data are expressed as beta regression coefficients (β) per 10 years with 95%
confidence interval (95%CI). Model I: unadjusted. Model II: model I, adjusted
for current smoking, localization and one or more affected sites. Model III: model
II, adjusted for body mass index.
y= p<0.05 for coefficient, x= p<0.05 for difference with postmenopausal women.
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in their study. The latter is implied to be a determinant of body distribution changes15,30. A recent
study using MRI demonstrated that both VAT and SAT depots were larger at higher age across
most of human lifespan31. In that study a positive correlation between VAT and age was recorded
in pre- but not in postmenopausal women, supporting our findings of a decline in slope of VAT
accrual after menopause. So far only three longitudinal reports investigating the relation between
the menopausal transition and alterations in body fat distribution have been published, all of
them performed in healthy women. During a four-year follow-up study, VAT increased both in
women who remained pre- or perimenopausal and in those who had become postmenopausal,
although the increase only reached significance in the latter32. In all three groups, a main effect
of age on VAT accumulation was demonstrated, which is in concordance with our findings.
Two additional studies using CT and MRI33,34 prospectively followed women as they crossed
menopause and recorded increases in both VAT and SAT after menopause. However, in the
absence of a reference population not crossing menopause the observed increases could also
be age-related. Remarkably, all three studies demonstrated a gain in SAT after menopause, in
contrast to the loss of SAT observed in our study and other cross sectional studies16,28,29. This
could be explained by the onset of decrease in SAT, which possibly lies beyond the generally
short follow-up period of longitudinal studies (Figure 2b). Additionally, the different study
populations’ characteristics ranging from healthy individuals to patients with manifest CVD in
the present study may be responsible for the decrease rather than increase in SAT.
Different pathogenic mechanisms of changes in body composition across human life span
have been proposed. Twenty-four hour and sleeping energy expenditure were found to decrease
significantly with advancing age32. Additionally, alterations in physical activity levels in older
and postmenopausal women have been shown to influence abdominal fat distribution35. These
might be possible mechanisms underlying the age-related changes in body composition that are
observed in the present study. Another explanation may be an altered adipose tissue metabolism,
which has been demonstrated to be different in pre- and postmenopausal women36,37. Whether
the difference is attributable to advancing age or to menopausal transition is unclear.
In the present study similar trends in body fat distribution were observed in women and men,
although absolute amounts of VAT and SAT were different. Given the similar trends in VAT
accumulation observed in both older men and postmenopausal women, it might be concluded
that the effect of ageing prevails over the effect of menopause. Irrespective of the exact cause, the
slope of VAT accumulation after menopause was still higher compared to men of similar age.
This is clinically relevant because women with manifest CVD already are at high cardiovascular
risk and the ongoing increase in the amount of VAT after menopause as well as the decrease in
SAT may add up to that risk21,22.
Our study has several strengths and limitations that need consideration. First, the crosssectional design of our study is both a strength and limitation. Although follow-up data on body
composition are lacking, we were able to examine women over a wide age range. The menopausal
transition is a gradual process of physiological changes and the decrease in estrogen is likely to
result in enduring changes in the postmenopausal period. Longitudinal studies have so far been
able to study these changes only over a relatively short period of time compared to the wide span
of time examined by this cross sectional study. The cross-sectional design is also a limitation as
conclusions about cause and effect should be drawn with caution as well as the potential for
selection bias to occur. Although the SMART screening programme was offered to all patients
with vascular disease referred to our hospital, some patients decided not to participate. In some
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instances co-morbidities, the distance to the hospital or no interest in the programme prevented
them from taking part. Yet the participation rate in the SMART programme was shown to be
high (approximately 80%)38. It is possible that older and frailer patients were more reserved to
participate, thereby attenuating the trends in adiposity measures associated with aging in both
women and men. A second strength of this study is that a sample of men with cardiovascular
disease, drawn from the same study cohort, was used as reference population for the effect of
ageing on changes in body fat distribution. Even though we acknowledge the limitations of a
comparison between different participants like women and men, it does put the changes in body
composition into a broader perspective. Thirdly, studies investigating the effect of menopause on
body fat distribution have primarily focused on populations of generally healthy women. To our
knowledge this is the first study demonstrating differences in abdominal fat changes according to
menopausal status in women with clinically manifest cardiovascular disease who are at high risk for
recurrent events21,22. Limited additional information on reproductive and life-style characteristics
of these vascular patients was available. However, the distorting effect of hormonal replacement
therapy was dealt with by excluding women who used hormonal replacement therapy from
the analyses. Other unmeasured potential confounding factors such as physical activity can be
argued to be mechanisms through which the process of aging alters abdominal fat distribution.
Furthermore, abdominal fat distribution was measured non-invasively using ultrasonography.
Although single-slice CT is considered to give the most accurate assessment of VAT volume,
ultrasound has been shown to be a reliable method24,39-41. In 104 healthy individuals a high
correlation (r= 0.82) between CT-determined visceral fat area and ultrasound measurements was
reported25. This is in agreement with the correlation (r=0.81) reported in a smaller study that
has previously been performed with the same system and technique in our medical centre24. That
study also demonstrated a good reproducibility of the mean volume of visceral fat assessed by
two different sonographers (r=0.94 and a variation coefficient of 5.4%)24. Ultrasonography thus
provides a clinical useful alternative to quantify abdominal adipose tissue compartments without
exposure to ionizing radiation or the high costs and burden of magnetic resonance imaging.
Finally, women were considered postmenopausal if they had reported the absence of current
menstrual periods. The last consensus of the Stages of Reproductive Ageing Workshop (STRAW)
defined menopause by amenorrhea for at least 12 consecutive months42. A few women classified
as postmenopausal (n=22) in our study reported the absence of menstrual periods for less than
12 months. However, sensitivity analyses showed similar effects on adiposity measures if these
women were excluded from the analyses.

conclusion
In postmenopausal women with cardiovascular disease smaller 10-year increases in VAT
were observed compared to premenopausal women. While this might appear favourable,
postmenopausal women showed a steeper increase in VAT and steeper decrease in SAT compared
to similar aged men with cardiovascular disease. These changes might add to an unfavourable
metabolic profile associated with increased risk of recurrent cardiovascular events.
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is there a need for novel treatment strateGies?
Do current treatment strategies succeed in selecting the right patients for treatment? The ‘right’
patient is that patient who has the greatest benefit and least harm of treatment. Three observations
illustrate potential shortcomings in current clinical practice and the need for novel treatment
strategies tailored to the individual patient.
First, current treatment strategies are based on average results from large groups of patients in
(randomized) studies, while in clinical practice average patients do not exist1, 2. A trial population
consisting of both man and women will produce an average that is neither specific for a male nor
a female patient. Ideally, the estimate of absolute treatment effect is stratified according to every
available patient characteristic, resulting in very small subgroups that only contain one specific
patient profile. Second, the use of average effect estimates results in many patients being treated
while only few will actually benefit3-5. Hence, for many cardiovascular preventative treatments
the number-needed-to-treat (NNT) to prevent one event is high. For lipid-lowering therapy the
average 5-year NNT to prevent one major vascular event in primary prevention is 53, ranging
from an NNT of 32 for high-risk patients to an NNT of 113 for low-risk patients3. Third, average
estimates have little appeal to individual patients, evidenced by low adherence to preventative
cardiovascular treatments of only 50% in primary prevention and 66% in secondary prevention
after approximately 2 years6.

