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Abstract. Breast density is well established as an important risk factor
for the development of breast cancer. Therefore, its objective estimation
has been the focus of research in the past decades. In addition to global
volumetric measures, the local distribution and patterns of this density
are currently being investigated to determine whether they can provide
complementary information for risk assessment. This paper proposes a
framework to evaluate the correlation between local spatial distribution
of dense tissue in full-field digital mammograms (FFDM) using a den-
sity estimation software (VolparaTM ) and magnetic resonance imaging
(MRI). Initial results with 51 patients (204 images) showed a significant
correlation using several local measures, the largest being 0.81. This in-
dicates that local density patterns estimated in FFDM correlate well
with those in MRI. However, pixelwise measures failed to yield the same
degree of correlation. This may indicate that the areas where tissue den-
sities are located in both approaches are comparable, but small variations
in pixelwise tissue distribution between both approaches exist.

1 Introduction

Full-field digital mammography (FFDM) and magnetic resonance imaging (MRI)
are imaging modalities used for the early detection and diagnosis of breast dis-
eases in women. Mammography is an optical process in which the breast is
exposed to an X-ray beam to obtain an image of the internal tissue distribution.
The relative prevalence of fibroglandular and fat tissues in the breast is inferred
from the image pattern of brightness. Fibroglandular has larger X-ray attenua-
tion coefficient than fat tissue and, therefore, appears brighter on mammograms.
On the other hand, breast MRI uses a powerful magnetic field and pulses of radio
waves to compute detailed images of the internal structure based on the amount
of water each tissue contains. Since fibroglandular and fat tissues have different
water concentration they can be differentiated in the MRI volume.
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Although the physics underlying each modality is different, recent works have
demonstrated a high correlation when computing total and percentage dense
volume of the same patient using both modalities [2, 6,12, 13]. In these works, an
automated volumetric measurement of the density in FFDM is obtained using a
commercial tool (Cumulus V, Quantra” | Volpara?™), while the density in MRI
is segmented using some common segmentation algorithm (i.e. non-commercial
tools). Although a high volumetric correlation provides valuable insight into the
total amount of dense tissue present in the breast, this does not imply that tissue
distribution within the breast is the same. Consequently, new approaches aim
at providing local density maps where not only the total but also a measure
of pixel-wise amount of glandular tissue present in each pixel is provided. This
kind of localised density information is rapidly gaining importance due to its
diagnostic potential as, for example, a breast cancer risk biomarker [8].

In this paper, we want to go one step further and compare the spatial distribu-
tion of glandular tissue using information from both FFDM and MRI modalities.
For this purpose, we use the Volpara’™ density map to estimate for each pixel of
the mammogram the amount of dense tissue traversed by the X-rays converging
in that pixel. On the other hand, from the MRI of the patient, we construct a
patient-based density map using the projection of a biomechanical compressed
model of the breast [3,7,9]. Afterwards, evaluation of the similarity is performed
using global and local metrics. The rest of this document is organised as follows:
Section 2 presents the methods used to compute the breast density maps from
FFDM and MRI. Section 3 presents the experiments carried out and discusses
the results obtained. The paper finishes with the conclusions.

2 Methodology

2.1 Generating the density map from FFDM

To compute the spatial distribution of breast glandular tissue from mammo-
grams, we used the commercial software Volpara”™ . The basis of Volpara soft-
ware can be found in the work of Highnam et al. [4]. The starting point is to find
an area within the mammogram which is entirely adipose (fatty) tissue. This
area (Pprq) is used as a reference level to compute the thickness of glandular
tissue (hq) at each pixel (z,y) of the mammogram using the following equation:

ha(z,y) = L@ )/ Prar) (1)

Hfat — Hdense

where P(z,y) corresponds to the grey level at pixel (z,y), which is proportional
to the X-ray energy absorbed at the receptor. The values in the denominator
(frats Mdense) represent the effective X-ray linear attenuation coefficients for
fat and glandular (dense) tissue respectively at the particular energy spectrum
and recorded breast thickness. Integrating the hy(x,y) values over the entire
mammogram, Volpara’™ computes the volume of glandular tissue. However, in
our case, we will use the information provided by Volpara”™™ without this final
integration. We call it as the FEDM local density map (Drrpar(x,y)).
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Fig. 1. Scheme of the process to generate and compare density maps.

2.2 Generating the density map from MRI

In order to generate a density map from breast MRI comparable with the one pro-
vided by Volpara’™ | the acquisition conditions observed in mammography have
to be reproduced. Figure 1 illustrates the proposed framework to generate den-
sity maps from breast MRI (Dysrr(w,y)) and compare them with Volpara?™ .

Firstly, the 3D breast MR volume is segmented from the background us-
ing a methodology similar to the one presented by Gubern-Mérida et al. [2].
Subsequently, internal tissues are further segmented using an intensity-based
Expectation-Maximisation algorithm that allows obtaining a 3D density prob-
ability map of the whole MRI volume. In other words, each voxel contains its
probability of belonging to the glandular tissue class.

