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Abstract

Breast density, or the amount of fibroglandular
tissue in the breast, is a recognized and inde-
pendent marker for breast cancer risk. In addi-
tion, breast density reduces the sensitivity of
mammography due to a masking effect. Public
awareness of the importance of breast density
has resulted in legislation for reporting breast
density for risk stratification purposes. To date,
breast density assessment is performed with
mammography and to some extent with mag-
netic resonance imaging. Data indicate that
computerized, quantitative techniques in com-
parison with subjective, visual estimations are
characterized by higher reproducibility and
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robustness. Standardized breast density assess-
ment using automated volumetric quantitative
methods has the potential to be useful for risk
prediction, stratification, and determining the
best screening plan for each woman. This
chapter provides a comprehensive overview of
the currently available imaging modalities for
qualitative and quantitative breast density
assessment and the current evidence on breast
density and breast cancer risk assessment.

1 Introduction

Breast density is defined as the amount of fibro-
glandular breast components relative to fatty
components within the breast. Fibroglandular
breast components are composed of a mixture of
connective, stromal, and parenchymal tissue
(Boyd et al. 1992; Ghosh et al. 2008) and appear
radiopaque on mammography; on the other hand,
fatty components appear radiolucent. Large vari-
ations of breast tissue composition exist between
women; breast composition also changes over the
course of time and during the menstrual cycle, as
influenced by endogenous and exogenous factors
(Table 1) (Boyd et al. 2006; Byrne et al. 2017;
Sterns and Zee 2000; van Duijnhoven et al.
2007). According to the American College of
Radiology (ACR), 50% of women in the USA

Table 1 Summary of endogenous and exogenous factors
influencing breast tissue composition to increased breast
density (does not claim completeness)

Endogenous factors Exogenous factors

Older age/ Smoking
postmenopause

High parity/nulliparity Alcohol
High body mass index HRT

Circulating estrogens/
IGF-1
African-American
Early age at menarche
(<12a)

Age threshold at first
live birth

CYPI1A2 status

Oral contraceptive

Obesity
Sedentary time

Physical inactivity

Tamoxifen/Vit C, D/folate/
NSAID

have high breast density, with 40% being catego-
rized as having heterogeneously dense breasts
(ACR category c) and 10% as having extremely
dense breasts (ACR category d) (D’Orsi et al.
2013).

Based on a large twin study, Nguyen et al.
reported that breast density is significantly influ-
enced by the number of childbirths and by body
mass index (BMI). Increased childbirths were
found to be associated with a decrease of mam-
mographic breast density as well as a correspond-
ing breast cancer risk reduction of up to 4% per
live birth (Nguyen et al. 2013). In studies on post-
menopausal women, women with the greatest
increase in weight and BMI experienced the
greatest reduction in breast density (Wanders
et al. 2015); however, higher BMI is also associ-
ated with higher breast cancer risk in this popula-
tion (Keum et al. 2015; Huo et al. 2014). Using
data from a longitudinal cohort, Hopper and col-
leagues reported a negative association between
adolescent BMI at the age of 7-15 years and
breast density at the age of 47-50 years, conclud-
ing that adolescent BMI is negatively associated
with breast cancer risk (Hopper et al. 2016), in
line with other publications in the literature
(Harris et al. 2011; Andersen et al. 2014). Several
studies have reported that lower BMI or a moder-
ate reduction of body weight during adulthood,
before or after menopause, has resulted in the
reduction of postmenopausal breast cancer risk
of up to 50% (Eliassen et al. 2006; Harvie et al.
2005). A recent study reported that breast density
is associated with parity and BMI regardless of
age (Krishnan et al. 2017).

