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Treatment effects from randomised 
trials are typically expressed as 
numbers needed to treat to prevent 
one adverse disease event during a 
fixed time interval (eg, five or 10 years). 
In the actual patient, however, many 
diseases are chronically progressive, 
despite treatment. Examples are 
diabetic nephropathy, some types of 
malignancies, osteoporosis, and 
atherosclerosis. In these examples, the 
aim of treatment is not to prevent but 
to delay the occurrence of symptomatic 
disease. Thus the actual effect of 
treatment is gain in disease-free life 
expectancy
Healthy life expectancy is a customary outcome type in 
cost effectiveness studies at group level, but predictions 
can also be made at individual patient level.1 2  In this 
article we explain how clinical trial results can be trans-
lated into gains in healthy life expectancy for individual 
patients. We use aspirin in the primary prevention of 
cardiovascular disease as an illustrative example, 
based on real data from the Women’s Health Study.3  4

Lifetime prediction models
Traditionally, prediction models for disease risk in indi-
vidual patients are limited to the follow-up time (eg, five 
or 10 years) of the original study. In a few studies, most 
of the study participants may have reached an endpoint 

before the end of follow-up.5 6  Conventional statistical 
models can then suffice for making lifetime predictions. 
Usually, however, the remaining life expectancy of 
study participants is much longer than the follow-up 
duration of studies. Many participants are still healthy 
and alive at the end of the study. Simple extrapolation 
of risk predictions beyond the follow-up time of the 
original study is often precarious. Therefore, lifetime 
models compared with traditional survival models use 
age instead of follow-up time as the underlying times-
cale. A participant does not enter the study at time 0 
but rather at his or her age at study entry. Similarly, 
the time to event or censoring is defined by the age of 
study exit. This is called left truncation and right cen-
soring, respectively. Each study participant contrib-
utes data to the survival model from the age of entry 
until the age of censoring or disease event.7 8 As a 
result, predictions of lifetime models are not limited 
by the follow-up time of the study but rather by the age 
distribution of study participants. Therefore, observa-
tions in elderly patients are essential for stable long 
term predictions.

Competing risks
Competing risks are events that prevent a disease from 
occurring, such as mortality from other causes than the 
disease outcome of interest. In traditional survival anal-
yses, competing events are handled by censoring of 
patients in studies. Often, however, this type of censor-
ing is non-random because competing events and dis-
ease do not occur independently. This is the case when 
events share mutual risk factors. Smoking, for example, 
is a risk factor for both cardiovascular disease events 
and non-cardiovascular disease mortality. In such 
cases, failure to account for competing risks can lead to 
erroneous conclusions about the relative effect of risk 
factors and treatment.9 10

In addition, failure to account for competing risks 
leads to overestimation of the cumulative incidence of 
disease.9-12 This is because patients who die from other 
causes than the disease outcome of interest, in reality 
are no longer at risk for the disease. Traditional survival 
analyses do not account for this gradual decline of the 
population at risk. However, the assumption that peo-
ple will not die from other causes becomes increasingly 
inappropriate in the long term.11  Thus, adjustment for 
competing risk is essential for predicting the lifetime 
risk of disease. A more extensive discussion on compet-
ing risks has been published.9

Competing risk adjusted lifetime prediction models
For making lifetime predictions, the techniques of 
adjustment for competing risk and an age based time 

Summary pointS
•   Gain in disease-free life expectancy is a more intuitive measure of treatment 
effect than number needed to treat for lifelong treatment for chronically 
progressive conditions

•   Treatment effect as gain in healthy life expectancy can be predicted based on a 
combination of the relative effect of treatment from a randomised trial and a 
lifetime prediction model

•   Lifetime prediction models are characterised by left truncation and adjustment 
for competing risks and can be developed using data from either observational 
cohort or clinical trials

•   The highest treatment effect in terms of disease-free life years gained is generally 
achieved in younger patients with otherwise high risk factors for disease, but not 
necessarily a high risk for disease, although at the cost of longer duration of drug 
use and exposure to possible adverse events
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axis need to be combined. A well known example of 
such a model is the JBS3 calculator (www.jbs3risk.
com/).13 14  For this purpose, methods adapted from the 
Fine and Gray model are available for standard statisti-
cal software.8 15 Such risk scores consist of separate 
cause specific models for the event of interest and the 
competing event. As with any prediction model, it is 
recommended to limit the number of predictor vari-
ables and choose readily available patient characteris-
tics to optimise ease of use in clinical practice. The 
same set of variables is used for prediction of the event 
of interest and the competing event. This is because 
dropping a variable for the prediction of only one of 
both outcomes leads to loss of information without the 
benefit of a simpler model. A covariate for the effect of 

treatment should be included in the models that are 
based on trial datasets.