The biomechanical breast model is simulated using a similar procedure as
the one proposed by Mertzanidou et al. [7]. The breast mask is down-sampled
to isotropic voxels of 4 mm length, generating a volumetric tetrahedral mesh
with a high number of elements (approx. 100,000). During the compression pro-
cess, only a single material is considered for the breast model (glandular labels
will be added after the breast model is compressed). These approximations will
avoid convergence problems of the finite element solver [7,9]. With this simplifi-
cation, the stress-strain relationship is approximated by a nearly incompressible,
isotropic, and hyperelastic neo-Hookean model [5], which uses a Young’s modulus
equal to 4 KPa. The compression paddle was simulated using a frictionless con-
tact model, and the nodes belonging to the breast-body interface are allowed to
slide along its surface [3]. The necessary information to reproduce the mammo-
graphic compression (breast thickness, view angle, source-to-detector distance,
etc...) is extracted from the DICOM header of the corresponding mammogram.
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Fig. 2. Four different examples of density maps obtained from FFDM (upper row) and
MRI (bottom row). The breasts are ordered with increasing density from left to right.
The thickness scale is shown in centimeters.

o

In FFDM, once the breast is compressed, the mammogram is generated from
the projection of a cone beam of X-ray photons traversing the breast. Here, a ray-
casting algorithm [11] is used, in conjunction with the compressed breast model,
to simulate the mammographic geometry and compute the amount of glandular
tissue traversed by each X-ray photon at different locations of the receptor. The
resolution of this density map (Dasrs(z,y)) depends on the sampling distance
used in the ray-casting. The more points used, the higher the resolution will
be. However, the computational time will also be more expensive. In our exper-
iments, 2D Dysgy(z,y) of resolution 0.2 mm were generated. Examples of the
density maps obtained with this approach along with the ones obtained from
the mammograms are shown in Figure 2.

2.3 Image registration

In order to provide a fair comparison of the two density maps generated
(Drrpym(x,y) and Dysrr(z,y)) we need to align both images as much as possi-
ble. To achieve this, we use two registration steps. Firstly, a 3D /2D registration
step is performed, where the 3D compressed biomechanical breast model is slid
in the direction parallel to the plane containing the mammography. The optimi-
sation process consists in finding the minimum least squares distance between
the boundary of the 2D projection of the breast model and the boundary of
the original mammogram. Once the optimal position of the compressed breast
model is found, Dpppas(z,y) is calculated as previously explained.

Secondly, a 2D/2D registration between Dpppy(z,y) and Dyrgr(x,y) is
used to account for small, localised deformations produced by simplification
assumptions and possible interpolation errors. For this step we tested commonly
used registration algorithms such as rigid, affine, B-Splines, and Demons [1].
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3 Results

The dataset used contained 51 T1 MR images and 204 CC and MLO mam-
mograms that were randomly sampled from a larger high-risk women screen-
ing dataset acquired retrospectively at the Radboud University Medical Centre.
The 51 patients were aged 24 to 77 (mean: 45.96 £ 12.56). Two different MRI
scanners were used: 1.5 and 3 Tesla Siemens scanner (Magnetom Vision, Magne-
tom Avanto and Magnetom Trio) with dedicated breast coil (CP Breast Array,
Siemens, Erlangen). The time between the acquisition of the MRI and the mam-
mographic images was at most 2 months (being performed within two weeks of
each other for most cases).

Evaluating the degree of similarity between density maps obtained from
FFDM and MRI is a challenging problem. It joins the difficulty of evaluating
the quality of registration [1, 10] with the measurement and interpretation of the
density values. We tackled this problem using measures of two different types:

— Global measures. The goal of these measures is to provide a single value
per density map pair indicating their degree of similarity. Specifically, we
used mutual information (MI), the Dice coefficient of dense tissue overlap,
and texture measures. MI provides an indicator on the degree of success of
the registration algorithms used. The evaluation of the dense tissue overlap
aims at singling out the contributions of each tissue type to the quality of
registration. Finally, texture comparison targets local properties of the pixels
in both density maps (although still one single value is produced per image).

— Local measures. Ideally, a pixel-to-pixel comparison of both density maps
should be used to assess how similar they are. However, this results in an
underestimation of the similarity of both maps due to small misalignments
of the breast model. Therefore, we consider computing the similarity by
extracting first order statistics in small windows instead of pixels.

Before focusing in local density, we compared the global volumetric breast
density estimation computed by Volpara” and our probabilistic MRI segmen-
tation. The Pearson’s correlation of the global dense tissue volume computed by
both methods was 0.85, the same achieved in Gubern-Mérida et al. [2]. Similarly
to that work, discrepancies are found in some examples due to the presence of
skin voxels not correctly segmented before the tissue segmentation or problems
with the bias field correction approach.

