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Terry and colleagues [1] provide a useful analysis of some of the models
currently being employed for the assessment of breast cancer risk. One of
the early uses of these models was to identify women at sufficiently high
risk to offer preventive therapy. This was particularly true for the
International Breast Cancer Intervention Study (IBIS) (Tyrer-Cuzick)
model [2], which was developed to guide entry into the IBIS-I breast cancer
prevention trial with tamoxifen, and is recommended by the U.S.
Preventive Services Task Force [3]. Subsequently there has been a great
deal of interest in developing “risk-adapted screening”, where the choice
of the screening interval, and in high-risk cases decisions to use Magnetic
Resonance Imaging (MRI) and other new technologies to augment
mammography are made on an individual basis (such as using the IBIS
model as recommended by the American Cancer Society [4]). These
require good estimates of 10-year risk, and ideally all women at or before
their first attendance at screening would be offered a risk assessment to
personalise their screening programme.
The various models have focused on different populations. The BRCAT
model was developed in a screening population for average risk women
and based on minimal information on risk factors. While easy-to-use, the
analysis by Terry et al. [1] and some others [5,6] has shown that it has less
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predictive value than models which use more extensive risk information.
At the other extreme the BRCAPRO and Breast and Ovarian Analysis of
Disease Incidence and Carrier Estimation Algorithm (BOADICEA) models
were focused on women with a strong family history, and collect detailed
information on both breast and ovarian (and other) cancer in an extensive
pedigree, but place no emphasis at all on more common risk factors which
are important in the general population. The IBIS model lies somewhere
in between, and is particularly useful for women with a moderate family
history or other risk factors to determine their suitability for preventive
therapy [3]. It has now been evaluated both in women with a family
history of breast cancer and large cohorts of women at average risk who
completed a risk assessment when attending for screening [6–8]. The
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analysis by Terry et al. [1] confirms its good calibration and a predictive
accuracy at least as good as other models in women with a family history
of the disease. Their analysis also found little practical difference between
the polygenic and “unknown” dominant gene statistical models that
respectively the BOADICEA and IBIS models use to account for residual
clustering within families that is not explained by BRCA mutations (see
Supplemental Table 3 in [1]).
The importance of including breast density into these models has
become more apparent in recent years. Almost half a century ago
Wolfe [9] showed that it was a strong risk factor for breast cancer, which
has subsequently been validated in hundreds of studies [10,11]. Breast
density emerges as one of the most predictive variable in terms of
population attributable risk, and very importantly, is provides information
for risk that is largely independent of all the other known risk factors [12].
In studies of women attending routine breast cancer screening it
contributes at least as much information as all other factors combined, so
that including it essentially doubles the predictive value of the model
[8,12]. There probably is more information to be extracted on risk from
the mammogram, as experienced readers using a visual assessment of the
percent density are able to provide more discrimination than objective
computer programmes or less experienced readers [13]. It seems likely
that artificial intelligence methods will be able to extract at least some of
this added information, and make analysis of the mammogram even more
important in risk assessment [14].
A third dimension for risk assessment is the use of single nucleotide
polymorphisms (SNPs) via a polygenic risk score. Some early work used
18 SNPs [15,16], and several new models are now using more than 50 [17].
At last count more than 170 independent genome-wide significant SNPs
had been identified [18], with an indication that more than 3000 might be
informative for risk assessment [19]. However, more recent SNPs carry
less risk information than the earlier ones, and we may be reaching a point
of diminishing returns. Somewhat surprisingly the SNP score appears to
be largely independent of classical questionnaire based risk factors,
including family history, and of approximately similar or greater predictive
value to them and mammographic density [15]—thus providing a third
equally powerful component in risk assessment.
The most recent version of the IBIS (Tyrer-Cuzick) model (v8) includes
mammographic density (which can be measured in a range of ways
needing separate calibration), and a generic SNP based relative risk score,
which can be used with any collection of independent SNPs. Recent studies
[6,8,12,15–17] have confirmed this new version provides a substantial
increase in power over methods using questionnaire data only, such as
examined by Terry et al. [1].
Personalised screening will require risk assessment in all women at or
before their first screen, with a possible need for repeat testing to update
information and look at changes in breast density. This will stimulate
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continued development of better models. One challenge that is currently
unmet is to predict the risk of different types of breast cancer—e.g.,
oestrogen receptor positive versus negative disease for which different
preventive therapies are needed, and aggressive and potentially fatal
breast cancer for which early detection by increased screening is a
particular need.
CONFLICTS OF INTEREST
The IBIS model is licensed by Cancer Research UK for commercial use
and J Cuzick and Adam Brentnall receive a percentage of the royalty from
them for this.
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