2 Breast Density and the Risk
for Breast Cancer

2.1 Masking Effect

Breast composition impacts the risk for breast

cancer in different ways. Mammographic sensi-

tivity for detecting breast cancer decreases as

breast density increases (Kerlikowske et al. 2007;

Boyd et al. 2007; McCormack and dos Santos
2006). Breast density is known for producing tis-
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sue overlap that leads to a masking effect. Two-
dimensional imaging modalities including
mammography are particularly susceptible to the
masking effect. While the masking effect is a
source of false-negative readings and correspond-
ingly a low efficiency of screening examinations
(Bailey et al. 2010), an increased density also
leads to increased false positives and recall rates
(Ballard-Barbash et al. 1997; Carney et al. 2003).
High breast density leads to overlapping normal
breast tissue, resulting in coalescent areas of
breast parenchyma and obliteration of tissues
with underlying tumors on imaging (D’Orsi et al.
2013; Rhodes et al. 2015). As a result, women
with higher breast density are more often diag-
nosed with larger breast tumors and advanced
stages with lymphatic involvement at initial diag-
nosis (Ghosh et al. 2008; Aiello et al. 2005;
Roubidoux et al. 2004). Interval cancers also
increase 6- to 17-fold in women with higher den-
sity breasts (Boyd et al. 2007; McCormack and
dos Santos 2006).

Most of the evidence on the reduced sensitiv-
ity of mammography in dense breasts is from
studies employing screen-film mammography
(SEM) (D’Orsi et al. 2013; Price et al. 2013).
With the introduction of full-field digital mam-
mography (FFDM), the masking effect of dense
breasts on cancer detection has been greatly
reduced (Carney et al. 2003; Pisano et al. 2005).
Kerlikowske et al. (2011) also showed that FFDM
improves the detection of hormone receptor-
negative breast cancers compared with SFM
(FFDM 78.5% vs. SFM 65.8%, sensitivity
p = 0.016, in women aged 40-79 years; 95.2%
vs. 54.9%, sensitivity, p = 0.007, in women aged
40-49 years). As hormone receptor-negative
breast cancers usually present with a higher
grade, carry a poorer prognosis, and often mani-
fest as interval cancers, they presumably consti-
tute some proportion of the cancers masked at
SFM screening in women with higher density
categories. Recently, digital breast tomosynthesis
(DBT), a three-dimensional imaging modality,
has also been introduced. Several large-scale
studies worldwide have investigated DBT in the
screening setting, demonstrating an increase in
cancer detection as well as a significant reduction

in recall rates compared with FFDM, which is
most likely attributable to a decreased masking
effect (Destounis et al. 2015; Friedewald et al.
2014; McDonald et al. 2016). However, the value
of DBT for breast cancer detection as related to
breast density has not been fully elucidated.
Ciatto et al. evaluated DBT in combination with
FFDM in the STORM-1 trial, showing an
improved cancer detection rate from 5.3 cancers
to 8.1 cancers per 1000 screening examinations
and a reduction of recalls by 17.2% (Ciatto et al.
2013). Bernardi et al. demonstrated similar
results in the STORM-2 trial, showing cancer
detection rates of up to 8.5 cancers per 1000
screening examinations when FFDM is com-
bined with DBT, and up to 8.8 cancers per 1000
screening examinations when a synthesized two-
dimensional mammographic image is recon-
structed and combined with DBT. However,
false-positive readings also increased when using
DBT: 3.97% FFDM plus DBT and 4.45% syn-
thetic FFDM plus DBT, respectively, compared
with 3.42% for FFDM only (Bernardi et al.
2016).

2.2 Independent Risk Factor

Although the masking effect as related to breast
density is an important issue to be considered, it
must be noted that the association between breast
density and risk for breast cancer is not merely a
masking bias and cannot be explained by the
reduced sensitivity of mammography alone.
Conclusive data have shown that increased breast
density is a strong and independent imaging bio-
marker for increased risk of breast cancer
(McCormack and dos Santos 2006; Checka et al.
2012; Vachon et al. 2007; Boyd et al. 2010).
Epithelial and glandular structures in the breast
are the site of origin for most breast cancers; con-
sequently, higher dense breast parenchyma is
associated with an increased chance of future
breast cancer development (Freer 2015). In a
meta-analysis by McCormack et al. that investi-
gated breast density as an independent risk factor
for breast cancer, the relative risk associated with
dense breasts was 2.92 for breasts that were
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50-74% dense and 4.64 for breasts that were
75% or more dense (McCormack and dos Santos
20006). Boyd et al. summarized studies evaluating
breast cancer risk with respect to quantitatively
measured tissue density, and the odds ratio of the
risk for breast cancer was found to range from 3.6
to 6.0 (Boyd et al. 2011).