3.1 Global measures

Figure 3 shows the MI values obtained when registering 2D /2D density maps.
A large value indicates higher agreement between them. The first boxplot corre-
sponds to the MI evaluated before this step. The figure shows that rigid, affine,
and B-spline registration methods manage to improve the values, although only
B-splines achieves a statistically significant improvement (difference of means
test, a = 0.05).
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Fig. 3. Mutual information comparison containing the 204 comparisons between the
density maps obtained using FFDM and MRI of the same patient. The more similar
the images, the larger the mutual information (y-axis).

Table 1. Dice coefficients computed between density maps of the same patient.

L JL Before L Rigid L Affine L B-Spline L Demons ‘
[Dice’s coef.][0.67 + 0.17[0.74 & 0.17]0.73 & 0.13]0.75 + 0.20[0.67 £ 0.16]

Table 1 shows the Dice coefficient overlap obtained when thresholding the
density map at a given density percentage detailed for the used 2D/2D regis-
tration algorithm. The high overlap obtained implies that dense areas in both
maps are located in a similar region. Regarding the registration algorithms, the
same behaviour seen in the MI plot is obtained, where Demons fails to improve
the similarity between both density maps.

We finally computed and compared texture measures in both density maps.
Texture takes spatial neighbourhoods into account, although we consider it a
global measure since a single value is computed per image. Hence, the comparison
of the obtained texture values in both density maps allows evaluating their local
similarity. Table 2 shows the correlation obtained using four different statistics
based on Haralick’s co-occurrence matrices computed at a distance of 16 pixels
for both density maps. Notice that the energy and homogeneity features in both
maps are highly correlated, while contrast and correlation are low. Regarding
algorithms, rigid, affine, and B-spline achieve a higher correlation while demons
shows a low performance in the correlation feature. These results show that
dense areas are spatially correlated (as shown by the energy feature) but they
present differences in the amount of density of the neighbourhood (as indicated
by the contrast feature). These differences could be explained by misalignments
due to misregistration. The images shown in Figure 2 reflect this situation.

3.2 Local measures

The last evaluation measure used relates local measurements in the density maps
obtained by Volpara”™ and MRI. Experiments show that pixel-wise comparison
fails because small misalignments of the breast model across the whole process
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Table 2. Pearson’s correlation coefficients of texture measures computed between den-
sity maps of the same patient.

L H Before LRigid LAfﬁne LB—SplineLDemons‘
Energy 0.70 0.73 | 0.73 0.72 0.69
Contrast 0.30 0.29 | 0.18 0.28 0.27
Homogeneity|| 0.64 | 0.71 | 0.73 0.73 0.63
Correlation || 0.32 0.29 | 0.43 0.20 0.32

Table 3. Pearson’s correlation coefficients of intensity mean and standard deviation
computed in blocks of 16 x 16 pixels between density maps.

L H Before L Rigid l Affine LB—Spline LDemonsl
Mean| 0.54 | 0.64 | 0.70 0.81 0.57
Std 0.05 0.10 0.11 0.14 0.09

can result in small, localised discrepancies. These differences do not faithfully
reflect the similarity of the density maps. To overcome this issue, we divided the
breast density maps into small regions of 16 x 16 pixels (&= 5 x 5 mm) and com-
puted pixel intensity mean and standard deviation of those blocks. Afterwards,
we calculated the correlation of those statistics before and after registration.

Table 3 summarises the local measures obtained before and after the regis-
tration step. Discrepancies in the comparison stem from two main sources. On
the one hand, observed differences might result from suboptimal registration.
Table 3 shows how B-spline is the best registration method, achieving a corre-
lation value of 0.81 between the dense tissue thickness computed from FFDM
and MRI when evaluating the mean glandular thickness of each 16 x 16 pixels
block. Conversely, other methods fail to show the same correlation for the exact
set of images. On the other hand, discrepancies could also be due to actual small
differences in tissue distribution. As also stated in the analysis of the texture fea-
tures, it seems that the areas where tissue densities are located are comparable,
but micro-density is computed differently in both approaches.

4 Conclusions

In this paper, we have compared the regional breast density estimation obtained
using FFDM and MRI. Specifically, we have used the Volpara’™ software for
obtaining the FFDM density map and a patient-specific biomechanical model
for obtaining the MRI density map. Our results, evaluated in a large dataset
containing 204 FFDM and 51 MRI, showed that both density maps present high
similarity in terms of global image metrics as well as a large degree of overlap
of the areas containing dense tissue. We have also seen that pixel-wise measures
provide suboptimal results for areas where the tissue is denser. This happens
because of small variations within the dense tissue due to registration imper-
fections. In order to prove this, we explored what happened in local areas in
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terms of small windows. A high degree of correlation between FFDM and MRI
measurements was subsequently observed. Further work will focus on improv-
ing the MRI 3D/2D registration process by allowing for the variation of more
parameters. This might result in a slower but more accurate approach.
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