Estimation of (gain in) disease-free life expectancy
Lifetime prediction models adjusted for competing risk 
can be used to compute a life table for estimation of 
 disease-free survival of individual patients.13 This life 
table starts at the current age of the individual and is 
subdivided by arbitrary age intervals (eg, years). For 
each interval, the life table contains the following 
 probabilities:

et=�probability of being healthy and alive at start 
of interval t (starting from 1, at current age of 
individual)

Table 1 | Life table for individual patient scenario A* with and without aspirin treatment

Life years
Without aspirin With aspirin
Cumulative survival (et) % CVD risk (at) % non-CVD mortality risk (bt) Cumulative survival (et) % CVD risk (at) % non-CVD mortality risk (bt)

48-49 1.00 0.8 0.0 1.00 0.8 0.0
49-50 0.99 0.8 0.1 0.99 0.8 0.2
50-51 0.98 2.3 0.3 0.98 2.2 0.3
51-52 0.96 0.9 0.2 0.96 0.9 0.2
52-53 0.94 1.0 0.1 0.95 0.9 0.1
53-54 0.93 1.5 0.4 0.94 1.4 0.4
54-55 0.92 1.2 0.3 0.92 1.1 0.3
55-56 0.90 1.2 0.3 0.91 1.1 0.3
56-57 0.89 1.6 0.4 0.90 1.5 0.4
57-58 0.87 1.7 0.3 0.88 1.6 0.4
58-59 0.85 2.0 0.3 0.86 1.9 0.3
59-60 0.83 1.8 0.3 0.84 1.6 0.3
60-61 0.82 2.4 0.6 0.83 2.2 0.6
61-62 0.79 1.8 0.5 0.80 1.7 0.5
62-63 0.77 3.3 0.6 0.79 3.0 0.6
63-64 0.74 1.8 0.6 0.76 1.7 0.6
64-65 0.73 3.9 0.6 0.74 3.5 0.6
65-66 0.69 2.7 0.8 0.71 2.5 0.8
66-67 0.67 2.9 1.0 0.69 2.7 1.0
67-68 0.64 4.2 0.6 0.66 3.8 0.6
68-69 0.61 4.3 0.8 0.63 3.9 0.8
69-70 0.58 3.5 0.8 0.60 3.2 0.8
70-71 0.56 4.5 0.8 0.58 4.2 0.8
71-72 0.53 5.2 1.3 0.55 4.8 1.3
72-73 0.49 4.5 1.0 0.51 4.2 1.1
73-74 0.46 5.4 1.5 0.49 4.9 1.5
74-75 0.43 8.4 0.6 0.46 7.7 0.6
75-76 0.39 6.0 1.1 0.42 5.5 1.2
76-77 0.37 9.8 1.7 0.39 9.0 1.8
77-78 0.32 8.0 1.8 0.35 7.4 1.9
78-79 0.29 10.4 2.6 0.32 9.6 2.7
79-80 0.25 6.0 3.4 0.28 5.5 3.5
80-81 0.23 7.8 3.4 0.25 7.1 3.5
81-82 0.20 11.2 3.0 0.23 10.3 3.1
82-83 0.18 12.6 4.8 0.20 11.6 5.0
83-84 0.14 2.7 7.5 0.16 2.5 7.7
84-85 0.13 11.7 4.3 0.15 10.8 4.4
85 0.11 - - 0.12 - -
∑et+1×interval 
width

22.2 years 22.8 years

*48 year old female smoker with diabetes, non-high density lipoprotein cholesterol level of 155 mg/dL, and systolic blood pressure of 140 mm Hg. Treatment effect is the cumulative survival 
difference with and without aspirin treatment. This is 0.6 years, which equals seven months
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at=�probability of experiencing a disease event 
during interval t given disease-free survival up 
to start of interval t

bt=�probability of experiencing a competing event 
during interval t given disease-free survival up 
to start of interval t

Probabilities at and bt can be predicted for each age 
interval t using a competing risk adjusted lifetime 
model. For each subsequent age interval t, the probabil-
ity of being healthy and alive at the start of that interval 
(et+1) can be calculated as et×(1−at−bt). The disease-free 
life expectancy of an individual patient follows from 
this life table as the sum of et+1 multiplied by the width 
of each interval t (∑et+1×interval width). This is illus-
trated in the real data example and table 1.