current and novel treatment strateGies
Different strategies can be used to identify patients who are most likely to benefit from
treatment. A potential beneficiary of treatment can be identified by the presence of abnormal
risk factor levels only or in combination with an assessment CVD risk. Although a risk factor
based approach has long been advocated, many guidelines currently include an assessment of 5 or
10-year cardiovascular risk7, 8. A great advantage of incorporating an assessment of risk is that the
absolute effect of treatment is generally larger for patients at higher baseline risk9-12. This results
from the fact that single risk factors have a small effect on CVD risk while their detrimental
effect is greatly potentiated by coexisting risk factors10, 13. On the other hand, proponents of risk
factor based treatment emphasize potential limitations of using 10-year risk to assess the effect of
treatment. Indeed, some patients with elevated risk factors will not develop the disease within the
next 10 years but will be affected at some point thereafter. From this viewpoint, one could opt to
prescribe blood pressure (BP)-lowering drugs to everyone with an elevated BP. Yet, many patients
with an elevated BP will not die from cardiovascular disease, making treatment unnecessary and
potentially harmful in terms of adverse events and costs14, 15. Risk-based treatment can, at least in
part, prevent such overtreatment of low risk patients with abnormal BP levels.
Further, the consideration of treatment disadvantages is important in the appraisal of
different treatment strategies. Treating all patients with elevated BP levels can only be acceptable
if side effects and treatment-related inconveniences are absent. This scenario is highly unlikely
and treatment disutility will be either more explicit or implicit16, 17. For example, treating low
risk patients with antithrombotic therapy will probably induce more bleeding episodes than it
will prevent ischemic events18, 19. Hence, treating everyone with abnormal risk factors will result
in prescribing treatment to patients who can anticipate little benefit, whilst being exposed to the
negative effects of treatment. Second, in societies where resources are limited to some extent, it is a
waste to spend money on treatments that will have little absolute effect. Therefore, an assessment
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of risk is necessary to estimate the potential impact of preventive medical interventions9, 10, 20.
In chapter 2 to 5, we showed that prediction models based on clinical, laboratory and
genetic characteristics can produce individual estimates of absolute treatment effect of different
preventative cardiovascular therapies. The observed heterogeneity in predicted treatment effects
resulted from individual variation in treatment effectiveness (e.g. drug potency) and differences
in baseline CVD risk. Patient-tailored predictions of treatment effect are based on a combination
of these two determinants and can be used to guide treatment decisions for individual patients in
clinical practice. As shown in this thesis, allocation of treatment to those with highest anticipated
beneficial effects can result in fewer patients unnecessarily treated, while still preventing the
majority of events.

the communication of risk and treatment effect
The concept of risk and risk reduction (i.e. treatment effect) may be difficult for both patients
and clinicians to understand. Ultimately, the outcome either occurs or does not and probability
covers the gap in knowledge between throwing a coin and foreseeing the future. The closer the
predicted probability is towards 100% for patients with the disease and 0% for patient without
the disease, the more we know about its pathophysiology. However, predicted risks are usually
not close to 0% or to 100%, thereby increasing uncertainty about potential benefits of treatment.
Other metrics have been proposed to express treatment effectiveness. For example, in
chapter 2 we introduce the individual number-needed-to-treat (iNNT)9. This metric represent
the number of patients with a similar profile to the patient under care that need to be treated to
prevent one clinical event. Rather than reporting an abstract risk reduction of 2% we express the
effect of treatment as the necessity to treat 50 patients with a similar profile to the patient under
care to prevent 1 event. This also means that 50 patients are at risk of side effects. Hence, the
negative effects of treating 50 patients should be balanced by the averted harm of one prevented
event. A great advantage over the traditional NNT is that the iNNT relates to specific patients
whereas the NNT is an average of treating patients with a diversity of characteristics.
Another possibility to communicate risk is to express risk differences in units of (survival) time
such as predicted gain in years free of cardiovascular disease or calculation of the ‘heart age’21. An
older ‘heart age’ than the current age indicates the presence of risk factors. Comparative research
evaluating the effectiveness of different ways to communicate risk in clinical practice is relatively
sparse. By contrast, there is substantial evidence that decisions aids with expressed probabilities
increase knowledge, improve risk perception and can result in more active participation of patients
in treatment decisions22. A randomized trial evaluating a decision aid displaying predicted risk
and risk reduction with statin treatment in patients with diabetes showed favourable effects on
treatment adherence and risk factors levels23. Further, a clinical study evaluating how different
numerical formats affect decision making showed that statin prescriptions were more often
redeemed if treatment effectiveness was communicated in terms of absolute risk reduction
compared with prolongation of life24. Nevertheless, other studies indicated better risk perception
using months of disease postponement compared with the NNT25. Hence, the optimal way to
communicate risk and benefits of treatment is equivocal and requires further study. Results from
such studies may aid researchers to present their results in the most comprehensible format for
both patients and clinicians.
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imProvinG the Prediction of baseline risk
Risk predictions in clinical practice are usually based on single measurement of risk factors. This
approach shows an acceptable ability to stratify patients to different levels of CVD risk as shown
in chapter 6. Even though we do not know much about duration of exposure, increments in
single cholesterol or BP measurements are firmly related to increased CVD risk26, 27. Apparently,
cholesterol and BP levels develop over similar courses in most patients with age being a proxy
for duration of exposure. Still, greater accuracy might be expected from risk models that use
repeated, longitudinal measurements of the same risk factor28, 29. It would be feasible to update
a risk algorithm with clinical and laboratory data obtained at each follow-up visit to get a more
detailed picture of exposure over time. The complexity of modelling this type of data has thus far
prevented its adaption, let alone its use in clinical practice.
Other opportunities to improve risk prediction originate from a better understanding of
the pathophysiology of atherosclerotic disease. Multiple biomarkers have been identified to play
a role in the initiation, growth and rupture of atherosclerotic plaques. Over the last decade,
the inflammatory nature of atherosclerosis has been elucidated and C-reactive protein, as a
downstream marker of inflammatory activity, showed to be strongly related to CVD risk30, 31.
However, its additional value for risk prediction on top of traditional risk markers has been
debated32. Apparently, some of the formation contained by CRP was already captured by other
risk factors. In chapter 7, we showed that N-terminal pro-B-type natriuretic peptide (NTproBNP) might improve accuracy of risk predictions in patients with diabetes specifically. NTproBNP is a polypeptide secreted by cardiac myocytes in response to increased ventricular stretch
and wall tension. These results extend previous evidence showing the predictive utility of NTproBNP in general populations and in patients with stable vascular disease33. The added value
of many other biomarkers and imaging techniques has thus far been limited. A noteworthy
exception is the incremental value of adding coronary artery calcium (CAC) to traditional risk
factors34, 35. An advantage of CAC is the ability to detect subclinical atherosclerosis, which is the
preamble of clinically manifest events. As such, it shows the cumulative exposure to both known
and unknown risk factors over time36. Hence, biomarkers like NT-proBNP and imaging-based
techniques like CAC can be expected to provide complementary information to improve the
accuracy or risk predictions.