Studies investigating breast density under
screening conditions arrived at a similar conclu-
sion regarding breast density as a strong predictor
of breast cancer risk. Data from the TOMMY
trial indicates that absolute measurements of
fibroglandular tissue volume were significantly
associated with increased breast cancer risk in
higher density groups (Gilbert et al. 2015). After
adjusting for age, a 2-3% increase of the odds of
breast cancer was found per increase of 10 cm?
dense tissue depending on the automated breast
density measurement system. The relative risk
for breast cancer can differ based on whether a
quantitative or qualitative approach is used to
determine breast density. However, in either
approach, higher breast density is associated with
an increased relative risk. In their review,
Destounis et al. reported that the relative risk for
breast cancer was higher when using semiquanti-
tative percentage calculation methods (up to
4.64) than when using subjective qualitative
assessments (up to 3.98) to determine mammo-
graphic breast density (Destounis et al. 2017).
This is concordant with other studies comparing
qualitative and quantitative methods of density
measurement that demonstrated an increased risk
when using quantitative approaches (Jeffers et al.
2017; Keller et al. 2015). It must be pointed out
that most studies that have investigated the asso-
ciation between breast density and breast cancer
risk did not use ACR Breast Imaging Reporting
and Data System (BI-RADS) categories but
instead used quantitative measures or a different
classification such as the Wolfe classification.
The use of the BI-RADS categories results in a
similar but milder association of risk with breast
density (Freer 2015).

Many studies focusing on the association
between mammographic breast density and rela-
tive risk of breast cancer have also compared
women with almost entirely fatty breasts and

women with extremely dense breasts, finding that
the relative risk for breast cancer is 4-6 in women
with extremely dense breasts compared with
women with almost entirely fatty breasts (Sickles
2010). However, as only approximately 10% of
women have almost entirely fatty breasts and
another 10% have extremely dense breasts, the
results are potentially misleading (D’Orsi et al.
2013). Compared with the average women, the
relative risk for breast cancer is approximately
1.2 in women with heterogeneously dense breasts
and 2.1 in women with extremely dense breasts.

Although the relative risk of breast density as
arisk factor is much smaller than age, family his-
tory, reproductive history, and genetic mutations,
it is not negligible as mammographically dense
breasts are relatively common (approximately
50% of the screening population). Therefore,
breast density contributes significantly more to
cancer risk in the population than other much
stronger but less common risk factors, such as a
BRCA 1 or 2 mutation carrier or high-risk status
(McCormack and dos Santos 2006; Freer 2015;
Boyd et al. 2011). The consistent association
between increased breast density and cancer risk
emphasizes its potential for risk prediction and
risk stratification; thus, it might become a valu-
able tool in determining the best individualized
screening plan for each woman.

In the past decade, breast density notification
laws have been passed with the intent of inform-
ing women about their own breast density and
possible benefits from supplemental screening
methods such as breast ultrasound (Hooley
2017). Currently, there are 38 states of the USA
with a legal obligation to provide a patient and
her primary care physician with her breast den-
sity status and the risk posed by breast density. In
addition, breast density notification legislation
laws are in progress in other states and will be
issued shortly. Breast density legislation provides
a unique opportunity to strengthen patient-
provider relationships by encouraging physicians
to engage women in a conversation about the
limitations, risks, and benefits of screening, as
well as to provide women with greater autonomyj;
however, ineffective transfer of information may
cause anxiety and patient confusion, which
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emphasizes the need for innovative information
tools creating a better understanding for risk and
health-care management (Miles et al. 2019;
Slanetz et al. 2015; Are You Dense? 2018).

3 Assessment Methods
3.1 Mammography
3.1.1 Subjective Qualitative

Assessment
The assessment of breast density is usually per-
formed based on the appearance of the amount of
fibroglandular tissue relative to fatty tissue on
mammography. To date, there are no recommen-
dations or criteria for standardized assessment of
breast density (Winkler et al. 2015; Colin et al.
2014). Methods range from the initial classifica-
tion systems of Wolfe (1976) and Tabér (He et al.
2015) to the recent BI-RADS classification of the
ACR, which is currently the most commonly
used classification system. The differences of
these classification systems are summarized in
Table 2 (D’Orsi et al. 2013). The BI-RADS lexi-
con classification of breast density is mainly per-
formed based on the subjective visual estimation.
According to the current revised fifth edition of