The survival curve for an individual patient results 
from plotting of the life table. Notably, the area under 
this survival curve is equal to ∑et+1×interval width. 
Thus, the area under the survival curve is a graphical 
representation of the individual disease-free life expec-
tancy. The effect of treatment on disease-free survival 
can be obtained by computing the survival difference 
with and without treatment. The treatment effect, in 
terms of gain in healthy life expectancy, is equal to the 
difference between the area under the survival curves of 
both scenarios.

real data example: aspirin
Aspirin is effective for preventing cardiovascular dis-
ease in the primary prevention setting.16  Similar to 
other types of treatment for the prevention of cardiovas-
cular disease, aspirin is thought to be most effective in 
people with a high risk of cardiovascular disease in the 
next 10 years. This is because the NNT is generally lower 
(that is, more favourable) in patients at high risk.17 18  
Because age is by far the most important determinant of 
10 year cardiovascular disease risk, aspirin is thought to 
be most effective in older patients (>65 years).17 Yet age 
is also the most important determinant of death from 
non-cardiovascular causes. In this case, such death 
may precede the occurrence of a cardiovascular disease 
event, and thus it must be considered a competing risk. 
This is because patients who die from non-cardiovascu-
lar causes may not benefit from aspirin at all, even 
when their 10 year risk of cardiovascular disease is 
high. Therefore, aspirin treatment is a classic example 
where doctors need to consider competing risks when 
estimating the treatment effect for individual patients.

To illustrate these concepts we developed a compet-
ing risk adjusted lifetime model based on data from the 
Women’s Health Study. This study was a randomised 
trial evaluating the effect of aspirin 100 mg on alternate 
days compared with placebo for the primary prevention 
of cardiovascular disease among initially healthy 
women aged 45 or older.3 4 For the present example, we 
use data on 27 939 participants who provided baseline 
plasma samples. After a mean follow-up of 10.1 years, 
the hazard ratio for occurrence of the primary endpoint 
was 0.91 (95% confidence interval 0.80 to 1.03), favour-
ing aspirin treatment. The competing outcomes were 

defined as cardiovascular disease (myocardial infarc-
tion, stroke, or cardiovascular death) and non-cardio-
vascular disease mortality. In addition to aspirin 
treatment, several well established cardiovascular risk 
factors were prespecified as predictors: smoking, diabe-
tes mellitus, systolic blood pressure, and non-high den-
sity lipoprotein cholesterol level. Because observations 
in very elderly people were limited in the Women’s 
Health Study, we truncated lifetime predictions at age 
85. Supplementary appendix 1 provides additional 
details on the development and validation of the model.

Table 1 shows how the lifetime model was used to 
construct a life table for a hypothetical patient scenario. 
Starting from the current age of this patient (in this case 
48 years), the cumulative survival without cardiovascu-
lar disease (et) gradually decreases towards zero condi-
tional on the yearly rates of cardiovascular disease (at) 
and non-cardiovascular disease mortality (bt). The car-
diovascular disease-free life expectancy follows from 
this table as the sum of the cumulative survivals for 
each life year; in this case 22.2 years without aspirin and 
22.8 years with lifelong aspirin treatment. The aspirin 
treatment effect for this patient is 0.6 years, which 
equals seven months gain in cardiovascular dis-
ease-free life expectancy. In figure 1, we have plotted 
the cumulative survival for this individual patient sce-
nario as a survival curve with and without aspirin treat-
ment. The effect of aspirin is represented by the size of 
the white area between the curves, which is also equal 
to seven months.

Figure 1  also illustrates the estimated cumulative car-
diovascular disease-free survival for the hypothetical 
patient with no adjustment for competing risks (ie, 
 adding up unadjusted estimates of cardiovascular dis-
ease and non-cardiovascular disease mortality). The 
yearly rates of non-cardiovascular disease mortality 
presented in table 1  may seem relatively unimportant. 
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Fig 1 | Predicted treatment effect for hypothetical patient 
scenario. Cumulative survival free of cardiovascular 
disease and mortality for 48 year old female smoker with 
diabetes, non-high density lipoprotein cholesterol level of 
155 mg/dL, and systolic blood pressure of 140 mm Hg. 
Competing risk unadjusted survival was computed using 
the added cumulative incidences of separate survival 
models for cardiovascular disease and non-cardiovascular 
disease mortality. The effect of aspirin is represented by 
the size of the white area between the curves, equal to 
seven months
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Yet, failure to account for these competing risks leads to 
overly pessimistic estimations of cardiovascular dis-
ease-free survival. As a result, the survival curve unad-
justed for competing risk may even go below 0, as it 
does in figure 1.

