
Beyond the Usual Prediction Accuracy Metrics: Reporting Results for
Clinical Decision Making

How well an algorithm or a test predicts or diagnoses
disease is not an adequate determination of its clinical

usefulness. The relevant question is, are people better or
worse off if the test is used as part of clinical care? Stock
measures of prediction accuracy, such as sensitivity, speci-
ficity, area under the receiver-operating characteristic
(ROC) curve, Brier scores, or predicted-versus-observed
tests for model calibration, do not measure patient out-
comes after a test. Derived measures, such as likelihood
ratios, or traditional association measures, such as odds
ratios, also do not serve that purpose. Fortunately, a large
and growing body of analytic and graphical approaches
more closely links test results to outcomes (1). Raji and
colleagues, in their report on the Liverpool Lung Project
risk model in this issue (2), use several such methods to
evaluate strategies based on alternative risk prediction
models for the use of computed tomography screening for
lung cancer.

Central to their analysis is the “threshold model” for
making clinical decisions (3). The risk threshold is the de-
gree of disease risk at which the clinician and patient would
decide to proceed with some action; in this case, computed
tomography screening. At this risk level, the projected ben-
efits of action exactly equal the harms (that is, zero net
benefit). Above that threshold, the benefits of screening
(early detection of disease in persons with cancer) exceed
the harms (needless exposure to radiation and conse-
quences of false-positive results in persons without cancer).
Below the threshold, the harms outweigh the benefits, sim-
ply because there are fewer persons with disease who can
benefit and more disease-free persons to harm (4).

The methodological innovation embodied in decision
curves, which Vickers originally proposed for use in clinical
medicine (5) and Raji and colleagues implemented, is the
recognition that choosing the risk threshold for a decision
inherently includes weighing the benefits and harms. If one
uses the same risk threshold in the same population for a
given decision, one is implicitly weighing the benefits and
the harms in the same way. For example, if we are willing
to screen only when the risk for disease exceeds 10%, we
are saying that for each person who is appropriately
screened (who benefits), one is willing to screen inappro-
priately (harm) up to 9 people. That 1:9 ratio (the odds
corresponding to a probability of 10%) represents the se-
riousness of the harm of a false-positive result compared
with the benefit of a true-positive result, which is implicit
in using such a threshold. This relative weight can be used
to calculate a measure of net benefit—the proper clinical
metric for comparing different rules governing the use of
a test.

Another value of using this approach is that it forces us
to consider clinically relevant alternative strategies, a focus
at the heart of comparative effectiveness. The extreme
strategies (screen everyone or screen no one) are always
options. A screen-all strategy gives maximum benefit to
persons with disease but also does maximum harm to those
without, whereas a screen-no one strategy gives no benefit
to persons with disease but does no harm to those without.
Between these extremes lies the strategy of interest and its
competing alternatives. We can compare decision curves
among these extreme and intermediate strategies to help us
sort out which is optimal under what conditions.

Panel C in Figure 2 of Raji and colleagues’ article
shows the decision curves for each screening strategy in the
Liverpool Lung Project prospective cohort. Why does the
screen-all strategy line decline so steeply, and how are we to
interpret that finding? An increasing screening risk thresh-
old implicitly indicates increasing harm from false-positive
results relative to the benefit of a true-positive result. The
screen-all strategy fixes the number of true- and false-
positive results and maximizes benefits. But as we judge the
false-positive screens to be more harmful, the value of this
strategy steadily decreases. Indeed, it enters negative terri-
tory (relative to no screening) at just under the 5% thresh-
old. The screen-all strategy would be expected to produce
net harm in this population compared with no screening if
we judged the harm from false-positive results to be
more than 5/95 of the benefit of true-positive results.

However, using the Liverpool Lung Project risk model
to determine screening is almost always better than screen-
ing no one or everyone. How much better? Reading off the
graph, the net benefit at the 5% threshold is about 1.7%,
versus �0.2% for screening everyone and zero for screen-
ing no one. Thus, the net benefit over screening all is 1.9%
[1.7% � (�0.2%)], as reported for the European Early
Lung Cancer study in Table 3. This means that, for 100
people assessed with this tool, if we valued a true-positive
result worth incurring up to 19 false-positive results, then
using this screening tool would generate the equivalent of a
net benefit of 1.9 true-positive results over using the
screen-all strategy. That benefit comes entirely from reduc-
ing false-positive results. The algorithm line converges to
the “no screening” line near the 20% mark because no one
in the cohort has a predicted probability exceeding 20%.
Using such a threshold to trigger screening is therefore
equivalent to screening no one.

This calculation does not in itself indicate the proper
threshold. That choice requires formal decision analysis (6,
7). But with decision curves, we need not choose a risk
threshold that embodies a single tradeoff of benefits and
harms. By plotting net benefits across all possible risk
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thresholds, the decision curve considers all possible weight-
ing of tradeoffs, allowing us to compare alternative deci-
sion strategies—whether governed by risk models, diagnos-
tic tests, or biomarkers—without formal decision-analytic
evaluations.

Decision curves can be applied not only to binary out-
come studies, such as those on lung cancer risk, but also to
those that use time-to-event outcomes or case–control de-
signs. In these other designs, results are commonly re-
ported with only hazard or odds ratios. Neither ratio re-
flects a patient-centered paradigm that allows patients to
make informed decisions (8). Odds ratios that are normally
considered quite high (for example, �5) at the population
level can translate into poor discriminators at the individ-
ual level (9). If such models are being proposed for clinical
use, they should be evaluated with more useful metrics at
clinically relevant decision thresholds. Fortunately, soft-
ware for creating decision curves across competing models
is readily available (10). In addition, although Raji and
colleagues did not use them, plots of net benefits and risk
thresholds can include confidence bounds (11). These
bounds of uncertainty are especially important when sam-
ple sizes are small or outcomes are rare.

Utility curves are an alternative method for assessing
the clinical value of different decision tools. As with deci-
sion curves, one can compare strategies with relative utili-
ties over a range of risk thresholds without having to quan-
tify harms or benefit. Although examples with detailed
calculations appear in the clinical literature (12), no user-
friendly programs for standard statistical software are avail-
able. However, researchers can produce these curves by
combining the software offered by Cronin and Vickers
(10) with that by Pepe and colleagues (13) for generating
true- and false-positive rates for ROC curves.

When decision tools are proposed for clinical applica-
tion, analyses should not end with tables of the model
regression parameters, ROC curve areas, c-statistics, sensi-
tivity, specificity, and the like. Investigators should trans-
late their findings into more clinically meaningful mea-
sures. As Raji and colleagues note, there is no substitute for
comprehensive model validation in different settings or for
studies of the predictor’s use with real clinical outcomes.
However, by adding such innovations as decision and rel-
ative utility curves to traditional reports of new methods
and models for prediction or screening, we can assess the
relative net health benefits of various clinical decision strat-
egies with more sophistication.
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