the BI-RADS atlas, published in 2013, breast
density can be classified into ACR-MG-a,
wherein the breasts are almost entirely fatty;
ACR-MG-b, in which there are scattered areas of
fibroglandular density; ACR-MG-c, wherein the
breasts are heterogeneously dense, which may
obscure small masses; and ACR-MG-d, in which
the breasts are extremely dense, which lowers the
sensitivity of mammography (D’Orsi et al. 2013).
Women classified as either ACR-MG-a or -b are
considered as having non-dense breasts, whereas
women classified as either ACR-MG-c or -d are
considered as having dense breasts. The revised
fifth edition replaced a percentage categorization
of total breast density with descriptive categories
and identification of coalescent areas on the
mammogram, acknowledging the possible mask-
ing of underlying breast masses, Fig. 1, and the
potential benefit of supplemental screening (van
der Waal et al. 2017).

Several studies have shown that subjective
visual estimation of mammographic breast den-
sity is prone to error, with great inter- and intra-
observer variability (Ciatto et al. 2012; Lee et al.
2015; Morrish et al. 2015; Wengert et al. 2016a).
While training and experience can improve
reader variability (Wengert et al. 2016a; Gao
et al. 2008; Raza et al. 2016), subjective qualita-

Table 2 Summary of different available classification systems to describe parenchymal patterns of mammographic
density in breast imaging, with the recommended current gold standard and ubiquitously used BI-RADS classification

system from the American College of Radiology

Wolfe Tabar BI-RADS
NI (Normal) | The breast consists 1 | Balanced distribution ACR- | Almost entirely fatty breast
mainly of fat with slightly fibrous a
predominance
P1 Fatty breast with no II | Predominance of fatty ACR- | Scattered areas of
more than 25% of tissue b fibroglandular tissue
linear densities
P2 Linear densities more IIT | Predominance of fatty ACR- | Heterogeneously dense, small
than 25% of the breast tissue with retroareolar c masses may obscure
fibrous
Dy Dense, radiopaque IV | Predominantly nodular ACR- | Extremely dense breast,
(dysplasia) breast densities d lowering the sensitivity of
mammography
Qdy Dense breast with V | Dense breast,
(quasi- spongy texture due to predominantly fibrous
dysplasia) fatty infiltration tissue
Low risk (N1 and P1) Low risk (I, II, and IIT) Low risk (ACR-a und -b)
High risk (P2 and Dy) High risk (IV and V) High risk (ACR-c and -d)
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ACR MG-a

ACR MG-b

Fig.1 Example images of the four breast density/compo-
sition categories defined by the fifth edition of the
BI-RADS mammography atlas with descriptive catego-
ries indicating coalescent breast tissue with possible
masking of underlying masses. ACR MG-a, the breasts

tive breast density assessment is not equipped to
provide a reliable and reproducible objective
assessment of breast density as a risk factor.

3.1.2 Objective Automated
Quantitative Assessment

To overcome the limitations of subjective visual
assessments, attempts have been made to develop
automated quantitative technologies for breast
density measurement. There are computer-aided
semiautomated and fully automated measure-
ment approaches available that allow either a
two- or three-dimensional assessment of breast
tissue structures. Cumulus™, the so-called gold
standard of breast density assessment on mam-

ACR MG-c ACR MG-d

are almost entirely fatty; ACR MG-b, there are scattered
areas of fibroglandular density; ACR MG-c, the breasts
are heterogeneously dense, which may obscure small
masses; and ACR MG-d, the breasts are extremely dense,
which lowers the sensitivity of mammography

mography that has been validated by epidemio-
logical studies, allows the estimation of the
percentage area of dense breast tissue from mam-
mographic images (Byng et al. 1994), yielding a
higher reproducibility compared with BI-RADS
visual assessment (Boyd et al. 2011). The limita-
tion of Cumulus™ is that breast density measure-
ments are derived from two-dimensional images
and thus requires some user interaction, which
renders it prone to bias. Recently, other three-
dimensional mammography-based breast density
measurement techniques have become available.
Highnam (Highnam et al. 2007) and van Engeland
(van Engeland et al. 2006) introduced fully auto-
mated approaches, Quantra (Morrish et al. 2015;
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Brandt et al. 2015; Wang et al. 2013) and Volpara
(Lee et al. 2015; Morrish et al. 2015; Brandt et al.
2015; Wang et al. 2013), which allow
mammography-based, volumetric, quantitative
breast density measurements. Recently, yet
another fully automated volumetric breast den-
sity measurement system “insight breast density,”
which is integrated into the new MAMMOMAT
Revelation (Siemens Healthineers, Erlangen,
Germany) unit for three-dimensional mammog-
raphy, has become available (Fig. 2).