Similar calculations can be performed for all other 
combinations of risk factor levels (figure 2 , top charts). 
The figure shows the predicted effect of lifelong aspirin 
treatment for each combination of risk factor levels 
as  the number of months gain in cardiovascular 
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Fig 2 | (Top charts) Predicted aspirin treatment effect: numbers of months gain in cardiovascular disease-free life 
expectancy to age 85 for individual patients resulting from lifelong aspirin treatment. A zero means no treatment effect. 
A 6 means that lifelong aspirin treatment is expected to prolong the patient’s cardiovascular disease-free life expectancy 
by six months. A high treatment effect is generally achieved in young patients with otherwise high risk factors for disease. 
(Bottom charts) Predicted 10 year cardiovascular disease risk for individual patients (%). High risk is correlated with 
high age. Notably, there is only limited correspondence between the distributions of predicted lifetime treatment 
effect (top charts) and 10 year cardiovascular disease risk (bottom charts). Colour coding top charts: green=low treatment 
effect (≤3 months); yellow=intermediate treatment effect (>3 and 6 months); red=high treatment effect (>6 months). 
Colour coding bottom charts: green=low risk (<10%); yellow=intermediate risk (≥10% and <20%); red=high risk (≥20%)
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 disease-free life expectancy to age 85. These charts can 
be used to predict the effect of lifelong aspirin treatment 
for individual patients. Alternatively, an interactive 
 calculator can be used for individual treatment effect 
predictions (see appendix 2). Notably, an inverse 
 association can be observed between treatment effect 
and age. The highest treatment effect for aspirin is 
obtained in younger patients with otherwise high risk 
factor levels. This is explained by the fact that these 
patients are at lower risk for competing non-cardiovas-
cular disease mortality. Longer remaining lifetime 
means longer time at risk for cardiovascular disease 
events and therefore more benefit from preventive treat-
ment. These findings agree with those from microsimu-
lation studies on both aspirin and statin treatment.2 19 
Importantly, starting lifelong treatment at a younger 
age also means that patients will be exposed to possible 
adverse events during a longer period. This should be 
taken into account when making decisions based on 
predictions of lifetime treatment effect.

For comparison, the bottom charts in figure 2  show 
the absolute 10 year risk of cardiovascular disease for 
individual patients. We computed this risk using the 
same competing risk adjusted model, but based on age 
specific baseline survival rates for prediction of 10 year 
risk without the use of a life table (see appendix 1 for 
details). Similar to other risk scores, these colour charts 
show that the 10 year risk of cardiovascular disease was 
still higher with increasing age.20 21 Yet apparently a 
high 10 year cardiovascular disease risk is not always 
associated with a high treatment effect. This is because 
older people have a shorter remaining lifetime during 
which they are at risk for cardiovascular disease events.

Validation of lifetime modelling
Because lifetime models predict survival well beyond 
the duration of the study data, it is often impossible to 
validate the accuracy of these long term predictions. 
The example from the Women’s Health Study is, how-
ever, an exception. After the randomised treatment 
period of the study had ended, participants were invited 
for further observational follow-up, resulting in a total 
follow-up of 17.5 years.4  Because we used only the first 
10.1 years of follow-up data for model development, this 
allowed us to perform temporal validation. A calibration 
plot (fig 3) shows that the model’s long term survival 
probabilities closely match those of the actual 
(observed) Kaplan-Meier survival in our example. This 
finding supports, at least for this example, the robust-
ness of the described lifetime prediction methods.

additional considerations
Although the highest treatment effect is achieved in 
younger patients, this comes at the cost of a longer 
duration of treatment (that is, during the remaining life-
time). For a better comparison of the efficiency of treat-
ment, standardisation of treatment duration may still 
be considered. For example, the model could be trun-
cated to predict average gain in disease-free life expec-
tancy in the next 10 years. Although lifetime predictions 
can be insightful for some, others may feel more 

 motivated by short term effects (that is, retaining good 
health in the near future).

Furthermore, in the example we did not account for 
changes in risk factor levels over time, such as age 
related changes in blood pressure and cholesterol 
 concentrations. Large fluctuations in these biomarkers 
are usually not seen until a first cardiovascular disease 
event. This may be different for other treatment scenar-
ios, which may necessitate the updating of risk factors.

In the example, the effect of aspirin was modelled 
based on randomised trial data. Predictions were trun-
cated at 85 years owing to a limited number of observa-
tions in women aged more than 85 years. This is a 
frequently encountered limitation of randomised trial 
data, because stringent enrolment criteria result in the 
exclusion of elderly patients. Moreover, model predic-
tions only apply to patients who would have been eligi-
ble to enrol in the trial. Yet observational cohort studies, 
which usually enrol more heterogeneous patient popu-
lations, may also be used for developing competing risk 
adjusted lifetime models.2 13 14 Assumptions on the rela-
tive effect of treatment can then be made on the basis of 
meta-analyses of trials, if available, and added to the 
model coefficients.
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Fig 3 | Validity of model at 17 years’ follow-up. Predicted 
and observed 17 year cardiovascular disease-free survival. 
Predicted survival is based on competing risk adjusted 
models for cardiovascular disease and non-cardiovascular 
disease mortality as calculated for all participants aged 
≤68 years in the Women’s Health Study. Observed survival 
was based on Kaplan-Meier estimates for the composite 
endpoint of cardiovascular disease and non-cardiovascular 
disease mortality within 10ths of predicted survival in the 
extended follow-up dataset
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