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What’s new?

We developed two novel mammogram-based breast cancer risk measures based on image brightness
(Cirrocumulus) and texture (Cirrus). We estimated their risk prediction when fitted with
conventional mammographic density (Cumulus), for interval, screen-detected, and younger age at
diagnosis breast cancer. Our new measures substantially improved risk prediction. There is more risk
information in a woman’s mammogram than in her genome. Discovering new ways of extracting risk

information from a mammogram could enable risk-based personalised breast screening.
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Abbreviations
AUC: Area under the receiver operating characteristic curve; BMI: Body mass index; Cl: Confidence

interval; CC: Cranio-caudal; LL: log likelihood; OPERA: odds per adjusted standard deviation.
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ABSTRACT

Mammograms contain information that predicts breast cancer risk. We developed two novel
mammogram-based breast cancer risk measures based on image brightness (Cirrocumulus) and
texture (Cirrus). Their risk prediction when fitted together, and with an established measure of
conventional mammographic density (Cumulus), is not known. We used three studies consisting of:
168 interval cases and 498 matched controls; 422 screen-detected cases and 1,197 matched controls;
and 354 younger-diagnosis cases and 944 controls frequency-matched for age at mammogram. We
conducted conditional and unconditional logistic regression analyses of individually- and frequency-
matched studies, respectively. We estimated measure-specific risk gradients as the change in odds
per standard deviation of controls after adjusting for age and body mass index (OPERA) and
calculated the area under the receiver operating characteristic curve (AUC). For interval, screen-
detected and younger-diagnosis cancer risks, the best fitting models (OPERAS [95% confidence
intervals]) involved: Cumulus (1.81 [1.41 to 2.31]) and Cirrus (1.72 [1.38 to 2.14]); Cirrus (1.49
[1.32 to 1.67]) and Cirrocumulus (1.16 [1.03 to 1.31]); and Cirrus (1.70 [1.48 to 1.94]) and
Cirrocumulus (1.46 [1.27 to 1.68]), respectively. The AUCs were: 0.73 [0.68 to 0.77], 0.63 [0.60 to
0.66], and 0.72 [0.69 to 0.75], respectively. Combined, our new mammogram-based measures have
twice the risk gradient for screen-detected and younger-diagnosis breast cancer (P<107?), have at
least the same discriminatory power as the current polygenic risk score, and are more correlated with
causal factors than conventional mammographic density. Discovering more information about breast

cancer risk from mammograms could help enable risk-based personalised breast screening.
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INTRODUCTION

Historically, mammographic density has been defined as the light or bright areas on a
mammogram (we call this Cumulus) and has well-established risk associations with breast cancer
overall and with both interval and screen-detected cancers [1]. But there has been debate about the
extent to which these associations are due to existing tumours being missed at mammaographic
screening, especially for interval cancers. It is also not clear if mammographic density, defined as
above or otherwise, or other mammogram-based measures, are the best predictors of breast cancer.

We addressed these issues by trying to discover aspects of a mammaographic image that differ
between women with and without breast cancer. First, we redefined mammographic density at, in
effect, a higher pixel brightness threshold to encompass just the brightest regions to create
Cirrocumulus [2-5]. Second, we applied machine learning to textural patterns to create Cirrus [6].

We had previously considered each new measure separately with the established measure.
Both Cirrus and Cirrocumulus were correlated with Cumulus; r~0.4 and 0.6, respectively [2-6].
Except for interval cancer, we found that, when fitted together, the Cumulus risk gradient
substantially decreased compared with being fitted alone. On the other hand, the Cirrocumulus and
Cirrus risk gradients both remained similar to what they were when fitted alone [2-6]. We concluded
that “conventional mammaographic density predicts interval cancer due to its role in masking, while
the new mammogram-based risk measures could have a causal effect on both interval and screen-
detected breast cancer” [7].

We had assessed the strength of risk prediction, in terms of the ability to differentiate cases
from controls on a population basis, using the change in odds per adjusted standard deviation

(OPERA) [8]. OPERA uses the standard deviation of the residuals for controls after adjusting the
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mean for factors such as age and body mass index, not the standard deviation of the cross-sectional
distribution of the raw measure itself. The resulting risk gradients, therefore, take into account the
negative confounding of age and body mass index.

In terms of interpretation, the residuals are in effect the risk factor (not the raw measure
itself), and the log(OPERA) is the difference between cases and controls in the mean of the
standardised residuals; see Appendix [6]. That is, the standardised residuals are mammogram risk
scores.

