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Purpose: To assess a fully automated method for volumetric breast 
density (VBD) estimation in digital breast tomosynthesis 
(DBT) and to compare the findings with those of full-field 
digital mammography (FFDM) and magnetic resonance 
(MR) imaging.

Materials and 
Methods:

Bilateral DBT images, FFDM images, and sagittal breast 
MR images were retrospectively collected from 68 women 
who underwent breast cancer screening from October 
2011 to September 2012 with institutional review board–
approved, HIPAA-compliant protocols. A fully automated 
computer algorithm was developed for quantitative esti-
mation of VBD from DBT images. FFDM images were pro-
cessed with U.S. Food and Drug Administration–cleared 
software, and the MR images were processed with a pre-
viously validated automated algorithm to obtain corre-
sponding VBD estimates. Pearson correlation and analysis 
of variance with Tukey-Kramer post hoc correction were 
used to compare the multimodality VBD estimates.

Results: Estimates of VBD from DBT were significantly correlated 
with FFDM-based and MR imaging–based estimates with 
r = 0.83 (95% confidence interval [CI]: 0.74, 0.90) and 
r = 0.88 (95% CI: 0.82, 0.93), respectively (P , .001). 
The corresponding correlation between FFDM and MR 
imaging was r = 0.84 (95% CI: 0.76, 0.90). However, sta-
tistically significant differences after post hoc correction 
(a = 0.05) were found among VBD estimates from FFDM 
(mean 6 standard deviation, 11.1% 6 7.0) relative to MR 
imaging (16.6% 6 11.2) and DBT (19.8% 6 16.2). Differ-
ences between VDB estimates from DBT and MR imaging 
were not significant (P = .26).

Conclusion: Fully automated VBD estimates from DBT, FFDM, and 
MR imaging are strongly correlated but show statistically 
significant differences. Therefore, absolute differences in 
VBD between FFDM, DBT, and MR imaging should be 
considered in breast cancer risk assessment.
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via physics-based models (19–22). Dig-
ital breast tomosynthesis (DBT) is an 
imaging modality that allows for 3D 
reconstruction of the breast volume. 
DBT is rapidly being adopted in breast 
centers throughout the world, since 
early studies have shown improvements 
in screening outcomes when this tech-
nique (23,24,25) is used. Recently, new 
technology has allowed the reconstruc-
tion of the 2D image set (eg, synthetic 
2D views) from the 3D tomosynthesis 
acquisition, potentially alleviating the 
need for the conventional 2D digital 
mammographic exposure (23–26). In 
this work, we present a method for 
fully automated estimation of VBD from 
DBT images and compare the findings 
with corresponding estimates obtained 
from full-field digital mammography 
(FFDM) and breast MR imaging.

Materials and Methods

The software used in this study for the 
estimation of VBD from FFDM was 

categories on the basis of the densest 
area of the mammogram, not the over-
all area or volume of density. Therefore, 
this limits the use of the new BI-RADS 
density assessments in future studies 
aimed at expanding the current under-
standing of density as it relates to risk 
or other possible applications, such as 
therapy response. It has been shown 
that the addition of BI-RADS breast 
density categories to the Gail breast 
cancer risk assessment model only min-
imally improves the predictive accuracy 
(13). Therefore, objective and accurate 
methods for the estimation of density 
are needed to ensure reliable estimation 
and, ultimately, yield quantitative repro-
ducible measures that are clinically use-
ful. Existing quantitative methods pro-
vide either area-based or volume-based 
estimates of breast density. Area-based 
percentage density (PD) is usually esti-
mated as the ratio of the opaque mam-
mographic tissue (white pixels) over the 
total breast area by outlining the dense 
tissue with either computer-aided semi-
automated thresholding methods (14) 
or fully automated algorithms (15,16).