the consistency of druG Potency
In addition to an accurate estimate of an individual’s baseline risk, a patient-specific estimate of
drug potency is required to make estimates of absolute treatment effect. Trials usually evaluate the
consistency of treatment potency in subgroups defined by single characteristics such as sex, age or
prior CVD. However, patients have multiple attributes that simultaneously influence treatment
efficacy, which would require multifactorial subgroup analyses20. Another concern of ‘one variable
at a time’ subgroup analysis is the risk of spurious findings due to limited statistical power37. The
most well-known example of a spurious subgroup effect comes from the International Study of
Infarct Survival 2 (ISIS-2), which showed that aspirin was beneficial for most patients except for
those born under the astrological signs Gemini and Libra38. As an alternative, multivariable riskbased subgroup analysis have been proposed1, 20, 39. Stratifying patients according to baseline risk
produces much larger contrasts than stratification according to one characteristic and reduces the
number of statistical tests40. Chapters 2 to 5 evaluated treatment interactions with baseline risk
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and found none to be significant. Subgroup analyses based on single characteristics remain useful
when strong pathophysiological arguments are available. For example, in chapter 4 we showed
that the potency of angiotensin-converting enzyme inhibition was influenced by patient-specific
genetic polymorphisms involved in the renin angiotensin system.

evaluatinG the Performance of Prediction models
The optimal way to assess the predictive utility of risk models is subject to debate. Traditional
performance measures such as calibration and discrimination stand next to novel measures
which aim to quantify clinical consequences41. Reclassification measures such as the continuous
and categorical net reclassification index (NRI) are frequently used nowadays and are shown in
chapter 742, 43. Alternative approaches incorporate an appraisal of both costs and benefits and are
referred to as decision analytic measures44.
In chapter 2 to 4 we used an extension of decision analysis to evaluate the net benefit of
using treatment effect prediction models in clinical trials45. The relative weighing of treatment
benefits and harms is central to determine whether prediction-based treatment is associated with
group-level benefits. Difficulties of decision analysis mainly pertain to defining an appropriate
treatment threshold in the absence of solid data on disadvantages of treatment. Due to stringent
in- and exclusion criteria and run-in phases, clinical trial participants are often less prone to
develop side effects. Further, decision analysis based on risk reduction thresholds assumes a
constant level of harm across different levels of risk and treatment effect45, 46. This may or may not
be true. For example, ischemic events and bleeding episodes have shared risk factors such as age47.
Consequently, older patients may anticipate larger beneficial treatment effects but are also more
prone to develop treatment related side-effects. This correlation might trouble the interpretation
of decision-curves48. In chapter 5 we quantified individual beneficial and negative effects of
treatment separately to estimate net treatment effect. In this study we observed an increase in
risk of severe hypoglycaemia due to treatment across increasing levels of risk reduction of major
vascular events in patients with type 2 diabetes49. Yet, for the vast majority of patients the tradeoff between positive effects of treatment was beneficial. In summary, traditional and novel
measures to assess predictive utility should be considered together as they provide complementary
information. Decision-analytic approaches have the advantage of considering potential negative
effects of treatment and should be used to demonstrate the impact of prediction-based treatment
in clinical practice.

barriers towards imPlementation of treatment effect Prediction in
clinical Practice

When confronted with an individual estimate of treatment effect, the most important question is
whether the effect estimate is accurate. In other words, a predicted 10-year absolute risk reduction
of 2% should correspond to an actually observed decrease in risk of 2%. However, this can never
be verified for an individual patient as the counterfactual situation cannot be observed (e.g. what
would be the risk of a treated patient had he not been treated). In the present thesis we used
randomized trial data to determine the counterfactual situation. Since treatment is allocated by
chance we expect to find two identical persons who have received placebo and active treatment
respectively. Comparing the observed risk of these identical persons (or actually identical patient
profiles) will yield a risk difference which should be similar to the predicted absolute treatment
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effect for these two persons. In chapter 3 to 5 we showed the agreement between predicted
and observed absolute risk reduction as well as net benefit analysis to demonstrate accuracy and
clinical usefulness together.
Many physicians may feel reluctant to use the proposed treatment effect prediction models.
A primary concern of any prediction model is how well it will work in a different sample than
the sample from which it was derived50. A model fitted and evaluated on the same data will
usually perform well, at least in terms of calibration. However, assessing a model in a new
sample of patients will provide true information on its predictive capacity (external validity)51.
In chapter 6 we evaluated ten CVD risk models for patients with diabetes specifically in three
independent cohorts. With respect to calibration, a comparable performance was found for
all updated models within and between the three cohorts. Discriminative performance of the
various models was similar in a single validation sample, but differed between the three samples.
Yet, independent data which is similar to the development set is not always available and other
statistical techniques have been proposed to evaluate a prediction model in such cases50. We used
bootstrap samples (i.e. drawings with replacement) from our own data, representing variation
in the original population, to evaluate model performance (internal validation). However, this
can only partly reassure clinicians that the model will work for their patients. Indeed, external
validation should be aimed for and is one of the main barriers preventing rapid clinical adaption.
Hence, the development and internal validation of treatment effect prediction scores in this
thesis constitute the first step, and external validation should follow to convince clinicians of the
merits of making treatment decisions based on individualized estimates of treatment effect.
Another issue relates to precision of predicted treatment effects and the role of confidence
limits in the setting of medical decision making. Researchers are accustomed to reporting
point estimates with accompanying 95% confidence intervals. The value of confidence limits
is undisputable when inferences about the population are made from a population sample.
However, the value of confidence limits in medical decision-making is less certain52, 53. If you
were forced to choose between two possible treatments, the one with the most favourable point
estimate would be your best bet regardless of the confidence limits54. Nevertheless, a confidence
limit provides information about the precision of the expected effect. A narrow confidence
interval will indicate great precision and can provide reassurance as to deciding on the right
treatment in a clinical setting. For example, recently the beneficial effects of a percutaneous
coronary intervention (PCI) versus a coronary artery bypass grafting (CABG) for individual
patients were assessed55. For certain patients CABG was non-significantly superior to the less
invasive PCI procedure. These individual patients are still most likely to have the best outcome
with CABG, but from a scientific perspective these patients are of interest for further research.
For this subgroup of patients further studies into optimal treatment strategies can be (ethically)
justified, in contrast to patients who are known to do significantly better with either PCI or
CABG. In conclusion, estimates of precision are probably more relevant from a scientific point
of view compared with their role in helping individual patients to decide on optimal treatment.
Lastly, treatment effect predictions will only serve as an adjunct to medical expertise and
clinical judgement of health care professional. As highlighted by David Sackett, one of the
pioneers of evidence based medicine, clinical skills will always be necessary to determine the best
treatment for a specific patient under care56.
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future PersPectives of Prediction-based treatment
To bridge the gap between treatment strategies based on abnormal risk factor levels and strategies
based on the consideration of 10-year baseline risk, life-time risk models have been proposed57.
The advantage being that lifetime risk estimates could identify young patients with multiple
concomitant risk factors who are at high long-term risk58. These young patients usually have low
5 or 10-year risks since they lack the predominant effect of age, but may benefit from treatment in
the long run. Yet, the start of a lifelong treatment also yields a lifetime to develop side effects. This
could be pragmatically managed by discontinuing treatment when side effects occur, although
some of them might be irreversible as for example the (modest) increased risk of developing
diabetes with statin therapy59. However, when it comes to accuracy of predicted risks, a 10-year
time period corresponds more closely to actual evidence compared with lifetime risk estimates,
which can hardly be verified. Yet, lifetime risk predictions can help to persuade (especially young)
patients to take action regarding their modifiable risk factors.
Finally, it is often suggested that a placebo-controlled trial is required to assess whether
certain treatment strategies truly improve clinical outcomes. However, selective treatment of
patients can also be evaluated in a traditional randomized trial with a placebo and intervention
arm. Application of a prespecified treatment effect prediction score to a regular trial will provide
reliable estimates of potential benefits of selective prediction-based treatment. After completion
of the trial an artificial additional group can be constructed with patients selected from the
placebo and intervention groups based on treatment recommend by the prediction score. This
newly constructed trial arm is essentially similar to a real third treatment arm that a priori
allocates treatment based on a prediction score. The only difference is that the artificial arm
comprises patients who also participate in the two other arms, making it an efficient approach.
The treatment score should be fully specified in advance to avoid post-hoc adaptions that make
results look prettier. Any new trial protocol should therefore include a treatment effect prediction
score that will be used to evaluate selective treatment once the trial is completed.