In this paper, we aimed to determine the extent to which our new measures are correlated
with one another, and the extents to which risk prediction is improved when our new measures are
fitted together with and without also fitting an established mammographic density measure.

We have again used the OPERA approach because it allows multiple correlated risk factors to
be compared and put into perspective in terms of risk discrimination in ways that are not possible
using, for example, change in the area under the receiver operating characteristic curve (AUC),
which depends on the order in which the factors are included. Individually, our new mammogram-
based risk measures are among the strongest of all currently known breast cancer risk factors [6]. But
it is not known what risk prediction is obtained when these are fitted together with the conventional
mammographic density measure.

We also used our findings to see how the risk predictions obtained from combining our new
mammogram risk scores compare with that which would be achieved by other breast cancer risk

factors, including polygenic risk scores.
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MATERIAL AND METHODS
Sample

We used data from three independent studies: (i) a nested case-control study of 168 cases
with interval breast cancer (those diagnosed within two years of a negative screen) and 498 matched
controls within the Melbourne Collaborative Cohort Study (MCCS) [5, 9-11]; (ii) a nested case-
control study of 422 cases with screen-detected breast cancer and 1,197 matched controls within the
MCCS [5, 9-10]; and (iii) a case-control study of 354 cases with on average younger-diagnosis breast
cancers and 944 controls from the Australian Breast Cancer Family Study and the Australian
Mammographic Density Twins and Sisters Study, both over-sampled for early-onset disease or
having a family history of breast cancer, and frequency matched for age at mammogram in 5-year
age groups, and for family history [3]. For study (iii), the age at mammogram was under 45 years for
40% of cases and 39% of controls, respectively, and by design, 30% of cases and 29% of controls
had a family history of breast cancer compared with 10% of controls in studies (i) and (ii). For study
(iii) it is not possible to classify the vast majority of cases by mode of detection (interval versus
screen-detected) because about half the cases are diagnosed before age 50 years yet regular
population screening does not commence until age 50 years in Australia, and a little more than 50%
of women participate. Given that about one-third of breast cancers diagnosed on the study of
screening women within the MCCS, <10% of cases in study (iii) would be interval.

For the semi-automated Cumulus and Cirrocumulus measures, we used the mammogram
closest to baseline for studies (i) and (ii) [9] and the mammogram closest to diagnosis for study (iii).
For the automated Cirrus measure, we used the mean over all mammograms (average six Vvisits per

women for studies (i) and (ii) and two visits per woman for study (iii) [6].
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More information on the conduct of the studies, questionnaires and definitions of variables
can be found in other publications [3,5,9-11]. In particular, for studies (i) and (ii), postmenopausal was
defined as a woman’s periods having ceased naturally for at least the past 12 months or having had a
bilateral oophorectomy (if this was the reason for cessation of periods). For study (iii), we used the
protocol for defining menopausal status developed by the international Breast Cancer Family
Registry [12]

Table 1 show that, for all studies, the average ages at diagnosis of the cases and the average
ages at mammogram of the controls were similar. The mean (standard deviation) age at diagnosis
was 62.3 (7.3) years for the interval cancers, 64.3 (8.2) years for the screen-detected cancers, and
48.5 (10.7) years for the younger-diagnosis cases. For the prospective studies (i) and (ii), the average
times between mammogram and diagnosis were 5 and 6 years (standard deviation 3) for interval and
screen-detected cancers, respectively. For study (iii), for 68% of the affected women we used the
mammogram at diagnosis from the side opposite to that in which the cancer was diagnosed,
otherwise we used mammograms taken closest before diagnosis (by on average 4 years). For the
unaffected women, we studied the mammogram of a randomly chosen breast. All participants gave
written informed consent and the studies were approved by appropriate human research ethics

committees.

Mammogram-based measures
Using digitised film mammograms, the Cumulus and Cirrocumulus measures were created
using the computer-assisted threshold software CUMULUS [13] and the Cirrus measures were

created as previously described [6]. Each density measure was first transformed using the Box—Cox
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power transformation to have an approximately normal distribution. The appropriate transformations
were cube-root for the Cumulus and logarithm for Cirrocumulus. Cirrus was left untransformed.
Using the controls, the means of the transformed measures were adjusted for age and body mass
index as linear terms and scaled by the standard deviation of the residuals. This parameterisation of
the mean, derived using the controls, was used to derive the residuals both for the controls and for
the cases. These residuals were then standardised by dividing by the standard deviation of the
residual for the controls. These standardised residuals, called Cumulus, Cirrocumulus and Cirrus,
were then fitted in the analyses.