With volume-based quantitative 
density methods, the aim is to better 
estimate the amount of fibroglandular 
(ie, dense) tissue with respect to the 
total volume of the breast. These tech-
niques are expected to provide more 
accurate estimates of breast compo-
sition than measurements performed 
directly on two-dimensional (2D) 
projections, as is done with the con-
ventional PD measures. With existing 
approaches, volumetric breast density 
(VBD) is measured by means of true 
three-dimensional (3D) imaging modal-
ities, such as magnetic resonance (MR) 
imaging (17,18), or attempts are made 
to infer VBD from 2D mammograms 
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Advances in Knowledge

 n Estimates from a quantitative 
method for fully automated esti-
mation of volumetric breast den-
sity (VBD) from digital breast 
tomosynthesis (DBT) images 
were compared with estimates 
from full-field digital mammog-
raphy (FFDM) and MR imaging 
and yielded correlations of r = 
0.84 (95% confidence interval 
[CI]: 0.77, 0.91), r = 0.83 (95% 
CI: 0.74, 0.90), and r = 0.88 
(95% CI: 0.92, 0.93) for FFDM 
versus MR imaging, FFDM 
versus DBT, and DBT versus MR 
imaging, respectively (P , .001).

 n FFDM estimates of VBD were 
lower than those from volumetric 
imaging modalities with 
distribution means 6 standard 
deviations of 11.1% 6 7.0, 
19.8% 6 16.2, and 16.6% 6 
11.2 for FFDM, DBT, and MR 
imaging, respectively.

Implication for Patient Care

 n Fully automated, quantitative vol-
umetric density estimation from 
DBT is feasible and may allow for 
further investigation into the 
breast cancer risk conferred by 
increased breast density and its 
clinical and epidemiological 
implications.

Breast cancer is the most commonly 
diagnosed cancer in the United 
States and the second leading 

cause of death from cancer in women. 
Breast density is an independent risk 
factor for breast cancer (1–8). Cur-
rently, while there is substantial debate 
on the cost-effectiveness of performing 
supplemental screening for women with 
dense breasts, breast density is being in-
creasingly considered in modeling breast 
cancer risk and guiding personalized 
screening recommendations (9,10).

The most widely used classification 
system of mammographic density in the 
United States is the American College 
of Radiology Breast Imaging Reporting 
and Data System (BI-RADS), a qualita-
tive assessment based on subjective vi-
sual interpretation, with only moderate 
interobserver agreement (11,12). The 
moderate interreader agreement may 
partly account for the minimal improve-
ment in the predictive accuracy of the 
Gail model, and therefore a quantitative 
assessment of density might allow more 
accurate predictions of risk. Addition-
ally, in the fifth edition of the BI-RADS 
atlas, each breast is graded by using four 
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with these images. The outcome of this 
stage is a set of 15 segmented images 
that correspond to each of the source 
tomosynthesis projections (Fig 1).

In the second stage, these seg-
mented projection images are used to 
build a 3D map of the breast volume, 
with the statistical likelihood of fibro-
glandular tissue in each voxel. For this 
purpose, we incorporated an algorithm 
from the field of computer vision, 
called “shape from silhouette” (27), 
which can reconstruct 3D models of 
real, opaque objects from several im-
ages of the same object captured from 
different angles (27). The “shape from 
silhouette” framework was adapted 
to work on the segmented tomosyn-
thesis projections and, on the basis 
of the particular acquisition geometry 
(physical dimensions and design of the 
gantry) of tomosynthesis sequences, 
to generate the 3D likelihood map (Fig 
E2 [online]).

