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Abstract

Purpose: To assess the quantitative potential of breast tomosynthesis by
estimating the percent density of voxelized anthropomorphic breast phantoms. Method
and Materials: A Siemens breast tomosynthesis system and voxelized anthropomorphic
breast phantoms were modeled using Monte Carlo simulation. The phantoms
represented 35%- and 60%-dense breasts of 5cm thickness. The images generated by the
simulation were reconstructed using Siemens filtered back-projection software. The non-
uniform background due to scatter, heel effect, and limited angular sampling was
corrected with a voxel-by-voxel scaling factor based on a simulated, uniform 100% fatty
breast phantom. To estimate the density of each slice, the total number of fatty and
glandular voxels was calculated using two thresholding algorithms, with and without
the use of prior knowledge about the anatomy. Finally, the estimated density of the
reconstructed slice was compared to the known percent density of the corresponding
slice from the voxelized phantom. Results: When thresholding with prior information,
overall density estimation errors for the central eleven slices were -5.0% and 2.6% for the
35% and 60% dense phantoms, respectively. With the full automated, errors for central
eleven were -8.0% and 6.3%, respectively. Voxel to voxel matching of the phantom vs.
reconstructed slice demonstrated 75.7% and 75.2% respectively of voxels were correctly

classified. Conclusion: The errors in percent density estimation were <8% for both the

iv



phantoms thus implying that quantification of breast density using tomosynthesis is
possible. However, limitations of the acquisition and reconstruction process continue to
pose challenges in density estimation leading to potential voxel to voxel errors that

warrant further investigation.
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1. Introduction and Background

1.1 Breast density and cancer risks

Breast cancer is most common non-skin cancer and a second leading cause of
death in women in the United States!. According to the lifetime risk estimates, 12% of
women in the general population will develop breast cancer sometime during their life.
About 60% of these women have a high risk of developing cancer due to the inheritance
of BRCA1 and BRCA2 gene mutation®® which makes it extremely important for early

detection, diagnosis and treatment of breast cancer.

1.2 Mammography Advantages and disadvantages

In current clinical settings, mammography is the standard imaging technique
used to conduct breast cancer screening and diagnosis. Mammography has several
advantages such as high sensitivity, high resolution, and low patient dose*. However,
due to the projective nature of the mammogram there is an overlap of fibroglandular
tissue which leads to variable PD estimates, poor lesion detection and characterization,

and false positives!#®,

1.3 Advantages of Breast Tomosynthesis

In order to overcome the limitations of mammography, 3-D breast imaging
techniques such a dedicated breast computed tomography (CT) and a pseudo 3-D
imaging technique such as breast tomosynthesis have been developed. Breast CT

involves taking cone beam x-ray projections of an uncompressed breast over the fully
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angular range”!!. Breast tomosynthesis on the other hand is a form of limited angle cone-
beam CT which uses the conventional mammography projection geometry to acquire
limited projections in an arc*> 3. The pseudo 3D nature of tomosynthesis imaging
increases the sensitivity and specificity of the image while keeping the dose comparable
to a mammogram, but there are several factors that limit its quantitative ability'.
According to the central slice theorem the narrow tube arc causes the images to have
limited depth resolution*. FBP which is used to reconstruct the images has a ramp filter
which removes the low spatial frequency information*. These two factors lead to inter
plane blur contributions and ringing artifacts that limit the quantitative accuracy of

tomosynthesis.

1.4 Goals of the Current Study

Previous studies from our lab have investigated tomosynthesis quantification in
tissue equivalent uniform breast phantoms. Local background correction was used to
quantify the density of lesions, but these measurements were limited to a small area of
interest surrounded by a uniform background. Furthermore, quantitative errors were
evident in the z-direction.

Women with dense breast have a higher risk of cancer and measurement of
breast density is quite plausible as voxel-level quantitative accuracy is not needed for
this task'? 15, Specifically, in a recent study with over 1000 matched case-control

patient pairs, 26% of all breast cancers and 50% of cancers detected less than 12 months



after a negative screening examination had dense tissue present in 50% or more of the
mammogram?. This close relationship between breast density and cancer risks has
motivated us to investigate whether tomosynthesis can be used to quantify breast
density. For quantitative purpose breast density in our study is described in terms of
percent density (PD) of fibro-glandular tissue in the breast's. Due to the angular
sampling and reconstruction inherent to tomosynthesis, measurement of PD using
breast tomosynthesis is a non-trivial task which requires innovative signal processing
techniques such as non-uniformity correction and iterative thresholding. Second, we use
a voxelized anthropomorphic breast phantom which includes realistic 3D anatomy
while still providing known voxel-level ground truth for density. This phantom can be
virtually imaged using Monte Carlo simulation techniques that can be carefully
controlled and allow us to better evaluate the accuracy and limitations of percent

density (PD) estimate obtained from the breast tomosynthesis image.