For Cumulus we used the percentage measure because it substantially better predicted interval
breast cancer (difference in log likelihood 14; see also [10]) and because for screen-detected and
younger-diagnosis cancer the results did not differ when we used absolute Cumulus (data not
shown). For Cirrocumulus we used the absolute measure because it has less measurement error by

not having to be divided by total area and then adjusted for BMI, which is correlated with total area.

Statistical Methods

All analyses were conducted using the Stata software [14]. For descriptive purposes, we
presented the numbers of cases and controls for each pair of measures, and the estimated risks
relative to the average risk for the population from which the controls were sampled for the different
tertile-by-tertile categories (based on controls) using the cci option, which compares the case-control
frequencies in each category with the case-control frequency overall.

The control data was used to investigate the joint distributions of the pairs of measures and to

estimate the proportion of the relevant population in the different categories.
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Risk gradients in terms of OPERAs for the measures Cumulus, Cirrocumulus and Cirrus (see
Mammogram-based measures) were estimated using conditional logistic regression for the two
nested matched case-control studies and using unconditional logistic regression for the frequency-
matched case-control study. To compare fits and select the best fitting models, we used the
likelihood ratio criterion [15] with P<0.05 considered to be the threshold for nominal statistical
significance. We also used the likelihood ratio test to assign statistical significances to the changes in
AUC between nested models. We estimated log(OPERA) as a function of age and BMI, and family
history and used the likelihood ratio criterion to test for differences. For each measure, we used the
estimates of log(OPERA) and their standard errors to conduct statistical tests of differences across
the three studies under the assumption of independence.

The risk gradient, and hence the ability to differentiate cases from controls on a population
basis, was reported as the OPERA for which we used adjustment for age at mammogram and body
mass index [8]. We present OPERA estimates in the tables for ease of interpretation and
log(OPERA\) in the text because it is a natural scale on which to assess risk gradients.

Under the assumptions of a multiplicative risk model for a normally distributed risk factor,
log(OPERA) = V2d-!(AUC), where @ is the normal (0,1) distribution function (see Supplementary
Material in [6]), so that the AUC is approximately linearly related to log(OPERA), at least in the
range of AUC from 0.5 to 0.7 (OPERA from 1 to 2). Under the multiplicative risk model,
log(OPERA) is equal to the difference in means between cases and controls divided by the standard
deviation of the adjusted risk factor; the inter-quartile risk ratio is approximately OPERAZ®, When
we fitted multiple risk measures together, we used the AUC and the formula above to calculate the

AUC-equivalent OPERA as if we had fitted one combined measure.
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As a comparison of analytic approaches, we fitted the transformed but unadjusted measures
(rather than the standardised residuals after adjustment for age and BMI). To distinguish this, we call
them Percent Density, Cirrocumulus and Cirrus and presented the odds ratio per unadjusted standard
deviation (OR). We then adjusted for age and BMI as linear terms and refitted the unadjusted
measures on their own and in combination, as in Table 2 where we estimated OPERAS using the
adjusted measures and standard deviations. As before, we compared model fits (log likelihoods and
changes in log likelihoods) and conclusions. In particular, we compared the information on risk
gradient by fitting a single parameter between that using OPERA with that using OR by comparing
Zorera = log(OPERA) divided by the standard error of log(OPERA) with Zor = log(OR) divided by

the standard error of log(OR).
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RESULTS

Combining data from the three control samples, the correlation between Cirrocumulus and
Cirrus was 0.3, while the correlations of percentage Cumulus with Cirrocumulus and Cirrus were

both 0.5; see Supplementary Figure 1. The standard errors of these correlations were ~0.02.

Interval breast cancer

Table 2 shows that when Cumulus and Cirrus, or Cirrocumulus and Cirrus, were fitted
together, their risk associations both attenuated but remained significant. When all three were fitted
together, Cirrocumulus was not significant (P=0.6). The best-fitting model involved Cumulus and
Cirrus with log(OPERA)s of 0.59 (95% confidence interval [Cl] 0.34 to 0.84) and 0.54 (95% Cl,
0.32 t0 0.76), respectively. The AUC-equivalent log(OPERA) was 0.85 (95% ClI, 0.68 to 1.04). The
AUC of 0.73 for the best-fitting model was greater than the AUC of 0.70 for fitting Cumulus alone
(P=10%).

We estimated that women in the highest tertiles of both Cumulus and Cirrus are at 2.51 (95%
Cl, 1.72 to 3.64) times the population average risk (P<0.001), and this group comprised 17% of the
relevant population. At the other extreme, women in the lowest tertiles of both Cumulus and Cirrus
are at 0.22 (95% Cl, 0.08 to 0.49) times the population average risk (P<0.001), and this group
comprised 19% of the population; see Supplementary Table 1. Similar findings were obtained when

stratifying women by tertiles of both Cirrocumulus and Cirrus; see Table 2.