Because of the limited angle of DBT 
scanning, the reconstruction process 
gives rise to blurring artifacts, and 
the obtained sections are only quasi-
tridimensional, with lower resolution 
in the plane perpendicular to the de-
tector. This limitation also applies for 
the likelihood map described earlier. 
Therefore, the aim of the final stage 
is to improve and refine the segmenta-
tion by incorporating features obtained 
from the DBT reconstructed sections 
by means of different image-processing 
algorithms (Table E1 [online]). In par-
ticular, several statistical descriptors 
(such as mean, standard deviation, 
and higher-order moments [16]), focus 
measure operators (aimed at detect-
ing blurring artifacts [28]), and image 
acquisition parameters (such as ex-
posure, patient age, breast thickness, 
x-ray tube current, and compression 
force) are integrated into a support 
vector machine classifier to yield the 
final dense tissue segmentation and 
compute the VBD as follows:

 ×FGT
VBD = 100%,

VT
 

where FGT (in cubic centimeters) is the 
volume of the segmented fibroglandular 

dual-modality protocol, the breast is 
compressed, and the x-ray tube moves 
along a limited-angle arc, which allows 
for the acquisition of 15 low-dose tomo-
synthesis projection images (pixel size, 
117 mm). These projection images are 
then used to generate nonoverlapping 
reconstruction sections of the breast 
1 mm apart (pixel size, 90–115 mm). 
During the same compression, a con-
ventional mammogram (pixel size, 65 
mm) is also acquired, resulting in 2D 
FFDM images that are fully spatially 
coregistered with the DBT reconstruc-
tion sections. Thus, each dual-modality 
view is comprised of one FFDM image, 
15 tomosynthesis projection images, 
and a varying number of tomosynthe-
sis reconstruction sections (between 
38 and 113 sections in our data set), 
depending on the thickness of the com-
pressed breast.

All MR imaging examinations were 
performed with a 1.5-T imaging unit 
(Siemens Espree; Siemens, Munich, 
Germany) with a matrix size of 512 3 
512, section thickness of 2.4–3.5 mm, 
and 12-bit gray-scale resolution, with 
the patient in prone position with min-
imal breast compression. For each MR 
imaging examination, a T1-weighted 
nonenhanced sequence without fat sup-
pression was used.

VBD from DBT
An algorithm for the fully automated 
estimation of VBD from DBT images 
was developed for this work. The 
technical aspects of this algorithm are 
summarized below, while the detailed 
mathematical descriptions can be found 
in Appendix E1 (online).

The first step of our algorithm op-
erates on the tomosynthesis projection 
images to segment the breast tissue 
into dense versus nondense regions 
by following an approach similar to 
that used for the computation of PD 
on conventional mammograms (Fig 
E1 [online]). This stage leverages the 
fact that, from a technical aspect, to-
mosynthesis projection images can be 
regarded as low-dose mammograms, 
and, therefore, previously published 
algorithms for digital mammography 
(16) can readily be adapted to deal 

provided by Matakina, Wellington, New 
Zealand.

Case Selection and Imaging Techniques
For this study, dual-modality bilateral 
images (DBT plus FFDM) were ret-
rospectively collected for 80 women 
(age range, 24–82 years; mean age, 
52 years) screened at our institution 
with the approval of the institutional 
review board, in compliance with the 
Health Insurance Portability and Ac-
countability Act. The examinations 
were all screenings conducted in the 
period between October 2011 and Sep-
tember 2012, for which MR imaging 
examinations were performed within 
3 months of the dual-modality imaging 
examinations. Data from MR imaging 
examinations were included if they 
were acquired for high-risk screening, 
diagnostic MR imaging conducted af-
ter identification of abnormal mam-
mographic findings, and staging MR 
imaging examinations for recently de-
tected cancers. MR examinations were 
excluded if they were performed for 
biopsy guidance or for postsurgical or 
posttreatment follow-up. Women for 
whom raw mammograms (ie, labeled 
“for processing”) were not available 
(n = 11) were excluded, since these 
images are required for the estima-
tion of VBD from FFDM. Women with 
breast implants (n = 1) were also re-
moved from this study, since breast 
implants can lead to erroneous density 
estimates when using automated tools. 
The BI-RADS categories of breast den-
sity were extracted from the clinical 
screening report. In the final data set 
(n = 68), there was one case of BI-
RADS category I density, and there 
were 28 cases of BI-RADS category II 
density, 34 cases of BI-RADS category 
III density, and four cases of BI-RADS 
category IV density.