recoGnizinG hiGh risk adiPosity
In line with previous chapters showing heterogeneity in risk and risk reduction, the last part
of this thesis demonstrated differences in CVD risk conferred by obesity. Obesity relates to
unfavourable metabolic changes but there is a remarkable variation in cardiometabolic burden
among lean, overweight and obese patients60, 61. Moreover, in patients with vascular disease
the relation between BMI and CVD risk is uncertain or even reversed62. Recent insights into
the complex metabolic functions and regional differences in adipose tissue shed light on these
findings63. Abdominal adipose tissue was demonstrated to be particularly pathogenic compared
with subcutaneous fat 64,65. In chapter 8 we demonstrated that a healthy phenotype of obesity
does exist when obesity is defined by BMI. However, higher amounts of intra-abdominal fat
as measured by ultrasonography increased the risk of mortality irrespective of the presence of
cardiometabolic abnormalities. Further, we showed in chapter 9 that postmenopausal women
with cardiovascular disease accrue abdominal fat at higher rate compared with similar aged men,
potentially contributing to the rapid increase in CVD risk after menopause. Unfortunately, the
use of waist circumference as an approximation of abdominal fat content was of little value as it
is highly correlated with BMI and seems to be another measure of general adiposity66.
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Since imaging techniques of intra-abdominal fat content are time-consuming and infrequently
performed in clinical practice, the question remains how to identify high-risk patients. A feasible
strategy would be to continue the use of BMI while acknowledging its imprecision to quantify
visceral fat content. There is evidence to support the notion that even apparently ‘healthy’
obesity is not so healthy in the long-term. For example, studies with follow-up durations longer
than 10 years showed an increased risk of CVD in metabolically healthy obese compared with
metabolically healthy normal weight individuals67, 68. Hence, healthy obesity might precede overt
cardiometabolic disturbances leading to CVD69. This notion is supported by observations of
an increased risk of diabetes after medium term follow-up in healthy obese individuals, which
could be an earlier sign of the detrimental consequences of obesity compared with CVD70. Thus,
a benign obesity phenotype might exist in the short term but is probably non-existent when a
longer time period is considered. Lastly, it should be noted that normal weight patients with
manifest vascular diseases can also show numerous cardiometabolic abnormalities putting them
at high risk of CVD as shown in chapter 8. In these normal weight patients, assessment of visceral
adipose tissue volume or function could be especially helpful to improve risk stratification.
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In conclusion, the studies presented in this thesis showed that:
• The anticipated effects of routine BP-lowering treatment can be quantified for individual
patients with type 2 diabetes and can be weighed against potential disadvantages of
treatment. Selective prediction-based BP-lowering treatment may reduce the number of
patients unnecessarily treated.
• The anticipated effects of angiotensin-converting enzyme inhibition can be quantified for
individual patients with stable coronary artery disease based on both clinical, laboratory
and genetic patient-specific information and may guide treatment to patients who are most
likely to benefit from treatment.
• Both anticipated beneficial and harmful effects of intensive glycaemic control can be
quantified for individual patients with type 2 diabetes and we showed that for the vast
majority of patients the trade-off between positive and negative effects of treatment was
beneficial.
• All recalibrated cardiovascular risk models developed for patients with type 2 diabetes
specifically showed comparable and accurate risk stratification in three independent
validation cohorts, whereas their discriminative performance was generally modest.
• Novel biomarkers of different pathophysiological pathways may improve cardiovascular risk
prediction in patients with type 2 diabetes with NT-proBNP being the most promising
biomarker in terms of improving discrimination and reclassification indices.
• Cardiometabolic consequences of obesity rather than obesity per se increase the risk of
cardiovascular events in patients with vascular disease.
• Ongoing accrual of visceral adipose tissue in postmenopausal women might add to an
unfavourable metabolic profile associated with an increased risk of cardiovascular events.
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Summary

In the present era of evidence-based medicine, the study of groups is the dominant paradigm
to establish causes of disease and to determine the efficacy of treatment. The results of these
studies are usually presented as average group-level estimates, which are not informative of the
individual patient’s effect. Clinicians are faced with the challenge to translate the evidence from
such large (intervention) studies to the care for individual patients in clinical practice. Individual
patients vary greatly in the combination of characteristics that influence their risk of adverse
outcomes and the expected benefit of preventative treatment. In the present thesis we evaluate
heterogeneity in risk and treatment effect in the field of cardiovascular medicine.

