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Take-Home Message 

Statistical constructs such as ROC Curve / AUC do not answer the critical question of how much 

clinical utility a risk prediction model confers. This paper overviews Decision Curve Analysis, a 

novel method for quantifying net benefit of a risk prediction model.  



Background 

Risk prediction models that quantify the risk of clinically important events based on multiple 

patient characteristics are cornerstones of Precision Medicine. There are many risk prediction 

models for respiratory diseases, though only a few have been widely adopted[1, 2]. With the 

increasing availability of data and accessibility to electronic health records that can automate 

risk prediction, the uptake of predictive analytics in respiratory medicine will increase. 

Classically, a ‘good’ risk prediction model is identified as one that has good calibration and high 

discrimination. The former is usually expressed through a calibration plot or slope, and the 

latter through a Receiver Operating Characteristics (ROC) curve and its area under the curve 

(AUC). The AUC in particular is often touted as a singular measure of model performance[3]. 

However, AUC is a statistical index and thus cannot reflect the usefulness of a model in clinical 

practice[4].  

Critically, neither model discrimination nor model calibration can answer the question of 

whether a risk prediction model can improve disease management. Direct assessment of such 

clinical utility requires randomised trials that compare the outcomes of using vs. not using the 

risk model, which is not feasible in the early phases of risk model development. Prior to late-

phase clinical trials, a Decision Curve analysis can be used to quantify the expected “net 

benefit” of a risk prediction model[5], based on the same data (predicted risks and observed 

outcomes) as those required to create ROC curves and calibration plots. Decision Curve analysis 

can thus accompany statistical metrics when the performance of a risk prediction model is 

being evaluated. Here, we present an overview of this approach and provide a case example of 

how Decision Curves can be used to investigate the clinical utility of risk prediction models in 

chronic obstructive pulmonary disease (COPD).  

 

How does it work? A case study in prediction of acute exacerbations of COPD (AECOPD)  

Major COPD guidelines and management strategies, such as the Global Initiative for Chronic 

Obstructive Lung Disease (GOLD), recommend a stepwise approach to COPD pharmacotherapy 



that is based on the “frequent exacerbator” phenotype[6]. GOLD defines the frequent 

exacerbator status as having ≥2 moderate or ≥1 severe AECOPDs in the previous 12 months. 

This approach may be improved by combining patients’ prior exacerbation history with other 

characteristics. One such algorithm is ACute COPD Exacerbation Prediction Tool (ACCEPT), 

which predicts AECOPD risk based on 13 predictors covering demographics, AECOPD history, 

lung function, smoking status, functional capacity, and medication history[7]. We applied 

ACCEPT to patient-level data from ECLIPSE (Evaluation of COPD Longitudinally to Identify 

Predictive Surrogate Endpoints), a prospective cohort study[8]. We based our evaluation on 

COPD patients with complete data (N=1,819); we used information in the first follow-up year to 

predict the risk of moderate or severe AECOPDs for the second year of follow-up. ECLIPSE has 

been used as an external validation dataset of ACCEPT and as such no refitting or recalibration 

was performed. The model was well calibrated in individuals with a high risk of AECOPD, but 

overestimated the risk in patients at a low risk (e.g., those with a negative AECOPD history). The 

calculated AUC for predicting the 1-year risk of AECOPD using ACCEPT was 0.78 (95%CI 0.76-

0.80). In comparison, the AUC based only on the frequent exacerbator status was 0.68 (95%CI 

0.66-0.70). However, does this level of calibration combined with the significantly improved 

AUC with ACCEPT translate into better care of COPD patients?  

To address this question, we considered two common clinical scenarios in which step-up 

therapy may be warranted:  

Scenario 1) should patients who are on monotherapy with long-acting muscarinic antagonists 

(LAMA) be switched to dual bronchodilator therapy (LAMA + long-acting beta-2 agonists 

[LABA])? 

Scenario 2) should patients who are on maximum inhaled therapy be provided with 

azithromycin as an add-on therapy? 

Based on GOLD recommendations, patients should be considered for step-up therapy if they 

are a frequent exacerbator.   