Screen-detected breast cancer
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Table 3 shows that, when Cumulus was included with Cirrus or Cirrocumulus, there was no
improvement in fit and the Cumulus estimate was no longer significant. When Cirrocumulus and
Cirrus were fitted together, their risk associations both attenuated but remained significant. The best
fitting model involved Cirrus and Cirrocumulus with log(OPERA)s of 0.40 (95% CI, 0.28 to 0.51)
and 0.15 (95% CI, 0.03 to 0.27), respectively. For the combined measures, the AUC-equivalent
log(OPERA) was 0.46 (95% CI, 0.34 to 0.58). The AUC of 0.63 for the best-fitting model was
greater than the AUC of 0.57 for fitting Cumulus alone (P=107?).

We estimated that women in the highest tertiles of both Cirrocumulus and Cirrus are at 2.01
(95% CI, 1.54 to 2.61) times the population average risk (P<0.001), and this group comprised 15%
of the relevant population. At the other extreme, women in the lowest tertiles of both Cirrocumulus
and Cirrus are at 0.52 (95% ClI, 0.33 to 0.78) times the population average risk (P<0.001), and this

group comprised 14% of the relevant; see Table 2.

Younger-diagnosis breast cancer

Table 2 shows that, when fitted alone, there was very strong evidence that the model
including Cirrus had the best fit, and the fit was improved when further including Cirrocumulus
(P<0.001). The addition of Cumulus did not improve the fit (P=0.8). The best-fitting model involved
Cirrus and Cirrocumulus with log(OPERA)s of 0.53 (95% ClI, 0.39 to 0.66) and 0.38 (95% ClI, 0.24
to 0.52), respectively. The AUC-equivalent log(OPERA) was 0.82 (95% CI, 0.70 to 0.96). The AUC

of 0.72 for the best-fitting model was greater than the AUC of 0.63 for fitting Cumulus alone (P<10-

23).
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We estimated that women in the highest tertiles of both Cirrocumulus and Cirrus are at 2.54
(95% CI, 1.93 to 3.33) times the population average risk (P<0.001), and this group comprised 16%
of the relevant population. At the other extreme, women in the lowest tertiles of both Cirrocumulus
and Cirrus are at 0.39 (95% ClI, 0.24 to 0.62) times the population average risk (P<0.001), and this
group comprised 17% of the population; see Table 2.

Figure 1 shows that the receiver operating curves for Cirrus and Cirrocumulus have different
shapes and crossed over. For Cirrus, the sensitivity increased rapidly from zero as the specificity
decreased from 1, while for Cirrocumulus, the specificity increased rapidly from zero as the
sensitivity decreased from 1.

There was no evidence that the OPERASs for Cumulus, Cirrocumulus or Cirrocumulus
differed by age, BMI, menopausal status or family history for any measure within any study (all
P>0.05). For Cumulus, the estimate was greater for interval cancer than both screen-detected and
younger-diagnosis breast cancer (P=0.00001 and P=0.001, respectively). For Cirrocumulus, the
estimate was greater for younger-diagnosis than for screen-detected breast cancer (P=0.002). For
Cirrocumulus and Cirrus, both estimates were greater for interval than for screen-detected breast

cancer (P=0.005 and 0.007, respectively).

Comparison analyses
Supplemental Tables 2 and 3 present analyses for pre- and post-menopausal women,
respectively, and indicate that, as found using OPERA, that the general results do not differ by

menopausal status.
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Combining pre- and post-menopausal women, for interval breast cancer, the OR per
unadjusted standard deviation for Percent Density (unadjusted conventional mammographic density
as a percentage) was 2.03 (1.63 to 2.53) with Zor = 6.31. After adjustment for age and BMI, the OR
for per unadjusted standard deviation for adjusted Percent Density became 2.67 (95% CI 2.04 to
3.49) (39% greater on the log scale) with Zopera = 7.18. For Percent Density, the OPERA was 2.32
(95% CI 1.85 to 2.91) with Zorera = 7.27. That is, numerically the OR estimate is much larger than
the OPERA estimate, they cannot be directly compared and doing so can be misleading. Although
they might look different, they are essentially referring to the same concept;, as seen by comparing
their Z scores and changes in log likelihood, they are capturing the same amount of information
about risk. Therefore, one needs to consider both the estimates and standard errors before making
comparisons about the relative ability of different measures to differentiate cases from controls on a
population basis; see Discussion. Addition of Cirrocumulus and Cirrus gave improved fits with
similar changes in twice the log likelihood to what was observed when using OPERA (43.4 cf. 43.8,
and 0.2 cf. 0.1, respectively). The best fitting model involved Percent Density and Cirrus.