Part one. Individualized prediction of treatment effects.
Blood pressure-lowering, cholesterol-lowering and antiplatelet therapy can reduce the risk of
adverse cardiovascular outcomes at a group level. However, some patients will benefit more than
average, while others do not benefit or may even be harmed.
In chapter 2 we discuss arithmetic methods to tailor estimates of treatment effect to the
individual patient based on clinical, laboratory and genetic characteristics. Notably, these
individual effect estimates can be weighed against potential disadvantages of treatment at a
patient-specific level. We demonstrate how treatment effect prediction scores can be used by
clinicians to allocate treatment to patients who benefit most and to withhold treatment for those
patients with little benefit whilst being exposed to the negative effects of treatment.
In chapter 3 we apply these methods in a large randomized clinical trial in type 2 diabetes.
The Action in Diabetes and Vascular disease: preterAx and diamicroN-MR Controlled Evaluation
(ADVANCE) study evaluated the effect of routine blood pressure-lowering treatment and showed
an average reduction in risk of major vascular events with treatment. Using a newly developed
prediction algorithm, we quantified the 5-year risk of major cardiovascular events and treatment
effect for individual participants. A proportion of 43% of participants was identified to have a
large predicted 5-year absolute risk reduction (number-needed-to-treat [NNT5] ≤100) of major
macrovascular events. On the other hand, the predicted treatment effect was small in 17% of
patients (NNT5≥200). At a group level, a prediction-based strategy resulted in a more favourable
trade-off between number of events prevented and number of patients treated compared with
treating everyone and compared with treatment based on blood pressure cut-offs.
In chapter 4 we evaluated the individual effects of angiotensin-converting enzyme (ACE)
inhibition in patients with stable coronary artery disease in terms of absolute risk reduction of
major cardiovascular events. Notably, treatment efficacy was previously shown to be influenced by
patient-specific genetic variations in the pharmacodynamic pathway affected by ACE inhibition.
We developed a prediction score based on clinical, laboratory and genetic characteristics and
showed that the effect of treatment was absent or adverse in 27% of patients. By contrast, 28%
of patients had a large positive estimated treatment effect (NNT5 ≤25). This multifactorial
prediction score can be used by clinicians to identify patients with coronary artery disease who
benefit most from treatment with ACE inhibition.
In chapter 5 we evaluated the effect of intensive versus standard glycaemic control for
individual participants with type 2 diabetes from the glucose-lowering arm of the ADVANCE
trial. Hyperglycaemia is related to the risk of vascular complications and more intensive
glycaemic control was shown to reduce the risk of microvascular complications and, to a lesser
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extent, macrovascular events. However, intensive glycaemic control also increased the risk of
severe hypoglycaemia. In this study we quantified the positive and negative effects of intensive
glycaemic control for individual patients. The majority of patients (85%) had a positive net effect
defined as the absolute risk reduction of major vascular events with intensive treatment minus
the absolute risk increase of severe hypoglycaemia. However, the weight assigned to a prevented
vascular event versus an induced episode of severe hypoglycaemia is likely to differ between
patients. The quantification of expected benefits and harms for individual patients allows for a
comparative assessment at a patient-specific level and can help to inform treatment decisions.

Part two. Improving risk prediction in patients with type 2 diabetes.
Accurate estimation of cardiovascular risk can help to identify patient who will benefit most from
treatment or to determine the optimal treatment intensity.
In chapter 6 we evaluated the comparative performance of all risk scores specifically developed
for patients with type 2 diabetes in three independent cohorts. This is especially relevant since the
performance of a risk score can be very different in new patients compared with the performance
in the original development population. We observed considerable variation in predictive
performance between the different cohorts for each risk score. In general, discrimination was
moderate for all ten prediction models, with c-statistics ranging from 0.54 (95%CI 0.46-0.63)
to 0.76 (95%CI 0.67-0.84). Calibration of the original models was poor. However, after simple
recalibration to the disease incidence of the target populations, predicted and observed risks were
close with only slight overestimation of risk in high-risk patients. Hence, any of the recalibrated
risk scores can assist clinicians to identify those patients with type 2 diabetes who are at low or
high risk of developing cardiovascular disease.
In chapter 7 we investigated whether cardiovascular risk prediction could be improved
by fourteen novel biomarkers from different pathophysiological pathways. The addition of
N-terminal pro-B-type natriuretic peptide, osteopontin, matrix metalloproteinase-3 and their
combination with heart-type fatty acid binding protein improved cardiovascular risk prediction.
The combined addition of these four biomarkers improved the c-statistic by 0.03 (95%CI 0.010.05) and yielded a continuous net reclassification index of 0.39 (95%CI 0.23-0.55). Given the
relatively modest improvements in predictive utility, the clinical benefits and economic costs of
routine measurement should be further investigated.

Part three. Body fat distribution and function in relation to cardiovascular risk.
Another example of heterogeneity in clinical practice is the variation in risk associated with a
single disease entity such as obesity. In general, obesity is related to detrimental cardiometabolic
changes, such as insulin resistance, inflammation and hypertension, resulting in an increased
risk of cardiovascular disease and type 2 diabetes. Yet, some obese patients have minor or no
metabolic abnormalities, whereas normal weight individuals may suffer from numerous metabolic
disturbances typically seen in obese patients.
In chapter 8 we evaluated the separate and combined effects of adiposity and cardiometabolic
dysfunction on the occurrence of cardiovascular outcomes in patients with manifest vascular
disease. In the absence of cardiometabolic dysfunction, obese patients (HR 0.93, 95%CI 0.531.64) were not at increased risk of recurrent cardiovascular events compared to normal weight
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patients without cardiometabolic dysfunction. By contrast, an increased cardiovascular risk was
observed in patients with cardiometabolic dysfunction and normal weight (HR 1.58, 95%CI
1.23-2.04). Hence, in patients with manifest vascular disease, the risk of recurrent cardiovascular
events might be better reflected by the cardiometabolic consequences of adiposity rather than by
adiposity per se.
In chapter 9 we studied age-related changes in body fat distribution in premenopausal
and postmenopausal women compared with men. Insights in the complex metabolic functions
and regional differences in adipose tissue function suggest that abdominal fat is particularly
detrimental compared with subcutaneous fat. Compared with similar aged men, postmenopausal
women showed a steeper annual increase in visceral fat and steeper decrease in subcutaneous
fat. These on-going changes might add to an unfavourable metabolic profile associated with an
increased risk of cardiovascular events in women after the menopausal transition.
In the final chapter 10 the relevance, clinical implications and future perspectives of the findings
presented in this thesis are discussed.

Samenvatting

Samenvatting (voor niet ingewijden)

In de huidige periode van evidence-based medicine is de studie van groepen het dominante
paradigma om oorzaken van ziekten en de effectiviteit van behandelingen vast te stellen.
Resultaten uit deze studies worden meestal weergegeven als gemiddelde schattingen die van
toepassing zijn op groepen patiënten. Deze effectschattingen zijn echter niet direct toepasbaar
op individuele patiënten. Artsen staan voor de uitdaging om het wetenschappelijke bewijs uit
grote (interventie) studies te vertalen naar de behandeling van de patiënt in de spreekkamer.
Iedere patiënt bezit een groot aantal eigenschappen die invloed hebben op de kans om hart- en
vaatziekten te ontwikkelen en op het te verwachten effect van preventieve behandelingen. In dit
proefschrift onderzoeken we variatie in risico en behandeleffect tussen individuen op het gebied
van de cardiovasculaire geneeskunde.