For all dual-modality (“combination-
mode”) examinations, DBT and FFDM 
images were acquired in our clinic by 
using U.S. Food and Drug Adminis-
tration–approved commercial systems 
(Selenia Dimensions; Hologic, Bedford, 
Mass). Each examination included two-
view craniocaudal and mediolateral 
oblique images for each breast. In the 
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Figure 1

Figure 1: Algorithm outline for VBD estimation from DBT images. The process is performed in four 
steps: (a) Dense versus nondense tissue segmentation is conducted on tomosynthesis source projection 
images (the green boundaries represent the dense tissue). (b) A tridimensional likelihood map is 
constructed from the projection images (an intermediate section is shown). The brightness indicates the 
probability of being dense tissue. (c) Features are extracted from each tomosynthesis reconstructed sec-
tion (color shows intensity), and (d) the 3D fibroglandular tissue is segmented on the basis of multifeature 
support vector machine classification.

represent a balanced selection that cov-
ered the entire breast depth (ie, 10%, 
23%, 37%, 50%, 63%, 77%, and 90% 
of the breast thickness).

Breast Density at FFDM and MR Imaging
VBD at 2D FFDM was measured by 
using U.S. Food and Drug Adminis-
tration–cleared software (Volpara 1.5; 
Matakina, Wellington, New Zealand) 
(30). This algorithm requires raw dig-
ital mammograms for the computa-
tion of VBD. The volume of tissue is 
estimated at each image pixel by using 
the x-ray attenuation of fat as the ref-
erence and by using the breast thick-
ness in the estimate of the volume. The 
absolute amount of dense tissue in the 
whole breast is then measured by inte-
grating the volume of dense tissue that 

To assess the accuracy of the ob-
tained automated fibroglandular tissue 
segmentation, the PD for six subjects 
(of varied breast density) from the 
mediolateral oblique view per subject 
(total of 42 sections) was indepen-
dently evaluated manually by the three 
breast imagers (E.S.M., S.P.W., and 
E.F.C., with 9–25 years of experience 
in screening mammography) by using 
a validated, interactive image-thresh-
olding tool (Cumulus 4.0; University 
of Toronto, Toronto, Ontario, Canada) 
that has been widely used for density 
segmentation of conventional mam-
mography images and also recently for 
tomosynthesis images (14,29). Each 
set of DBT sections consisted of seven 
tomographic sections of the full recon-
structed stack of the breast chosen to 

tissue and VT (in cubic centimeters) is 
the total breast volume. This algorithm 
therefore allows for the computation 
of VBD for each DBT view of each 
breast. These values are then averaged 
on a per-breast basis to perform bilat-
eral comparisons and on a per-woman 
basis for the purpose of comparison 
with MR imaging and FFDM.
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Statistical Analysis
To assess the robustness of our algo-
rithm for the estimation of VBD from 
DBT images, the agreement according 
to side and view was evaluated by using 
linear regression analysis with Pearson 
correlation coefficients and 95% con-
fidence intervals (CIs). PD from the 
subset of the manually segmented DBT 
sections was also compared with the 
automatic segmentation (Fig 2), where 
agreement between multiple readers 
and the automated method was as-
sessed by using the Pearson correlation 
coefficient and 95% CIs.

One-way analysis of variance was 
used for assessing differences in vol-
umetric density estimates among the 
studied modalities. Subsequently, vol-
umetric estimates from FFDM, DBT, 

tissue likelihood atlas is incorporated to 
refine the initial map and achieve refined 
segmentation. The VBD is then com-
puted as the ratio of the total fibroglan-
dular tissue volume to the total breast 
volume by using information from all the 
segmented MR imaging sections.