Although the above approaches are fully auto-
mated, breast density calculation based on mam-
mography may vary due to differences in tissue
compression and breast positioning (Kopans
2008). All these approaches have in common a
positive association between breast density and
breast cancer risk. However, a paper from
Gastounioti et al. (2016) discussed how the dif-
ferences in quantitative breast density measure-
ments are influenced by processed or raw

247017 em®
83,8204 cm?®
3.39331 %
ACR MG-a

Vol total
Vol BD

Vol total  962.827 cm?
Vol BD 48,698 cm?

5.05TB1 %
ACR MG-b

LMLO

Vol total 247017 em®
Vol BD 83.8204 cm?

339331 %
ACR MG-a

Vol total  962.827 cm®
Vol BD 48,698 cm®

505781 %
ACR MG-b

Fig. 2 Examples of increasing mammographic breast
densities from left to right. Left craniocaudal (L-CC) and
left mediolateral-oblique (L-MLO) were acquired with a
Siemens MAMMOMAT Revelation (Siemens Healthcare
GmbH, Erlangen, Germany). Density was assessed using
the integrated insight breast density application, which
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mammographic images, as well as specific fea-
tures of image acquisition, physical properties,
and vendors.

3.2 Ultrasound

Ultrasound (US) of the breast is a ubiquitous,
cost-effective, and reliable imaging modality,
which is easily performed without the need for
intravenous contrast application or ionizing radia-
tion. To date, breast US cannot be reliably used
for either a qualitative or quantitative breast den-
sity assessment. However, the latest version of the
US BI-RADS atlas recommends an assessment of
breast tissue composition with US using three
descriptive categories: ACR-US-a, homogeneous
background echotexture—fat; ACR-US-b, homo-
geneous background echotexture—fibroglandu-
lar; and ACR-US-c, heterogeneous background
echotexture, Fig. 3 (D’Orsi et al. 2013). To over-

Voltotal 398.15 em®
Vol BD  81.4615 cmy

Vol total  287.135 cm?
Vol BD  32.864 cm®

11.4454 %
ACR MG-c

2064 %
ACR MG-d

LMLO

Vol total ~ 287.135 cm®
Vol BD 32.864 cm®

11.4454 %
ACR MG-c

Vol total ~ 398.15 cm®
Vol BD 81.4615 cm?

20.64 %
ACR MG-d

calculates the total breast volume (Vol total, cm?) and the
breast density volume (Vol BD, cm?® and %). Fully auto-
mated volumetric breast density measurements are dis-
played quantitatively and as the corresponding ACR
BI-RADS category, A to D
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ACRUS-¢c-

Fig. 3 Example images of the three breast density/tissue
composition categories defined by the fifth edition of the
BI-RADS ultrasound atlas for screening-only purposes.
ACR US-a, homogeneous background echotexture—fat;
ACR US-b, homogeneous background echotexture
fibroglandular; and ACR US-c, heterogenous background
echotexture

come the drawback of handheld US, automated
3D whole-breast US (ABUS) has been intro-
duced (Chae et al. 2013) and attempts have also
been made to assess breast density with 3D
ABUS using semiautomated techniques (Chen
et al. 2016; Moon et al. 2011). Initial results
suggest that ABUS might provide 3D volumet-
ric imaging and accurate breast density mea-
surement (Chen et al. 2016; Moon et al. 2011).
US of the breast may be a valuable supplemen-
tal imaging modality to mammography in
asymptomatic women with dense breast tissue
to enable the detection of additional breast can-
cers invisible on mammography (Houssami and
Ciatto 2011).

3.3 Magnetic Resonance Imaging

To address the problems of 2D mammography-
based breast density assessment, promising
approaches of volumetric, quantitative assess-
ment of the amount of fibroglandular tissue on
magnetic resonance imaging (MRI) have been
developed and investigated.