Deel één. Geïndividualiseerde schatting van behandeleffecten

Medicijnen die de bloeddruk of het cholesterolgehalte verlagen en medicijnen die bloedstolling
remmen kunnen het groepsrisico op hart- en vaatziekten verlagen. Er zijn echter patiënten die
een bovengemiddeld effect van behandeling hebben, terwijl andere patiënten nauwelijks of zelfs
een nadelig effect van deze medicatie ondervinden.
In hoofdstuk 2 bespreken we een rekenmethode die artsen in staat stelt om het individuele
effect van medicijnen te schatten op basis van een groot aantal patiëntkenmerken. Naast heel
basale karakteristieken zoals leeftijd, geslacht en gewicht worden laboratoriumbepalingen en
soms ook genetische eigenschappen meegewogen. Op basis van een patiënt-specifieke schatting
van het te verwachten behandeleffect kunnen patiënt en arts samen de afweging maken of de
voordelen van medicamenteuze behandeling opwegen tegen de mogelijke nadelen.
In hoofdstuk 3 passen we deze methodiek toe in een gerandomiseerde placebo-gecontroleerde
studie naar het effect van bloeddrukverlaging bij patiënten met type 2 diabetes. Hoewel deze
therapie op groepsniveau de kans op hart- en vaatziekten verminderde, vonden we een grote
variatie in individueel behandeleffect. Voor 43% van de patiënten was de absolute vermindering
van het risico op hart- en vaatziekten door behandeling groot. Dat wil zeggen dat voor deze
groep minder dan 100 patiënten gedurende 5 jaar behandeld zouden moeten worden om één
hartinfarct, beroerte of overlijden aan hart- en vaatziekten te voorkomen. Daartegenover stond
dat het effect van behandeling voor 17% van de patiënten klein was en het aantal te behandelen
patiënten om één cardiovasculaire gebeurtenis te voorkomen boven de 200 lag. Het selectief
behandelen van patiënten met het grootste behandeleffect resulteerde in een gunstigere balans
tussen het aantal voorgeschreven behandelingen en het aantal voorkomen ziektegevallen.
In hoofdstuk 4 laten we zien dat een dergelijke variatie in absoluut behandeleffect ook
te zien is bij de behandeling van patiënten met een dreigend of doorgemaakt hartinfarct. De
effectiviteit van remming van het renine-angiotensine systeem door het medicijn perindopril
werd beïnvloed door specifieke genetische variaties in ditzelfde systeem. Door deze genetische
informatie te combineren met andere patiënt-specifieke informatie konden we laten zien dat
het verwachte behandeleffect afwezig of zelfs nadelig was voor 27% van de patiënten. Aan de
andere kant had 28% van de patiënten een groot positief behandeleffect: in deze groep zou men
maximaal 25 patiënten gedurende 5 jaar hoeven te behandelen om één nieuw ziektegeval te
voorkomen.
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In hoofdstuk 5 hebben we de gunstige en ongunstige effecten van intensieve
bloedsuikerverlaging bij patiënten met suikerziekte berekend. Hoewel een lager bloedsuikergehalte
de schade aan kleine en grote bloedvaten kan verminderen, neemt het risico op een tijdelijk te
laag bloedsuikergehalte ook toe. Een te laag bloedsuikergehalte kan negatieve effecten op de
gezondheid hebben. Iedere patiënt heeft een andere kans op profijt van behandeling en op
episodes met een te laag bloedsuikergehalte. Met behulp van twee voorspelregels konden we
een schatting maken van de positieve en nadelige behandeleffecten per patiënt. Voor de meeste
patiënten waren de individuele baten groter dan de lasten. Evenwel kan het gewicht dat aan
de bijwerkingen wordt toegekend sterk verschillen per patiënt. Met behulp van deze patiëntspecifieke schattingen kunnen arts en patiënt in goed overleg beslissen of behandeling zinvol en
verstandig is.

Deel twee. Het risico op hart- en vaatziekten in patiënten met diabetes beter
voorspellen
Een nauwkeurige schatting van het risico op hart- en vaatziekten kan helpen om patiënten
te identificeren die het meeste baat van behandeling zullen hebben of om de intensiteit van
behandeling te bepalen.
In hoofdstuk 6 hebben we de prestaties van alle risicoscores voor hart- en vaatziekten speciaal
voor patiënten met suikerziekte met elkaar vergeleken in drie verschillende cohorten. Opvallend
was dat de prestatie van een risicoscore sterk kon verschillen tussen de drie cohorten. Het
vermogen van de risicoscores om de patiënten die in de toekomst hart- en vaatziekten krijgen
te onderscheiden van de patiënten die geen hart- en vaatziekten krijgen, was in het algemeen
slechts matig. Na een eenvoudige aanpassing van de risicoscores aan het gemiddelde risico op
van hart- en vaatziekten in ieder cohort, bleken de scores wel goed in staat te zijn om patiënten
in verschillende laag en hoog risicogroepen in te delen. Gezien de vergelijkbare prestaties van de
onderzochte scores, kan men in de praktijk kiezen voor die score waarvoor de meeste gegevens
beschikbaar zijn.
In hoofdstuk 7 hebben we onderzocht of het voorspellen van het risico op hart- en
vaatzieken voor patiënten met diabetes kan worden verbeterd door de toevoeging van veertien
nieuwe signaalstoffen uit het bloed die een rol spelen in verschillende ziektemechanismen. De
combinatie van vier signaalstoffen bleek inderdaad het onderscheidend vermogen en de precisie
van de risicoschatting te kunnen verbeteren. Omdat het verschil ten opzichte van een risicoscore
met alleen traditionele risicofactoren zoals leeftijd, cholesterol en bloeddruk gering was, is nader
onderzoek nodig om uit te wijzen of het routinematig bepalen van deze signaalstoffen in de
kliniek ook tot betere behandeling en tot minder hart- en vaatziekten zal leiden.

Deel drie. Vetverdeling en functie in relatie tot het risico op hart- en vaatziekten
Een ander voorbeeld van variatie in risico tussen individuen is te zien bij patiënten met
overgewicht. In het algemeen is overgewicht geassocieerd met ongunstige veranderingen in het
metabolisme, zoals een verminderde insuline gevoeligheid, een verhoogde ontstekingsactiviteit
en een hoge bloeddruk, die leiden tot een verhoogd risico op hart- en vaatziekten. Evenwel blijkt
dat sommige patiënten met overgewicht nauwelijks metabole afwijkingen hebben, terwijl er aan
de andere kant slanke patiënten zijn die juist meerdere metabole afwijkingen hebben die typisch
zijn voor mensen met overgewicht.