For screen-detected breast cancer, the OR per unadjusted standard deviation for Percent
Density was 1.14 (95% CI 1.02 to 1.28) with Zor = 2.26. After adjustment for age and BMI it
became 1.38 (95% CI 1.21 to 1.58), almost 2.5 times greater on the log scale, with Zor = 4.73. The
OPERA for Percent Density was 1.29 (95% CI 1.15 to 1.45) with Zorera = 4.31. Addition of
Cirrocumulus and Cirrus gave improved fits with similar changes in twice the log likelihood to what
was observed using OPERA (26.6 cf. 25.2, and 5.5 cf. 4.9, respectively). After adjusting for Cirrus
and/or Cirrocumulus, the Percent Density estimate was no longer significant, and the best fitting

model involved Cirrus and Cirrocumulus.
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For younger-diagnosis breast cancer, the OR per unadjusted standard deviation for Breast
Density was 1.55 (95% CI 1.36 to 1.76); Zor = 6.66. After adjustment for age and BMI it became
1.58 (95% CI 1.36 to 1.84), Zor = 5.93. The OPERA for Cumulus was 1.51 (95% CI 1.32 to 1.71),
with Zopera = 6.24. Addition of Cirrocumulus and Cirrus gave improved fits with similar changes in
twice the log likelihood to what was observed using OPERA (68.56 cf. 70.48, and 35.1 cf. 35.1,
respectively). After adjusting for Cirrus and/or Cirrocumulus, the Cumulus estimate was no longer
significant, and the best fitting model involved Cirrus and Cirrocumulus.

Therefore, in terms of information about risk, comparisons of Zor with Zopera show that
effectively the same models are being fitted once adjustments are made for age and BMI, but the
changes in model fits are not always properly captured when the OR estimate is interpreted without

taking into account its imprecision.
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DISCUSSION

Our new mammogram-based risk measures based on brightness (Cirrocumulus) and texture
(Cirrus) improved risk prediction beyond an established measure of mammaographic density
(Cumulus). For screen-detected breast cancers and on average younger-diagnosis breast cancers, the
best fitting models included both the new measures and performed substantially better than using the
established measure alone by doubling the risk gradient (P<1012). Except for interval cancers, the
new measures also negated the importance of the established measure, Cumulus, on risk prediction.

We also found that, when combined, the new mammogram risk scores are at least as
powerful in identifying women who will be diagnosed with breast cancer as the recently published
polygenic risk score [16] which has an OPERA of ~1.6 [16] or log(OPERA) = 0.48. For younger-
diagnosis breast cancer, the AUC for the combination of our measures was 0.72, so the AUC-
equivalent log(OPERA) was 0.82. Therefore, in terms of differentiating women with or without
breast cancer at a young age, our mammogram risk scores have ([0.82—0.48]/0.48)x100 = 70% more
discriminatory power than does the polygenic risk score. It is plausible that inclusion of a polygenic
risk score with the mammogram risk scores will further improve risk prediction [17].

On a population basis, therefore, the combination of these new measures appears to be the
strongest of all known breast cancer risk factors. For example, when Cirrocumulus and Cirrus were
combined to predict breast cancer at on average a younger age (see Table 1), the AUC-equivalent
OPERA was 2.28, so the interquartile risk ratio is ~7-fold. In comparison, the interquartile risk ratio
is ~4-fold for a multigenerational family history risk score in predicting breast cancer before age 50

years, ~3-fold for the latest polygenic risk score, ~2-fold for conventional mammographic density,
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~1.5-fold for BRCA1 and BRCA2 mutations, and ~1.2-fold or less for lifestyle-related risk factors
[7,8].

From the contrasting shapes of their receiver operating characteristic curves, it can be seen
that Cirrus has greater sensitivity at high specificity (i.e. when better identifying true negatives),
while Cirrocumulus has greater specificity at high sensitivity (i.e. when better identifying true
positives). Therefore, Cirrocumulus does better at identifying women at higher than average risk,
while Cirrus does better at identifying women at lower than average risk.

Cirrus gave similar risk gradients in all three settings, suggesting it is tapping into new and
fundamental risk-predicting aspects of a mammogram. This was also evident in the original work
developing Cirrus, which found that a similar risk prediction was achieved for women of Japanese
ancestry living in Hawaii and for Australian women [6]. Note that Cirrus was designed not to depend
on brightness and has only a modest correlation with the brightness measures.