In contrast to mammography, MRI allows
radiation- and compression-free 3D imaging,
which allows a standardized assessment of breast
areas near the chest wall and axilla. MRI pro-
vides images related to the fat and water compo-
sition of the breast. Since the water composition
is highly correlated with the prevalence of fibro-
glandular tissue, these images can be used for
slice-by-slice segmentation of fibroglandular and
fatty components and thereby allow quantitative
breast density assessment (O’Flynn et al. 2015).

Many of the currently available approaches
rely on the use of T1-weighted sequences, which
provide grayscale images and therefore not
enough tissue contrast to allow an objective
assessment of breast parenchyma. In addition,
most of these approaches require user interac-
tion for breast area segmentation or threshold
adjustments (van Engeland et al. 2006; Klifa
et al. 2004, 2010; Lee et al. 1997; Thompson
et al. 2009; Nie et al. 2008, 2010). Allowing
accurate segmentation is one of the most impor-
tant steps to precisely define breast and tissue
borders. The boundaries for the segmentation
are usually the anterior border of the major pec-
toral muscle and the anterior chest wall. The
inferior border of the manubrium sterni and the
submammary fold is the cranial and caudal
boundaries. In addition, preferentially the vari-
able subcutaneous fatty tissue of the cleavage
should also be excluded from the segmentation.
To overcome these, atlas- (Gubern-Merida et al.
2015; Wu et al. 2013) or template-aided
(Wengertetal. 2015) semiautomated approaches
with predefined breast models and automated
adaption in real time have been investigated for
an individual breast segmentation with high
accuracy and robustness.

Meanwhile, there are already fully automated,
volumetric measurement approaches for MRI-
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based measurements of the amount of fibroglan-
dular breast tissue. Gubern-M¢érida et al. (2014)
used an expectation-maximization algorithm
based on fuzzy C-means clustering, and Wu et al.
(2013) developed a fully automated segmentation
approach based on two-dimensional C-means
clustering. Wengert et al. introduced an iterative
segmentation for the separation of the bivariate
signal intensity values on Dixon sequences,
Fig. 4 (Wengert et al. 2015). The use of Dixon
sequences for MRI-based measurements of the
amount of fibroglandular tissue has been sug-
gested previously (Graham et al. 1995) and tested
with promising results (Wengert et al. 2015;
Tagliafico et al. 2013, 2014), Fig. 5. Dixon

sequences allow for improved reproducibility
and accuracy of breast density measurements
compared with conventional sequences (Wengert
et al. 2016b, 2017). The integration of Dixon
sequences into standard clinical dynamic
contrast-enhanced MRI protocols, as well as for
fibroglandular tissue quantification, is easily exe-
cuted (Wengert et al. 2016b; Kuhl et al. 2014).
Therefore, objective fibroglandular tissue seg-
mentation derived from high-resolution Dixon
sequences as the MRI-based reference standard
for the assessment of the amount of FGT is a
practical recommendation (Wengert et al. 2016b;
Kuhl et al. 2014; Clauser et al. 2014; Mann et al.
2014).

Fig. 4 Diagram of the process of fibroglandular tissue
segmentation. For each individual breast and water/fat-
based sequence, the program automatically segments an
individual breast model, representing the identical 3D
breast volume, with exclusion of the skin and the pectora-
lis muscle. (A) The signal intensity (SI) values of fat- and
water-weighted pixel intensities were recorded and col-
lected into a 2D histogram (top image). On the bottom,
there is the 3D illustration of the histogram. (B) Thresholds
for the corresponding fat and water SI values were auto-
matically calculated by dividing the histogram into two
regions half the distance between the two cluster peaks of

the bimodal distribution of measured SI values. (C)
Graphical illustration of the assignment for each voxel to
be either fat tissue (red) or dense tissue (blue) into the 3D
breast model. (Reprinted with permission from: Wengert
GJ, Helbich TH, Vogl WD, et al. Introduction of an auto-
mated user independent quantitative volumetric magnetic
resonance imaging breast density measurement system
using the Dixon sequence: comparison with mammo-
graphic  breast density assessment. Investigative
Radiology. 2015;50(2):73-80. https://doi.org/10.1097/
RLI.0000000000000102)
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Fig. 5 Examples of MRI-based breast density calcula-
tion; (a) fully automated measurements of fibroglandular
(%gt) breast tissue based on the fat and water high-
resolution Dixon images of a moderate (top row) and
extremely dense breast (bottom row); with the corre-
sponding threshold segmentation (template) and scatter-
plots, breast compartments are represented by the total
segmented volume (cm?® volume), percentage of fibroglan-
dular tissue (%gt), and percentage of fat tissue (%fat)
(published in Wengert et al. 2015); (b) extract of the