Samenvatting

In hoofdstuk 8 onderzochten we het afzonderlijke en gecombineerde effect van overgewicht
(gedefinieerd op basis van body mass index) en metabole afwijkingen op het ontstaan van
nieuwe hart- en vaatziekten in patiënten die reeds vaatziekten hebben. Uit deze studie kwam
naar voren dat het risico niet verhoogd was bij patiënten met overgewicht maar zonder metabole
afwijkingen. Evenwel was het risico op hart- en vaatziekten sterk verhoogd bij patiënten met een
normaal gewicht maar met metabole afwijkingen. De metabole consequenties bleken een betere
indicator om het risico op hart- en vaatziekten in te schatten dan overgewicht an sich in patiënten
met eerdere uitingen van hart- en vaatziekten. Een nuancering is dat het risico op vroegtijdig
overlijden wel verhoogd was in de groep patiënten met veel vetweefsel in de buikholte gemeten
met echografie, ook als er nog geen metabole afwijkingen zichtbaar waren.
In hoofdstuk 9 keken we specifiek naar leeftijdgebonden veranderingen in vetverdeling
bij pre- en postmenopauzale vrouwen met vaatlijden in vergelijking met mannen. Uit eerder
onderzoek weten we dat vetweefsel in de buikholte meer schadelijke metabole gevolgen heeft dan
onderhuids vetweefsel. Hoewel de jaarlijkse toename in buikvet in postmenopauzale vrouwen
niet groter was dan bij premenopauzale vrouwen, was de jaarlijkse toename in buikvet na de
menopauze wel groter dan bij mannen van gelijke leeftijd. De constante toename van vetweefsel
in de buikholte bij postmenopauzale vrouwen kan bijdragen aan het ontwikkelen van een
ongunstig metabool profiel en uiteindelijk aan het ontstaan van hart- en vaatziekten.
In het afsluitende hoofdstuk 10 worden de relevantie, klinische implicaties en toekomstige
toepassingen van de bevindingen uit dit proefschrift besproken.
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Dankwoord
Na drie jaar hard werken is een wetenschappelijke mijlpaal bereikt: mijn proefschrift! Op deze
plek wil ik degene die een onmisbare bijdrage hebben geleverd aan de totstandkoming van dit
proefschrift bedanken.
Prof. dr. F.L.J. Visseren, geachte promotor, beste Frank, jouw enthousiasme en gedrevenheid om
in ieder (wetenschappelijk) probleem een uitdaging te zien, zijn ongekend. Jouw uitgesproken
ideeën om de toepasbaarheid van onderzoek in de klinische praktijk te verbeteren waren voor
mij een sterke inspiratie. Om collega’s waar ook ter wereld te overtuigen van een innovatieve
aanpak om deze vertaalslag te verbeteren zijn jouw onverschrokkenheid en volharding een must
en een voorbeeld! Vaak is op die manier de initiële scepsis over de mogelijkheden en toepassingen
van nieuwe methodes overwonnen. Je liet zien dat een kritische reactie vaak een indicator voor
interesse was en hoe we commentaar van collega wetenschappers ten goede konden benutten om
onze plannen fijn te slijpen. Veel dank voor de mogelijkheid die je me geboden hebt om in drie
jaar zoveel te leren over de fascinerende wereld van het wetenschappelijk onderzoek!
Prof. dr. Y. van de Graaf, geachte promotor, beste Yolanda, met humor en spitsvondige
opmerkingen wist je in ieder overleg de kern te vatten. Met jouw uitgebreide wetenschappelijke
ervaring en kritische geest kon je de relevantie en positie van zowel eigen als extern onderzoek
goed duiden. Onverwachte resultaten vertrouwde je niet zomaar en met een wedervraag als ‘geloof
jij dit?’ daagde je me uit om resultaten extra goed te onderbouwen. Je prikt makkelijk door op
papier veelbelovende resultaten heen en schroomt niet om je mening in heldere bewoording
kenbaar te maken. Je bent een zeer betrokken begeleider die mijn enthousiasme voor onderzoek
verder heeft doen groeien. Veel dank voor het in mij gestelde vertrouwen en de nuchtere blik op
de wetenschap en haar beoefenaars die je me vaak bood!
Dear prof. John Chalmers and prof. Mark Woodward, thank you for giving me the opportunity
to visit Sydney to work together on the ADVANCE data. I much appreciate your trust and
willingness to try new approaches and your continued efforts to refine the proposed methodology.
I also thank prof. dr. Rick Grobbee for nurturing this collaboration and for contributing to the
positioning and translation of our findings.
Dear prof. Paul Ridker, thank you for the insights and ideas about the opportunities and
restrictions of individualized medicine you have offered. I have great respect for your scientific
work and very much value your contributions to this work and to my development as a young
researcher.
Prof. dr. ir. Yvonne van der Schouw, dr. ir. Joline Beulens, dr. Linda Peelen en dr. Susan van
Dieren, bedankt voor de interessante en prettige samenwerking op het gebied van risicopredictie
in patiënten met diabetes. Van jullie epidemiologische kennis en in discussies heb ik veel geleerd.
Het combineren van analyses in verschillende cohorten bracht weer nieuwe uitdagingen met zich
mee die we samen hebben weten op te lossen!
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Prof. dr. ir. Eric Boersma, bedankt voor de uitdagende en prettige samenwerking en voor de
mogelijkheid om de data van de EUROPA studie te analyseren. Jouw open houding en kritische
blik hebben geholpen om de uitvoer van de analyses en interpretatie van de bevindingen te
verfijnen.
Prof. dr. Ewout Steyerberg, dank voor je enthousiasme en bereidheid om lastige besliskundige of
methodologische kwesties toe te lichten en te bediscussiëren. Je uitleg heeft me menige analyse
(beter) doen begrijpen en me geënthousiasmeerd over de mogelijkheden om met statistiek
klinische problemen het hoofd te bieden.
Leden van de leescommissie, prof. dr. L.J. Kappelle, prof. dr. M.C. Verhaar, prof. dr. D.E.
Grobbee, prof. dr. Y.M. Smulders en prof. dr. ir. H. Boersma, bedankt voor jullie bereidheid dit
proefschrift te lezen en beoordelen.
Beste collega onderzoekers, beste Rob, Anton, Melvin, Danny, Jannick, Sandra, Mariëtte,
Maaike, Lotte Ko, Lotte Ka, Manon, Bas, Nicolette, Shahnam en Johanneke zonder jullie zou…
Tsja, dat weet je nooit. Wat ik wel weet is dat ik erg heb genoten van de afgelopen drie jaar met
jullie! Eerst op de grote onderzoekskamer, later op de kleine onderzoekskamer (gemene deler: te
hoge temperatuur) hebben we heerlijk kunnen discussiëren over de wetenschap, actualiteit en
tal van andere meer en minder relevante onderwerpen. Een stukje humor heeft ons altijd goed
geholpen om het vele rekenwerk wat aangenamer te maken. Rob en Anton, wij zijn tegelijk aan
ons onderzoekstraject begonnen en hebben samen de epi-master gevolgd. We hebben ons zeer
goed vermaakt en hebben samen veel gelachen in die gedeelde uurtjes! Rob, R, we delen meerdere
interesses binnen onderzoek en daarbuiten. We hebben vooral veel gediscussieerd over allerhande
predictietechnieken en daar konden we ons beide goed in verliezen. Jij zette dat vaak om in
ingewikkelde R code, ik maakte meestal mental notes… Maaike, Weijmans, jij bood altijd een
luisterend oor om diverse (onderzoeks) verwikkelingen te bediscussiëren. Ook heeft jouw taal