The same general conclusions about best fitting models were observed when we used the
OPERA approach as when we used the standard approach; see Comparison analyses in the Results.
However, the latter is problematic because the OR per unadjusted standard deviation is prone to be
misinterpreted when it is estimated from fitting a model that includes factors associated with the
measure. This was clearly evident when fitting Percent Density and Cirrus as predictors of interval
breast cancer; see Results.

Our new mammogram-based measures are potentially of substantial clinical and population
health significance. They not only identify groups of women at substantially increased risk, but they
also identify larger groups of women at decreased risk. When categorised by tertiles, Cirrus and

Cirrocumulus divide the population into two extreme groups of approximately the same size (each
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about 15-20%) containing women who are on average either at twice or more population risk, or at
half or less population risk; see Table 2. For interval cancer, about 60% of controls were in the six
categories with below population average risk, while for both screen-detected and interval cancer,
about 75% of controls were in the six categories with below population average risk.

These observations are highly relevant to considerations of tailored, or personalised,
screening based on risk, for which there are now several trials being conducted across the world.
These include the Wisdom Study in the United States [18,19], My personalised breast screening
(MyPeBS) in France (https://clinicaltrials.gov/ct2/show/NCT03672331), and PROCAS2 in the
United Kingdom (https://preventbreastcancer.org.uk/breast-cancer-research/research-projects/early-
detection-screening/procas/).

These risk categorisations are in stark contrast to those using BI-RADS alone. Currently,
about 40% of screening women in the United States are classified as having dense breasts defined by
BI-RADS categories ¢ or d. As a result of a community-led initiative [20], in 35 states it is mandated
by law that these women are notified. Research studies in which one or a few radiologists measure
BI-RADS in a controlled manner suggest the increased risk associated with having dense breasts is
about 1.6 to 2.2-fold (see IBIS [21] and BOADICEA [22]).

In practice, BI-RADS is measured by multiple radiologists at a given screening service,
especially over time, opening the potential for substantial measurement error. For example, from the
Supplemental data on 60,000 women screened at a large United States medical centre [23], the odds
ratio for breast cancer based on being classified as having dense breasts is only about 1.1, which is
far less than the typical odds ratios found by research studies (P<0.001). This was despite the

measurements being recorded by “radiologists who specialized in breast imaging and who had 5-33
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years of experience following the American College of Radiology BI-RADS lexicon” [24]. It would
appear, therefore, that in practice there could be so much variation across measurers, even
experienced specialists in a large city-based service, that clinical BI-RADS measurements might be
providing very little information on risk stratification across the population.

There is substantial scope for better addressing the issue of dense breasts by going beyond
BI-RADS. A major consequence of having dense breasts is an increased risk of interval cancer. We
and others have found that, as well as conventional mammaographic density (Cumulus), having a
family history and other risk factors, such as cumulative exposure to ovarian hormones based on the
Pike model [25], combine to predict interval cancer [11]. In our study we have found that Cirrus also
brings almost as much information as Cumulus, and when combined they have an inter-quartile risk
ratio for interval cancer of almost 9-fold. Future work will consider how risk of interval cancer, and
even of missed cancers, can be further optimised by combining mammogram-based measures with
family history, genetic risk scores and other risk factors. This could have a profound impact on the
way the issue of dense breasts is addressed in the future.

For our findings to be translated into wider clinical practice, automated use of the
mammogram-based and other risk measures needs to be implemented. We are developing a program
to measure Cirrus automatically from batch files of digital or digitised mammograms and are using
deep learning to develop similar automated measures of Cumulus and Cirrocumulus. We are
developing the empirical evidence, such as in this and other papers [11, 17] to find out how
mammogram-based risk measures combine with each other and with other important risk factors to

predict risk.
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In conclusion, the established mammographic density measure improved the prediction of
interval cancers, most likely due to its role in masking tumours. But this measure provided no
substantial, additional risk information on top of our new mammogram-based risk measures for
screen-detected or younger-diagnosis cancer. Therefore, conventional mammographic density
appears to cause existing tumours to be missed, but not necessarily to cause breast tumours to
develop in the first place. There are likely to be other aspects of woman’s breasts that are detectable
from a mammogram and have a truly causal effect on breast cancer initiation and progression. Our
new measures appear to be more strongly correlated with such causal factors than conventional
mammographic density. Our findings also demonstrate the potential for much improved and more
aetiologically relevant breast cancer risk prediction, by discovering new ways of extracting
information on breast cancer risk from a mammogram. This suggests a way that risk-based

personalised breast screening could become part of the precision medicine era [18, 19].
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Table 1. Charateristics of the participants in the three studies (n = sample size; SD = standard deviation)

Age at mammogram (years)
Body mass index (kg/m?)