For comparison purposes, area-based 
breast PD was also computed from the 
corresponding 2D FFDM study. In this 
case, a fully automated, previously vali-
dated algorithm was used for segment-
ing the dense tissue on the processed 
mammogram to estimate PD (16). Sim-
ilar to the VBD measures, all 2D mam-
mograms that corresponded to the four 
standard views (bilateral craniocaudal 
and mediolateral oblique views) were 
analyzed, and the mean was used for 
each woman.

corresponds to each pixel of the imaged 
breast. The VBD is finally computed as 
the ratio of the dense tissue to fat and 
the total breast volume that, in turn, is 
computed from the breast area and the 
breast thickness. Similar to the VBD 
estimation from DBT (in the equation), 
density estimates were computed for 
each FFDM view of the breast (cranio-
caudal and mediolateral oblique), and 
the per-woman mean values were esti-
mated for all subsequent comparisons.

VBD from MR images was computed 
by using fully automated, previously vali-
dated software (17). Each 2D section of 
the bilateral MR image is first segmented 
into a dense versus nondense tissue map 
on the basis of the pixel intensities by 
using the fuzzy c-means clustering al-
gorithm. Then, a prior fibroglandular 

Figure 2

Figure 2: Representative DBT reconstructed sections for three different women undergoing routine screening show manual segmentation conducted by a 
human investigator (red) and automated segmentation (green). The women were (a) 69 years of age, (b) 68 years of age, and (c) 36 years of age. An almost 
perfect match between manual and automated segmentation is shown (yellow).
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respectively. The mean values of fibro-
glandular tissue volume from FFDM, 
DBT, and MR imaging were 178 cm3 6 
83, 338 cm3 6 218, and 297 cm3 6 128, 
respectively. As for the total breast vol-
ume, the mean values were 2050 cm3 6 
1120, 2230 cm3 6 1250, and 2210 cm3 
6 1125 for FFDM, DBT, and MR im-
aging, respectively. The Tukey-Kramer 
method showed that differences in VBD 
estimates from FFDM were significantly 
different than those from both MR im-
aging and DBT at the a = .05 signifi-
cance level. In contrast, no significant 
differences between estimates from 
DBT and MR imaging were found (P = 
.26). Similar results were found for the 
fibroglandular tissue volume estimates. 
No statistically significant difference (P 
= .64–.99) was found in total breast 
volume between any of the modalities 
(Fig 4).

Regression analysis and Pearson 
correlation coefficients demonstrated 
substantial correlation among VBD 
from the different modalities, with the 
strongest agreement between MR imag-
ing and DBT (r = 0.88). High agreement 
was also observed for estimates of total 
breast volume from different modal-
ities (Table 2, Fig 5). Finally, the VBD 
estimates from FFDM and DBT were 
also compared with conventional PD. 
Regression analysis and Pearson cor-
relation coefficients showed moderate 
agreement between VBD estimates 
from DBT and PD from FFDM, with r 
= 0.65 (95% CI: 0.48, 0.71), and high 
agreement between VBD and PD esti-
mates from FFDM, with r = 0.85 (95% 
CI: 0.77, 0.81).

Discussion

The contribution of this work is two-
fold. First, a method for fully auto-
mated estimation of VBD from DBT 
images has been developed. Second, 
quantitative estimates of VBD ob-
tained with different modalities have 
been compared. In previous studies, 
PD estimates from different modal-
ities have been compared (14,22). In 
this study, a fully automated method 
is introduced for the computation of 
quantitative VBD from DBT images 

Results

VBD estimates from DBT showed sub-
stantial agreement according to breast 
laterality, with r = 0.92 (95% CI: 0.88, 
0.95), and according to acquisition 
view, with r = 0.88 (95% CI: 0.83, 0.91) 
(Fig 3). Substantial agreement was also 
observed among density estimates that 
resulted from manual versus auto-
mated fibroglandular tissue segmenta-
tion (Table 1).