en logica-check flink geholpen om resultaten beter te verwoorden. Daarnaast was jij de topper
van de TCB competitie, een hoge vorm van academisch vermaak, die tot doel heeft de geest
een paar minuutjes rust te gunnen. Dan de predictie-party, Rob, Lotte Ka, Manon en Jannick,
we konden samen geweldig over dit machtig interessante onderwerp nadenken en discussiëren.
Dat maakte wetenschap meer dan alleen een individueel project! Johanneke en Nicolette, mijn
nieuwste kamergenoten, het was even afstemmen in het begin, maar een paar honderd vragen en
discussies verder zat de sfeer er goed in en hebben we veel gelachen. Tot slot, de gezamenlijke reis
met onderzoekers en staf naar de American Heart in Dallas was een prachtige ervaring. Niet in
het minst door ons verblijf in een typisch bed & breakfast waar de gastvrouw met schelle stem
een strikt bewind voerde: lege wijnglazen waren niet toegestaan. De voortreffelijke home-made
BBQ onder leiding van Rob en Mariëtte, het potje Weerwolven op de veranda en de afsluitende
karaoke hitjes zijn memorabel!
Beste staf en fellows, beste Jan, Wilko, Stan, Gideon, Remy, Gerben, Daniel, Joris, Ilse en Hendrina
dank voor de prettige sfeer en jullie vermogen om onderzoek naar de kliniek te vertalen. Daarmee
bleef de centrale vraag, “wat levert het op voor de patiënt?”, sterk op de voorgrond staan. Beste
Inge, Corina en Corien, het was niet altijd makkelijk ons naar jullie hoofdkantoor te krijgen voor
de klinische studies van de afdeling. Dat was echter geen onwil, vaak zat ik zo verstrikt in mijn
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onderzoeksprojecten dat de weg naar de kliniek wat verder weg leek. Dat zal vanaf nu anders
worden! Beste SMART medewerkers, dank voor jullie bijdrage aan het verzamelen van de grote
hoeveelheid data en de prettige samenwerking!
Beste wintersporters, zeilers, vrienden, beste David, Roos, Bart, Sophie, Bart D, Martijn, Shanna,
Gerbrand, Lars, Joris, Holly, Paul en Juliette, we kennen elkaar lang of minder lang, zien elkaar
vaker of minder vaak, maar kunnen het altijd erg goed met elkaar vinden. Het is mij steeds weer
een groot genoegen om met jullie op reis te gaan, de piste op en vooral ook weer de piste af om
te dansen op hitjes van der DJ-aus-den-Bergen!
Beste bestuursgenoten en oud MSFU’ers, beste Anke, Kirsten, Jolein, Renée, Bart, Meinie
en Marieke we hebben een bijzondere deel van onze studenttijd samen gedeeld. Ik vind het
geweldig om te zien hoe ieder op z’n plek terecht is gekomen! Beste Stef, we kennen elkaar
sinds de bestuursoverdracht en worden beide enthousiast van een pot tennis en discussies over
de wetenschap. Jouw wetenschappelijke ambities zijn aanstekelijk en ik kan je keuze voor het
klinisch epidemiologisch onderzoek alleen maar toejuichen!
Vrienden van het Jonge Heeren Gezelschap, het is een voorrecht om deel uit te maken van
zo’n hechte club die mooie en moeilijke momenten samen deelt. Veel verschillende karakters,
ambities en dromen maar met sterke gedeelde wortels hier in Utrecht!
Vaders en zonen (en later ook dochters) van de Cannerweg, wij trokken er jaarlijks samen op uit
naar Epen. Mijn dank is groot voor de wetenschappelijke fundamenten die daar werden gelegd:
de illustratie van het hefboom principe bij het verzamelen van brandhout en de ontgoochelende
verplaatsing van een geheel kampement deden de geest prikkelen!
Beste Paul, we kennen elkaar van de middelbare school en ik ging graag achter op de scooter
mee naar Geulle om daar te knutselen aan de zitmaaier of andere projecten. We delen hetzelfde
gevoel voor humor en kregen in de klas al vaak de slappe lach. Ik waardeer je ondernemingslust
die je voor een nuttig en groter doel wilt inzetten. De reis naar ons grote klusvoorbeeld in de
Bourgogne is sinds jaren vaste prik; ook in het post-promotie tijdperk ga ik ervan uit dat we die
trip nog vaak gaan maken! Beste vrienden uit Maastricht, beste Ilse, Jacqueline en Anique, we
zien elkaar niet meer zo vaak maar de etentjes / najaarsvergaderingen zijn iedere keer weer als
vanouds!
Beste paranimfen, beste David en Bastiaan, het is mij een grote eer dat jullie mijn paranimfen
willen zijn. Dave, wij kennen elkaar van onze eerste studiedagen in Utrecht. We komen beide
uit het Zuiden, houden allebei van een lekker vastelaovendsliedje op z’n tijd (wanneer is het daar
eigenlijk geen tijd voor?), van het vak, de sneeuw, het water en meer. We hebben de afgelopen
tien jaar veel samen ondernomen voor studie en daarbuiten en ik hoop in de toekomst nog veel
meer. Nu je je perifere woonstage hebt voltooid ben ik blij dat je met Roos weer in Utrecht
woont en we zo bij elkaar kunnen binnenlopen! Beste Bas, collega, amice, ondernemer, ik leerde
je goed kennen tijdens de overdracht van het onderwijscommissariaat. Een zeer gewichtige
taak, althans dat vonden wij, die je goed moest relativeren met een stukje humor. En dat was
aan ons wel besteed! We delen een gedrevenheid voor de geneeskunde, maar altijd knaagt ook
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ondernemerslust en dat hebben we in ons bedrijfje met neef Ruud mooi vorm kunnen geven.
Dat loopt aardig maar geeft ons vooral weer een hele hoop nieuwe ideeën en enorm veel plezier!
Lieve schoonfamilie, Nelly, Harman, Harman jr, Mira en oma Sjaan dank voor jullie betrokkenheid
en interesse, jullie grapjes over mijn authentieke uitspraak van de ‘r’ in Kir en de altijd hartelijke
en warme ontvangst bij jullie thuis!
Lieve zusje en zwager, Guusje en Koen, de wetenschap, daar weten jullie na een jaar in Boston
helemaal veel van! Guusje, wat ben ik trots op jou, op de lieve zus die je bent en op de nieuwe
en uitdagende stappen die je steeds weer maakt. Wat was het heerlijk om jullie in Boston op te
zoeken en samen rond te reizen. Nu zijn jullie gelukkig weer in de buurt en kunnen we onze
ervaringen uit de kliniek delen!
Lieve mam en pap, jullie staan aan de wieg van dit proefschrift. Jullie hebben me altijd geweldig
gesteund en een grenzeloos vertrouwen geschonken, een enorm voorrecht zo realiseer ik me! Jullie
onvoorwaardelijke liefde en enthousiasme voor de dingen die ik wil doen zijn een bijzondere
steun voor mij. Dat je je ambities moet najagen, je jezelf en je werk altijd moet kunnen relativeren
met een grapje en dat je vooral samen van de goede dingen van het leven moet genieten, laten
jullie iedere keer weer aan me zien!
Lieve Kir, dit is de passage waar jij al drie jaar benieuwd naar bent. Het schrijven van een
proefschrift is eigenlijk ‘gewoon je werk’ zoals je zegt, maar toch was dat werk zonder jou niks
geweest. Jouw vanzelfsprekende steun en vertrouwen in mij vervullen me met een diepe trots
en vergroten het plezier in de dingen die ik doe! Ik vind het heerlijk om samen met jou te zijn,
samen te wonen, samen te reizen en zie uit naar onze toekomst samen. En, ook al weet je het al,
ik zeg het nog een keer: ik hou van je!
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