A drawback of fully automated, volumetric
MRI-based measurements is that the output of
percentage values of breast density is not
included in the current fifth edition of the ACR
BI-RADS lexicon. The MRI BI-RADS Iexicon
currently contains the recommendation to assess
the amount of fibroglandular tissue with MRI
similar to mammography on a four-grade scale,
Fig. 6: ACR-MRI-a, almost entirely fat; ACR-
MRI-b, scattered fibroglandular tissue; ACR-
MRI-c, heterogeneous fibroglandular tissue;
and ACR-MRI-d, extreme fibroglandular tissue
(D’Orsi et al. 2013). Recent studies have shown
that subjective visual estimation of breast den-
sity on mammography and the amount of FGT
on MRI are both prone to error with great inter-
and intra-observer variability (Wengert et al.
2016a; Gao et al. 2008; Raza et al. 2016). While
subjective visual estimation can be improved by
reader training, similar to mammography, this
seems a suboptimal solution compared with the
objective quantitative MRI-based assessment of
breast density as a risk factor (Lee et al. 2015;
Morrish et al. 2015; Wengert et al. 2016a; Wang
et al. 2013; Ciatto et al. 2005).
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graphical computer interface illustrating the selection and
thresholding process of the semiautomated assessment of
fibroglandular breast tissue, with the output of the per-
centage of breast density (black circle). (Reprinted under
a Creative Commons Attribution 4.0 International (CC
BY 4.0) from Tagliafico A, Bignotti B, Tagliafigo G, et al.
“Breast density assessment using a 3T MRI system: com-
parison among different sequences.” PLoS One.
201459(6):99027. https://doi.org/10.1371/journal.
pone.0099027)

4 New Avenues for Risk-
Adapted Screening

While population-based screening programs
using mammography with the aim of detecting
breast cancer at an early stage have reduced can-
cer mortality by up to 49% (Broeders et al. 2012;
Nickson et al. 2012), to date, there are no recom-
mendations for risk-adapted screening.

Breast cancer risk estimation tools like the
Gail and Tyrer-Cuzick models have been intro-
duced with the purpose of identifying women
who are at risk of developing breast cancer (Gail
et al. 1989; Smith et al. 2014; Tyrer et al. 2004).
The Gail model from the National Cancer
Institute based on the general population is an
eight-question tool using age, hormonal factors,
benign disease, and number of fist-degree rela-
tives who have already been diagnosed with
breast cancer to estimate the relative risk of
developing invasive breast cancer (Costantino
etal. 1999). The Tyrer-Cuzick model uses similar
risk factors from the Gail approach in conjunc-
tion with personal and genetic factors including
the BRCA 1/2 genes for risk assessment of inva-


https://doi.org/10.1371/journal.pone.0099027
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ACR MRI-a

ACR MRI-b

ACR MRI-c

Fig. 6 Example of T1-weighted high-resolution Dixon
images of the four breast density/composition categories
defined by the fifth edition of the BI-RADS MRI atlas
with four categories similar to mammography. ACR MRI-
a, almost entirely fat; ACR MRI-b, scattered fibroglandu-
lar tissue; ACR MRI-c, heterogeneous fibroglandular
tissue, which may obscure small masses; and ACR MRI-

sive breast cancer (Tyrer et al. 2004). However, it
has been demonstrated that mammographic den-
sity is a stronger risk factor than any of the risk
factors used in the Gail and Tyrer-Cuzick models;
the combination of breast density with either the
Gail or the Tyrer-Cuzick model resulted in a bet-
ter breast cancer risk assessment (Brentnall et al.
2015). The Gail model, which is based on demo-
graphic and clinical data for breast cancer risk
stratification, can be assessed online: https://
www.mdcalc.com/gail-model-breast-cancer-risk.
The Tyrer-Cuzick model providing a personal
risk and risk of mutation carrier assessment can
be found at http://ibis.ikonopedia.com/.
Moreover, the process of screening for breast
cancer remains controversial with different rec-
ommendations between national breast cancer
screening programs concerning the start points
and the intervals for screening. A potential model
for risk-adapted screening could include an ini-
tial risk stratification incorporating family and