  



Treatment threshold at the core of net benefit calculation for risk predictors 

Unlike the binary definition of a frequent exacerbator, a risk model generates continuous risk 

scores, which need to be dichotomised by specifying a ‘treatment threshold’ (such that step-up 

therapy is considered if the predicted risk is above this threshold). The threshold varies for 

treatments depending on their benefit/harm profile. For example, given the relatively safe 

profile of LABA compared with azithromycin (which is associated with increased risk of 

cardiovascular events, hearing loss, and antibacterial resistance[9]), it is likely that patients and 

physicians have a lower threshold for adding LABA than azithromycin to current treatment. For 

the purposes of illustration, let us assume that a guideline panel, following consultations with 

patients and considering all aspects of treatment benefit and harm, concludes that the 

threshold for adding LABA is at an AECOPD risk of >20% per year, and that for azithromycin is 

>40%. Ideally, the optimal treatment threshold should be decided using a rigorous, quantitative 

evaluation of benefits and harms of therapies, which should also take into account patient 

preferences on how they weigh the benefits against harms. For example, preventing AECOPDs 

in patients with low lung function might be more critical; thus the treatment threshold might be 

lower in such patients. An appealing aspect of Decision Curves is that the clinical utility of a 

model can be evaluated at any threshold that is considered relevant, thus separating the task of 

drawing the Decision Curve from that of determining optimal thresholds. 

Returning to the azithromycin scenario, a threshold value of 40% means that we would not 

step-up therapy in patients whose predicted exacerbation risk is <40% per year while consider 

adding azithromycin for those with a predicted risk of  >40%/yr. At a risk of exactly 40%, there 

would be ambivalence.  

What does ambivalence mean? Consider a group of patients who all have a predicted risk of 

exactly 40%. If we give azithromycin to all such patients, we would appropriately treat the 40% 

who would have otherwise exacerbated, and inappropriately the 60% who would not have 

exacerbated. Our ambivalence means that we consider the overall utility of treating all patients 

in this cohort (all with AECOPD risk of 40%) to be equal to treating none of them. This can only 

happen when the benefit of treating 40 true positives with azithromycin cancels out the harm 



of treating 60 false positives. This indicates that, by using a threshold value of 40%, we have 

placed a weight of 40/60=2/3 on the harm of a treating a false positive (and causing some side 

effects) relative to the benefit of finding and then treating a true positive patient (and thus 

reducing the exacerbation risk).  

The critical concept behind DCA is that we can use this relative weight of 2/3 as an exchange 

rate between true and positive diagnosis to calculate an overall net benefit (benefits minus 

harms). In ECLIPSE, at a treatment threshold of 0.40, 53.9% of the sample were true positives, 

and 36.0% were false positives according to the ACCEPT prediction model. Because each false 

positive diagnosis is weighted as 2/3rd of a true positive diagnosis, the net benefit of using the 

ACCEPT prediction model at a threshold of 40% is 0.539 – 0.360*2/3 = 0.299. 

Generally, for any risk threshold 𝑟, the exchange rate between true and false positives can be 

calculated as 𝑟/(1 − 𝑟). That is, 1 true positive diagnosis is equal to (but in oppose direction) of 

𝑟/(1 − 𝑟) true negative diagnosis. Net benefit associated with any threshold can thus be 

calculated as follows: 

𝑁𝑒𝑡 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑆𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒
– (

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑆𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒
∗  

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

1 − 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
). 

 

The first term in this equation is the benefit of using the treatment for patients who will 

otherwise experience the event (true positive), and the term in brackets is the harm associated 

with treating false positive patients, converted to the (negative) true positive units by using the 

exchange rate. We note that this net benefit is in ‘true positive’ units, and is mostly 

interpretable in comparison with the net benefit of using alternative models.  

In practice, we calculate the net benefit across an entire range of thresholds (0 to 1) to evaluate 

other thresholds that might be of interest to decision-makers. The resulting graph is the 

Decision Curve, as shown in Figure 1 for our case study. The figure depicts the net benefit of 

the ACCEPT model versus the use of AECOPD history alone (by employing the frequent 

exacerbator definition), and two default decisions that should always be present in a Decision 

Curve: treating none (with a net benefit of zero) and treating all.  



 

Figure 1: The Decision Curve for the ACCEPT model (red) compared with frequent 
exacerbator status (blue). The vertical dashed lines highlight the two treatment thresholds 
discussed in the text. 