Analysis of variance results showed 
significant differences in VBD and fibro-
glandular tissue volume (P , .01) but 
not total breast volume (P = .61) among 
the studied modalities. The mean 
values of VBD estimates from FFDM, 
DBT, and MR imaging were 11.1% 6 
7.0, 19.8% 6 16.2, and 16.6% 6 11.2, 

and MR imaging were compared by 
using the Tukey-Kramer method as a 
post hoc test to identify significant dif-
ferences between estimates from each 
pair of modalities. To establish the as-
sociation between the VBD estimates 
from different modalities, linear re-
gression analysis was performed, and 
the Pearson correlation coefficient and 
95% CIs were computed between esti-
mates of VBD, absolute fibroglandular 
tissue volume, and total breast volume 
on a per-woman basis. Finally, the VBD 
estimates from FFDM and DBT were 
also compared with conventional PD. 
The significance level for all tests was 
set at a = .05. All analyses were per-
formed with Matlab software for Win-
dows (version R2013b; Mathworks, 
Natick, Mass).

Figure 3

Figure 3: Scatterplots for VBD estimates (a) per breast and (b) per side. Linear regression lines, along with 
related r values, show high agreement. CC = craniocaudal, MLO = mediolateral oblique.

Table 1

Agreement between Multiple Readers and the Automated Method for Fibroglandular 
Tissue Segmentation on DBT Reconstruction Sections as Measured with the Pearson 
Correlation Coefficient

Reader No.
Percentage Fibroglandular  
Tissue for Reader 2 (%)

Percentage Fibroglandular  
Tissue for Reader 3 (%)

Percentage Fibroglandular  
Tissue with the Automated  
Method (%)

Reader 1 0.96 (0.94, 0.98) 0.96 (0.93, 0.98) 0.92 (0.88, 0.96)
Reader 2 … 0.97 (0.95, 0.99) 0.96 (0.93, 0.98)
Reader 3 … … 0.97 (0.94, 0.98)

Note.—Numbers in parentheses are 95% CIs.
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been developed for breast density mea-
surement. Most existing approaches 
involve the use of either 2D mammo-
grams or MR imaging, with each alter-
native having its own limitations. In the 
past, the appropriateness of estimating 
volumetric density from 2D projections, 
such as screen-film or digital mammo-
grams, has been questioned (31,32). 
Additionally, other tridimensional 
images were rarely available, since 
mammography has been the standard 
modality used for screening purposes 
(33). Most current tomosynthesis units 
have dual functionality, where both 2D 
FFDM and DBT are performed with 
the same unit as a “combination mode” 
during the same breast compression. 
Recent studies in which single-vendor 
units were used have shown that this 
combination mode of DBT plus 2D 
FFDM is associated with increased 

substantial agreement with manual 
density segmentation of DBT.

In the past decade, several 
automatic volumetric methods have 

and demonstrates a comparison with 
volume-based measures from FFDM, 
DBT, and MR imaging. The method 
developed in our study also showed 

Figure 4

Figure 4: Box plots used to compare VBD estimates from FFDM, MR imaging, 
and DBT images. (a) VBD estimates from FFDM are significantly different than 
those from DBT and MR imaging. Estimates from MR imaging and DBT are not 
significantly different. (b) Total breast volume estimates are not significantly 
different. (c) Absolute fibroglandular tissue volume estimates from FFDM are 
significantly different than those from DBT and MR imaging. Estimates from 
MR imaging and DBT are not significantly different. FGT = fibroglandular tissue 
volume.

Table 2

Pearson Correlation Coefficients among VBD Estimates Obtained from FFDM, MR 
Imaging, and DBT Images

Parameter and Modality VBD for MR Imaging (%) VBD for DBT (%)

VBD (cm3)
 FFDM 0.84 (0.76, 0.90) 0.83 (0.74, 0.90)
 MR imaging … 0.88 (0.82, 0.93)
Fibroglandular tissue volume (cm3)
 FFDM 0.61 (0.43, 0.74) 0.71 (0.56, 0.81)
 MR imaging … 0.67 (0.52, 0.78)
Total breast volume (cm3)
 FFDM 0.96 (0.94, 0.97) 0.99 (0.98v0.99)
 MR imaging … 0.95 (0.92, 0.97)