Number of live births

Parity

Yes
Menopausal Status
Postmenopausal

Family history of breast cancer

Melbourne Collaborative Cohort Study

Interval Breast Cancer

Screen-detected Breast

Younger-Diagnosis

Cancer

Cases Controls Cases Controls Cases Controls

(n=168) (n=498) (n=422) (n=1,197) (n=354) (n=944)
M SD Mean Mean M SD M SD M SD

ean (SD) (sD) (sD) ean (SD) ean (SD) ean (SD)
56.5 (6.8) 56.7 (6.8) 59.3 (7.5) 59.0 (7.6) 47.5 (10.3) 48.2 (9.8)
26.7 (5.3) 26.5 (4.9) 27.3 (5.0) 26.5 (4.8) 25.1 (4.7) 25.9 (5.0)
2.2 (1.3) 2.3 (1.3) 2.3 (1.3) 2.4 (1.2) 1.9 (1.5) 2.2 (1.4)

n (%) n (%) n (%) n (%) n (%) n (%)
139 (83) 425 (85) 359 (85) 1,046 (87) 258 (73) 774 (82)
101 (60) 300 (60) 295 (70) 838 (70) 179 (51) 564 (60)
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Yes (first degree relative) 36 (21) 48 (10)

Mammaographic Measurements

Cumulus (percent density) 20.7 (10.6) 14.9(9.1)
Cirrocumulus (absolute density) 6.7 (6.2) 4.2 (4.6)
Cirrus scores (+1680) 9.46 (0.50)

(0.47)

77 (18) 123 (10)

15.6 (9.8)  14.4(9.3)
48(.3)  3.9(4.9)
9.31

056) 9.12 (0.47)

102 (29)

24.6 (16.7)
4.6 (4.7)

9.14 (0.60)

285 (30)

18.0 (14.9)
2.9 (3.9)

8.76 (0.56)
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Table 2. OPERA (95% CI) estimates of odds ratio per adjusted standard deviation from univariable and multivariable analyses of Cumulus (as a

percentage), Cirrocumulus and Cirrus, all normalised, adjusted for age and body mass index, and standardised.

Interval
Univariable Multivariable
2.32 223 181 171
Cumulus (PDA) (1.85 t0 2.91) - - (1.61 t0 3.10) (1.41 10 2.31) - (1.19 t0 2.44)
. 1.84 1.05 152 1.07
Cirrocumulus (AD) - (1.50 t0 2.24) - (0.78 t0 1.41) - (1.2310188) | (0.79 to 1.46)
Cirrus B } 2.13 j 1.72 1.91 1.72
(1.74 to 2.61) (1.38 to 2.14) (155 to 2.36) (1.38 to 2.14)
Log likelihood
(null=-226.08) -192.75 -205.55 -192.40 -192.71 -180.14 -184.48 -180.05
" 66.66 41.06 67.36 66.75 91.88 83.20 92.07
AUC 0.70 0.65 0.71 0.69 0.73 0.72 0.72
(0.65t00.74) | (0.601t0 0.70) (0.66 to 0.75) (0.64 t0 0.73) (0.68 to 0.77) (0.69 to 0.77) (0.68 to 0.76)
. 2.06 1.71 2.17 2.00 2.35 231 2.28
AUC-equivalent OPERA |1 73%0948) | (1.43 10 2.07) (1.82 t0 2.62) (1.68 to 2.42) (1.97 to 2.84) (1.93 t0 2.80) (1.90 to 2.76)
Screen-detected
1.29 112 1.03 0.81
Cumulus (PDA) (1.15 to 1.45) - - (0.94 t0 1.33) (0.90 to 1.18) - (0.66 to 0.99)
Cirrocumulus (AD) ~ 1.32 B 1.21 ~ 1.16 1.34
(1.18 to 1.48) (1.02 to 1.44) (1.03 to 1.31) (1.12 to 1.61)
Cirrus B j 1.55 } 1.53 1.49 1.59
(1.39 to 1.74) (1.35 to 1.74) (1.32 to 1.67) (1.39 to 1.81)
Log likelihood
(null=-550.05) -539.99 -538.35 -518.21 -537.57 -518.10 -515.15 -512.96
" 20.11 23.41 63.69 24.97 63.89 69.81 74.18
ALC 0.57 0.57 0.62 0.57 0.62 0.63 0.63
(0.54100.60) | (0.54t00.61) (0.59 to 0.65) (0.54 to 0.61) (0.59 to 0.65) (0.60 to 0.66) (0.60 to 0.66)
AUC-equivalent OPERA 1.28 1.30 155 1.31 1.54 158 1.59
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\ (1.14 to 1.44) \