 
From this curve, it is apparent that the clinical utility of both the ACCEPT model and frequent 
exacerbator definition depends on the treatment threshold. At threshold values less than 0.28, there is 
no point in using any prediction tool; instead, in this range of treatment threshold, all individuals 
should be treated. At the threshold values over 0.28, ACCEPT provides more net benefit compared with 
the frequent exacerbator definition. The frequent exacerbator definition is tied with ACCEPT within a 
narrow range around the threshold value of 0.7, but otherwise does not provide clinical utility above 
ACCEPT. 
 
ACCEPT: Acute COPD Exacerbation Prediction Tool; AECOPD: Acute Exacerbation of Chronic 
Obstructive Pulmonary Disease; LABA: long-acting beta-2 agonists 

 

This curve now provides an opportunity to revisit our specific questions. For the decision to add 

azithromycin (a threshold value of 40%), ACCEPT clearly provides net benefit above AECOPD 

history alone as well as the two default strategies of treating all or none. Interestingly, at this 

threshold, the use of AECOPD history does not provide any extra benefit over the decision to 

treat all patients. On the other hand, for the LABA therapy scenario (which has a treatment 

threshold of 20%), the best decision is to provide treatment to all patients, as neither ACCEPT 

LABA          Azithromycin 

Treatment threshold 



nor AECOPD history provides any extra utility. An overall interpretation of this Decision Curve is 

provided in the legend for Figure 1.  

A common misconception of DCA is that it can be used to determine the threshold for 

treatment. For example, the fact that the net benefit of using azithromycin is higher at a risk 

threshold of 30% compared with 40% (Figure 1) does not mean that one should move the 

treatment threshold to 30%. Because at each threshold, a different weight is assigned to false 

positive classifications, net benefits at different thresholds cannot be compared with each 

other. The optimal threshold should always be decided by considering benefits and harms of 

treatments and the preferences of patients. This threshold can then be applied to DCA to 

determine which treatment strategy provides the highest clinical utility. 

The main goal of this overview was to familiarise the reader with the concept behind Decision 

Curves. Interested readers are referred elsewhere[10] for detailed methodology and its 

application in survival analysis, adjustments for overfitting, and incorporation of the burden of 

testing into net benefit calculations[10]. Simple-to-use software, along with tutorials and 

example data, are available at http://decisioncurveanalysis.org/. There are also methods for 

calculating confidence intervals around Decision Curves[11]. However, in decision theory, it is 

the ‘expected’ benefit of a decision that matters; as such, uncertainty in Decision Curves is not 

as relevant as uncertainty in statistical metrics of model performance[10] .  

 

Current state of the art in respiratory medicine 

Decision Curve analysis has been considered a ‘breakthrough’ in predictive analytics[12], as it 

directly quantifies the clinical utility of a risk prediction algorithm. Decision Curve analysis is 

rapidly gaining popularity in medical literature. The original 2006 publication[5] on this topic 

has received >1,800 citations as of March 2021 and major medical journals are routinely 

recommending its use for evaluating prediction models[10]. However, Decision Curves have 

only been sporadically used in respiratory research[13, 14].  

 

http://decisioncurveanalysis.org/


How is it likely to be used in future? 

With the increasing availability of research data to develop prediction models and easier 

integration of such models at point of care via electronic health records, it is likely that 

multivariable risk prediction will eventually replace simple risk stratification schemes such as 

the frequent exacerbator phenotype (which was recently shown to be an unstable 

classifier[15]). However, as our case study demonstrated, the clinical utility of a prediction 

model varies depending on the treatment threshold. As such, summary indices such as AUC and 

calibration slope (that are not dependent on treatment threshold) are insufficient in 

determining whether or not the use of risk prediction is clinically beneficial in a given treatment 

context. Decision Curves can provide direct information on the net benefits of a management 

approach (e.g., the use of one model versus another) that can guide therapeutic choices. In 

addition to researchers who can use Decision Curves to investigate the clinical utility of 

competing risk prediction models, guideline developers can apply this methodology to 

investigate whether the benefits of a treatment outweigh its harms at a plausible range of 

treatment thresholds. We invite the respiratory research community to fully utilise Decision 

Curves in exploring the clinical utility of risk prediction models.  
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