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Cancer risk prediction is the cornerstone of precision cancer
control, and breast cancer risk prediction stands out as a proto-
type. Risk calculators based on clinical, biological, behavioral,
and epidemiologic factors are available for many cancers, but
breast cancer has the most established history and arguably the
largest number of available tools for risk prediction.

Although there are various metrics for quantifying risk, since
the 1989 publication by Gail et al. (1) that became the National
Cancer Institute’s Breast Cancer Risk Assessment Tool (2), the
field has been largely focused on absolute breast cancer risk
over an interval as a measure for targeting prevention and
screening interventions.

In this issue of JNCI, MacInnis and colleagues (3) address a
contentious issue, namely, whether short-term (5-year) risk
should be preferred as the driver of intervention decisions over
the traditionally used long-term (lifetime) risk. The investiga-
tors zero in on a definition of “preferred” that speaks to the ac-
curacy of the predicted risk, comparing the diagnostic
performance of 5-year and lifetime risk predictions from the
IBIS (v8b) (4) and BOADICEA (v3) (5) tools in data from the Breast
Cancer Prospective Family Study Cohort (PFSC) (6).

In this editorial, we discuss the process of evaluating risk
prediction tools as exemplified by the study of MacInnis et al.
(3) while raising a broader question of what constitutes a pre-
ferred tool in the context of risk prediction and communication.
Beyond being accurate, we propose 2 additional qualities for
tools to be preferred—they should be meaningful and action-
able. We define each and argue that all 3 properties should be
considered when identifying preferred prediction tools for
informing targeted cancer control strategies.

The type of validation study represented by that of MacInnis
et al. (3) is both common and necessary. Every risk prediction
tool is developed and calibrated within a specific cohort before
being offered to the field for potentially much broader use.
Given inevitable differences across cohorts in population com-
position, screening practices, and length of follow-up, there is
no guarantee that absolute risks from a model calibrated to 1

cohort will match a different cohort. In general, predicted long-
term risks will exceed those observed in a cohort with short-
term follow-up and vice versa. This may explain why MacInnis
et al. (3) found that 5-year risk predictions seemed to perform
better than lifetime risk predictions (at least for women younger
than 40 years) in the PFSC, which had a follow-up interval close
to 10 years. Still, their suggestion that 5-year risk is to be pre-
ferred in a clinical setting based on this finding bears further
scrutiny.

First, once a risk prediction tool has been developed,
whether it is for predicting 5-year, 10-year, or lifetime risk, it is
essentially an algorithm calibrated to a specific training dataset.
A new validation dataset is agnostic to the time horizon of the
prediction tool; we might as well call our 5-year prediction algo-
rithm A and our lifetime prediction algorithm B. Further, the
standard validation metric, the concordance index or AUC, is a
check on the ordering of the predicted risks rather than their
magnitude. In principle, therefore, a lifetime risk prediction
could perform better or worse in terms of Area Under the Curve
(AUC) than a 5-year risk prediction on a validation set with rela-
tively short-term follow-up. In the study of MacInnis et al. (3),
the 5-year risk prediction happened to perform better, at least
for women younger than 40 years. The point is that this is not
necessarily a consequence of the time horizon of the prediction
tool; rather, it is a reflection that algorithm A happens to align
better with the validation data than algorithm B. Indeed, the
fact that algorithm A is preferred over B when validating perfor-
mance against a certain cohort could be a feature of that cohort
and not a generalizable property of the algorithms themselves.

Beyond accuracy, however, there are clear reasons to prefer
a tool with a specific time horizon. From a clinical perspective,
there are 2 key questions: Why is the predicted risk needed, and
what decision rests on its result? The answers could land the
user squarely on the side of preferring a short-term over a long-
term prediction. If a 45-year-old woman is deliberating about
whether to start breast cancer screening or wait until age
50 years, then a 5-year risk is more meaningful than a lifetime
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risk. This is similarly the case for a 65-year-old woman deliber-
ating about whether to stop or continue screening until age
70 years. Naturally, even for an average-risk woman, these 2
risks will differ considerably. Comparison of the predicted risk
against the risk in the general population at a similar age will be
helpful in contextualizing the predicted risk and determining
whether altered management is called for. An absolute risk that
can seem relatively tiny could in fact reflect a dramatically ele-
vated relative risk in the context of the age-matched popula-
tion, and conversely. Ultimately, clinical meaningfulness may
be as important as predictive accuracy in determining the pre-
ferred risk prediction time horizon.

Beyond accuracy and meaningfulness, there is the matter of
how the risk prediction tool translates into a targeted cancer
control strategy. Targeted strategies may focus on cancer pre-
vention or early detection. In the case of early detection, a tar-
geted strategy may screen only cases with predicted risk above
a prespecified threshold, or it may intensify screening among
such high-risk cases. The appropriate way of intensifying
screening will depend on the mechanism by which risk differs
across population strata. A higher risk of disease onset may be
addressed by lowering the age to start screening to provide an
equal opportunity for benefit; higher risk of disease progression
may require more frequent screening to maintain benefit. And
differential detectability may call for changing the screening
modality. For example, if a 45-year-old woman has an elevated
risk because of high breast density, then the appropriate inten-
sification of screening may be different than if she has the same
risk because of family history. A focus on predictive accuracy
glosses over the fact that when it comes to intervening, being
able to predict risk is not enough—we need to be able to explain
it. An actionable risk prediction tool is one that is explainable in
a manner that facilitates the identification of appropriately tar-
geted interventions.

In conclusion, validation studies of predictive accuracy such
as the one conducted by MacInnis et al. (3) occupy an estab-
lished niche in precision prevention research. But predictive ac-
curacy is only 1 desirable feature of risk prediction algorithms.
These algorithms must also be meaningful and actionable if tar-
geted strategies are to improve over one-size-fits-all approaches
and do more good than harm.
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