(1.16 to 1.46)

(1.38 to 1.75)

(1.16 to 1.47)

(1.37 to 1.74)

(1.41t0 1.79) |

(1.41 to 1.79)

Younger breast cancer

Cumulus (PDA) 151 B B 1.15 1.14 B 0.90
(1.32 to 1.71) (0.98 to 1.35) (0.99 to 1.32) (0.75 to 1.07)
Cirrocumulus (AD) j 1.74 B 1.60 j 1.46 1.54
(1.52 to 1.98) (1.37 to 1.88) (1.27 to 1.68) (1.31 to 1.82)
Cirrus B j 1.89 j 1.79 1.70 1.75
(1.66 to 2.15) (1.55 to 2.06) (1.48 to 1.94) (1.52 to 2.02)
Log likelihood
(null=-760.57) -734.38 -718.27 -700.77 -716.81 -669.14 -685.87 -685.13
" 52.38 84.60 119.59 87.52 122.86 149.39 150.87
AUC 0.63 0.67 0.70 0.67 0.70 0.72 0.72
(0.60100.66) | (0.64100.70) (0.67 to 0.73) (0.64 to 0.70) (0.67 to 0.73) (0.69 to 0.75) (0.69 to 0.75)
) 1.61 1.85 2.08 1.87 2.10 2.28 2.29
AUC-equivalent OPERA | 1 1510182y | (1.64 10 2.10) (1.83 to 2.38) (1.66 t0 2.12) (1.85 to 2.40) (2.01 to 2.61) (2.02 t0 2.62)

AD= absolute density; AUC = are under the receiver operating characteristic curve; AUC-equivalent OPERA = change in odds per unit standard deviation for the controls

adjusted for age and body mass index equivalent to the AUC under the multiplicative risk model - see Statistical Methods; LL = log likelihood relevant to that for the null

model; PDA = percentage density; x? = 2 x change in log likelihood from the null model.
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Table 3. For Cirrus and Cirrocumulus, risk relative to the population average, with 95% CI in parentheses, and numbers of cases and controls as

a ratio, by tertile-by-tertile.

Cirrus
Interval Screen-detected Younger-Diagnosis
Cirrocumulus

low high low high low high

0.27 0.59 1.17 0.50 0.58 1.42 0.25 0.35 0.53
low (0.10t0 0.59) | (0.26 to 1.22) | (0.58 to 2.24) (0.32t0 0.75) | (0.37t0 0.91) | (0.97 to 2.06) (0.13t0 0.44) | (0.17 t0 0.66) | (0.28 to 0.95)

7178 10/50 15/38 30/170 27/131 49/98 14/149 12/91 15/75

0.20 0.83 1.45 0.82 0.76 1.22 0.73 0.85 1.89
(0.05t0 0.53) | (0.43t01.52) | (0.81to 2.52) (0.5510 1.18) | (0.50to 1.14) | (0.85t0 1.72) (0.46 t0 1.13) | (0.56 to 1.27) | (1.33 to 2.69)

4/62 16/57 23/47 42/146 34/127 54/126 29/106 37/116 66/93

_ 0.46 111 2.45 0.58 0.97 1.96 0.84 0.69 2.45
e (0.11t0 1.34) | (0.62t0 1.90) | (1.67 to 3.60) (0.32t01.00) | (0.67to 1.38) | (1.50 to 2.55) (0.47 t0 1.46) | (0.43t0 1.08) | (1.86 to 3.21)
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Legend to Figure

Figure 1: Receiver operating characteristic (ROC) curves for Cirrocumulus and Cirrus for case-

control study of younger-diagnosis cancer.
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Mammographic density, or the area of the mammogram which appears white or bright, has well-
established associations with breast cancer risk. Cumulus is the computer-assisted technique
for measuring that density. Here, the authors introduce two novel measurement techniques,
Cirrus and Cirrocumulus, for extracting risk information from mammograms. Cirrocumulus is
based on image brightness and Cirrus is based on texture. When combined, these measures
substantially improve risk prediction beyond that of Cumulus. In addition, the new risk measures
outperformed the recently published polygenic risk score. By obtaining more information from
mammograms, these tools could improve personalized risk recommendations from screening.
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