Note.—Numbers in parentheses are 95% CIs.
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specificity and sensitivity in breast can-
cer screening when compared with 2D 
FFDM alone (24,25,34,35). Addition-
ally, DBT shares some of the advan-
tages of FFDM, such as reproducibility, 
consistent quality, and ease of image 
processing. As a result, it is likely that 
more practices will shift their screen-
ing mammography population from 
FFDM to DBT imaging, combined with 
synthetic 2D reconstructed images 
(32,36,37). Thus, the development of 
reliable quantitative methods for the 
automatic estimation of volume-based 
density from DBT images in the clinical 
setting would be important to provide 
a new means to further evaluate the 
importance of density and breast can-
cer risk on a population level, as well 
as allow accurate density estimation for 
breast cancer risk assessment models 
and personalized breast cancer screen-
ing protocols.

Tagliafico et al compared MR im-
aging, FFDM, and DBT for the quan-
titative estimation of 2D area-based 
density (37). In that work, density 
measures were highly correlated, but 
a significant difference was found be-
tween PD estimates from FFDM images 
and DBT projection images, as well as 
between PD estimates from FFDM and 
MR imaging sections. Similarly, our 
results on the comparison of volume-
based density estimates from FFDM, 

Figure 5

Figure 5: Scatterplots show strong associations between the VBD estimates obtained from FFDM, MR imaging, and DBT images. (a) FFDM versus MR imaging, 
(b) FFDM versus DBT, (c) and MR imaging versus DBT results are shown. Linear regression lines, along with the related r values, are also demonstrated.

DBT, and MR imaging showed that the 
three measures correlate substantially 
well. Previous data involving the use of 
volume-based density estimates from 
FFDM and MR imaging (38,39) have 
also shown high correlation between 
volumetric density estimates, which 
supports our results. In the present 
study, statistically significant differences 
were found among VBD estimates from 
these modalities. Specifically, volume-
based density estimates from FFDM 
were generally lower as compared 
with tridimensional imaging modalities 
(MR imaging and DBT), which is also 
in agreement with previous findings 
(19,21). Results on the comparison of 
VBD estimates from FFDM and DBT 
showed moderate to good agreement 
with PD estimates from FFDM. In the 
future, research should be focused on 
which modality yields density estimates 
that best correlate with risk.

Our study has certain limitations. 
First, the size of our data set is rela-
tively small (n = 68), with most cases 
in the medium range of densities (n = 
63 in BI-RADS categories II and III). A 
larger data set with more cases in the 
lower and higher density categories will 
be used in future research to approxi-
mate the true prevalence of density in 
the general population (24,34,40). A 
representative data set from a broader 
population would allow the translation 

of our findings into clinical settings. 
Additionally, to also have access to MR 
images for comparison, most women in 
our study population were undergoing 
high-risk screening or had mammo-
graphic findings suspicious for cancer, 
which may have introduced a selection 
bias. Prospective recruitment of asymp-
tomatic women for multimodality imag-
ing specifically for the purposes of this 
study would be ideal. Furthermore, an 
inherent limitation with comparative 
analyses of different imaging modalities 
is the lack of a standard of reference 
for the estimation of breast density, 
which makes it difficult to detect sys-
tematic errors when using automated 
tools. Finally, technical limitations of 
the algorithms, such as inaccuracies 
in the detection of the chest wall and 
the breast-air boundary, could affect 
the performance of 2D- and 3D-based 
imaging modalities differently, in terms 
of the estimation of the total breast vol-
ume. This, along with the potential bias 
introduced by blurring artifacts and the 
limited-angle acquisition in DBT, could 
explain the higher variance of DBT-
based VBD estimates.

In conclusion, there is currently no 
consensus on whether volume-based or 
area-based density estimation is best 
suited for breast cancer risk assess-
ment. Early case-control studies on the 
comparison of volume-based estimates 
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