ACR MRI-d

d, extreme fibroglandular tissue. (Reprinted under a
Creative Commons Attribution 4.0 International License
from: Wengert GJ, Helbich, TH, Leithner D, et al.
Multimodality Imaging of Breast Parenchymal Density
and Correlation with Risk Assessment. Curr Breast
Cancer Rep. 2019;11:23-33. https://doi.org/10.1007/
$12609-019-0302-6)

personal history, breast density assessed with
mammography, and, potentially, lifestyle risk
factors such as obesity (Mahoney et al. 2008) and
alcohol (Zhang et al. 2007). Based on this model,
women could be classified into different risk cat-
egories, e.g., low, intermediate, and high, and
would undergo screening tailored to their indi-
vidual risk.

Other avenues that can be explored for a more
refined breast cancer risk stratification include
the use of radiomics analyses and machine-
learning techniques, such as deep learning.

Based on such refined risk stratification,
women could then be offered risk-adapted
screening with different imaging modalities.
Low-risk women could continue to be screened
with FFDM or, when available, DBT with syn-
thesized mammography annually, biannually, or
triennially based on national recommendations.
Intermediate-risk women could undergo addi-
tional supplemental screening with US or


https://doi.org/10.1007/s12609-019-0302-6
https://doi.org/10.1007/s12609-019-0302-6
https://www.mdcalc.com/gail-model-breast-cancer-risk
https://www.mdcalc.com/gail-model-breast-cancer-risk
http://ibis.ikonopedia.com/
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MRI. High-risk women, who constitute a minor-
ity, could be offered MRI and mammography
only in whom benefit has been demonstrated
(e.g., BRCA 2 mutation carrier) (Phi et al. 2016).
In this context, the Dutch DENSE trial investi-
gates the effectiveness and cost-effectiveness of
screening with mammography and MRI com-
pared with those of screening with mammogra-
phy alone in women with extremely dense breasts
(Emaus et al. 2015). Recently published results
showed that supplemental MRI screening of
women with extremely dense breasts resulted in
significantly fewer interval cancers compared to
mammography as the sole screening methodol-
ogy (2.5/1000 vs. 5.0/1000). The authors reported
furthermore a cancer detection rate of 16.5/1000
women screened with MRI for breast cancer with
a false-positive rate of 8.0% (Bakker et al. 2019).
In addition, about 60% of the total screening pop-
ulation accepted the invitation of supplemental
MRI screening. The most frequently stated rea-
sons for not participating in this trial were MRI-
related inconveniences, self-reported
contraindications, and anxiety regarding the
screening outcome (de Lange et al. 2018). Further
results to better understand the role of MRI in
this patient population are expected in the com-
ing years after two rounds of screening are
completed.

5 Summary

Breast density has recently become one of the
hottest topics in breast imaging: firstly as it is an
independent risk factor for breast cancer and sec-
ondly because high breast density reduces mam-
mographic sensitivity due to a masking effect.
Although the exact extent to which breast density
is an independent risk factor remains controver-
sial, there is consensus that the increased breast
cancer risk is not solely attributable to the mask-
ing effect. This emphasizes the potential of breast
density for cancer risk prediction and stratifica-
tion, potentially becoming a valuable tool in
determining the best screening plan for each
woman and guiding supplemental screening
methods. However, to be used in this context,

breast density assessment must be reliable, repro-
ducible, and accurate. Breast density has been
predominantly assessed with mammography
using qualitatively subjective visual inspection
and the ACR BI-RADS classification. Due to
substantial intra/inter-reader variability, semi/
automated volumetric breast density measure-
ment approaches with both mammography and
MRI have been developed with excellent results.
Initial attempts for automated volumetric breast
density measurements with ABUS are promising.
It is expected that these advances in breast den-
sity assessment will further define its role in
breast cancer risk assessment and help tailoring
breast cancer screening strategies to an individual
woman’s risk, values, and preferences while also
accounting for cost, potential harms, and impor-
tant patient outcomes.
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