
Appendix 
 
Model calibration for the motivating example 
The calibration plot for the model given in the paper is shown below. The model 
underestimates risk, with true risk about 50% higher than predicted risk. For instance, the 
rate of high-grade cancer is about 15% amongst patients with predicted risk close to 10%. 
It is not at all clear that a model with this level of miscalibration would be clinically useful 
even if the AUC, at 0.82, is high. The decision curve is unambiguous that the model would 
improve clinical decision making.  
 

 
 
 
Examples of the use of decision curves in the medical literature 
There are numerous other examples in the literature where decision curve analysis gives a 
clear answer as to the clinical value of a marker, test or model, where discrimination and 
calibration are ambiguous. Here we will focus on four cases for illustrative purposes. 
 
Nam et al. evaluated two prediction models for aggressive prostate cancer, the same 
scenario discussed in the main text of this paper[1]. The “Sunnybrook” prediction model 
had an AUC of 0.72 compared to 0.67 for the “Prostate Cancer Prevention Trial” model. The 
Sunnybrook model overestimated risk, although only slightly at lower risks; the Prostate 
Cancer Prevention Trial model underestimated lower risks and overestimated higher risks. 
As might be expected, the decision curve shows that of the two models, the Sunnybrook 
model has higher net benefit. What is not predictable from the AUCs and calibration plots is 
that neither model has higher net benefit than the strategy of biopsying all men at risk 
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unless threshold probabilities are rather high, well above 10%. Because many doctors and 
patients would consider biopsy at a risk of aggressive prostate cancer less than 10%, the 
decision curve does not support clinical use of either model.  
 
Another example from cancer screening is an evaluation of a lung cancer prediction tool[2]. 
The tool has been proposed to determine which patients should be considered for lung CT 
screening and was evaluated in three cohorts, although for the sake of simplicity, we will 
focus on just one, the Harvard cohort. The prediction model had an AUC of 0.76, which is 
reasonable, although not much better than the AUC of 0.74 for smoking duration. 
Calibration was problematic, with about 30% more events occurring than predicted by the 
model. The clinical value of a model with modest discrimination and some miscalibration 
might well be questionable. However, the decision curve clearly demonstrated that across 
the complete range of reasonable threshold probabilities, the model had higher net benefit 
than smoking duration alone, or recommending all patients for screening.  The authors 
concluded that the study gave evidence of “benefits for stratifying patients for lung cancer 
CT screening.” 
 
A study on a model to predict six-month mortality in elderly patients provides an example 
where a net benefit approach can come to different conclusions about the value of a model 
depending on its clinical role[3]. The mortality prediction model was found to have higher 
net benefit than both assuming all patients die within six months and assuming no patient 
dies within six months across risk thresholds 5% - 25%. The authors concluded that while 
the model could be of value for determining which patients should be counseled about 
advance care planning, it should not be used for referral to hospice care. This is on the 
grounds that whereas a discussion about advance care is indicated for patients with even a 
relatively low probability of mortality, a hospice referral will generally require more than a 
25% risk of death within six months.  
 
Lughezzani et al. provide an example where a decision curve helped choose between two 
models, one with better discrimination, the other with better calibration[4]. The paper also 
provides an example where net benefit is used to compare a binary decision rule with a 
prediction model.  
 
Two high-profile editorials on decision curve analysis have been published in JAMA[5] and 
the Annals of Internal Medicine[6]. 
 
Uncertainty of net benefit estimates 
One concern is whether estimates of net benefit should include a measure of uncertainty, 
such as a 95% confidence interval (C.I.). Although bootstrap resampling methods have been 
published to calculate a 95% C.I. for net benefit[7], these are not widely used. This may be 
because uncertainty is a problematic concept in decision theory. An argument that is 
common among decision analysts is that when we are forced to make a choice between 
limited options – such as biopsying vs. not biopsying vs. measuring a marker and then 
deciding – we should choose based on our best guess as to the right choice, irrespective of 
uncertainty[8]. If we predict that outcome will be best if we biopsy, it is irrelevant whether 
the chance that we are wrong is 1% or 49%. Others might argue that if we are 



recommending some change in clinical practice, we ought to be pretty sure that it will do 
more good than harm.  
 
The table shows one approach to incorporating 95% C.I. into net benefit approaches, based 
on the data in figure 1 for a study with 1000 patients. At some lower threshold 
probabilities, the lower bound of the 95% C.I. does include no net benefit of the model 
compared to the strategy of biopsying all men at risk. 
 
Table. An example of how statistical uncertainty can be incorporated into decision curve 
analysis. As the model clearly has better net benefit than the both “biopsy none” and 
“marker”, the table shows the 95% C.I. for the difference in net benefit between the model 
and “biopsy all”. 
 
 
Threshold probability Difference in net benefit between 

model and biopsy all 
95% C.I. 

5% 0.002 -0.005 to 0.008 
7.5% 0.006 -0.003 to 0.015 
10% 0.014 0.001 to 0.025 

12.5% 0.024 0.009 to 0.038 
15% 0.036 0.018 to 0.052 
20% 0.063 0.041 to 0.086 
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