2. Methods and Materials

For this study Monte Carlo simulations were conducted for a voxelized
anthropomorphic breast phantom using breast tomosynthesis geometry?. Two

phantoms with PD of 35% and 60% were used in this study.

2.1 Breast Tomosynthesis Geometry

Even though this study did not involve an actual breast tomosynthesis system,

the geometry of the system was based on a Siemens prototype MAMMO-MAT Novation
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TOMO breast tomoysnthesis system (Siemens Healthcare, Erlangen, Germany) with a
W/Rh anode and had a total angular span of 45°. This investigational device is currently
not approved for clinical purposes by the Food and Drug Administration. Twenty five
projections with approximately 2° angular were taken for each scan. The pixel pitch was
0.085mm for the 24x30cm? amorphous selenium detector. The source to detector
distance was 65cm and the tube axis of rotation was 6cm from the detector. The anode

focal spot was 0.3mm.

2.2 Monte Carlo Simulations

The simulations were performed using PENELOPE Monte Carlo software?. In
order to mimic the Siemens prototype the geometry for the simulations was similar to
that used by Saunders et al?’. A DOS-based spectrum program was used to simulate a
28kVp beam with a tungsten/rhodium anode filter®. Electronic noise was added to the
simulations, and the voxelized phantom mimicked a 5cm compressed breast. The
voxelized anthropomorphic breast phantom used for the simulations was identical to
that used by Suanders et al. in another previous study?®. The elemental composition of
the adipose, fibro-glandular, and microcalcifications in the phantom was determined
from the NIST published values (ICRU-44). The composition of the masses, ducts, and
skin was provided in the PENELOPE software®. The masses were assigned a density of
70% PD and the ducts were assigned a density of 30% PD. For each simulation run, 25

projections were simulated using a Linux-Intel shared cluster at Duke which used 25



parallel computer nodes. Each run took approximately 8-9 hrs per node and involved a
total computational cost of 400 CPU hrs. For each projection 1.67x10' photons were used

which was equivalent to atotal dose over the 25 projections of 0.39 mGy.

2.2 Image reconstruction

The image reconstruction was performed using a FBP algorithm (TomoEngine
software version 7.02, Siemens Healthcare, Erlangen, Germany)®. The reconstructed
volume had a slice thickness of Imm and voxels with dimensions of 0.085x0.085x1mm?.
The voxel values were kept in the form of floating point numbers in order to avoid any

loss of precision.

2.3 Background Correction and Segmentation

2.3.1 Background Correction for a Uniform Phantom

In our initial studies with a uniform phantom, false background trends due to
heel effect, scatter, and tomosynthesis reconstruction were removed using a simple in-
plane background correction technique. For each lesion ROI an identical ROI was placed
in the uniform surrounding and the mean intensity of the background was subtracted
form the mean intensity of the lesions. The relationship between the voxel values and

density was also studied along with inter-slice dependence of the lesion intensity.



2.3.2 Background correction for anthropomorphic breast phantom
The anthropomorphic breast phantom had a non-uniform background and thus
the previously described method could not be used and a novel method had to be
developed to correction for background non-uniformities. To achieve this we simulated
a uniform breast phantom with zero PD, i.e., 100% fatty. Since the phantom has uniform
density throughout, the pixel intensities should ideally be the same. The ideal intensity
value for fatty tissue was chosen by drawing a line profile in the central slice of the
breast and determining the region with the minimum intensity value. A 10x10 ROI was
placed in that region and the mean intensity of the ROI was considered to be the ideal
value in that slice. In order to obtain an ideal fat intensity values for each slice, ROI's
were placed in each slice at the same region as the central slice and their mean intensity
value was determined. For each slice, a non-uniformity map was generated by
determining the scaling correction factor that is the ratio between the ideal intensity
value and the actual value of each voxel within this 100% fatty phantom. For the new
phantoms, each voxel was then multiplied by the corresponding scaling factor to correct
for non-uniformities in each slice of the anthropomorphic breast phantom with 35% and
60% PD. The above described technique can be summarized according to the following

two formulas:



Pixel Intensity in 100%; Fatty Breast

Scaling Factor =
g Ideal Intensityv of Fat

(eq.1)

Pixel Intensity of Anthropomorphic Phantam
Scaling Factor

Normalized Image =

(eq.2)
2.3.3 Segmentation
Along with non-uniformity correction the breast region had to be segmented to
perform density estimation. The breast region was automatically segmented. Regions of
the breast near the tissue skin interface showed ringing artifacts and thus this region was

also excluded from the density estimation analysis.

2.4Density estimation

Two method were used to estimate the density of reconstructed slices obtained
from Monte Carlo Simulation
2.4.1 Density Estimation using Prior Information about Anatomy

This first technique was implemented to assess quantitative accuracy
independent of any particular technique for thresholding. Using the prior information
from the input phantom, the location and mean pixel intensity values for fat and
glandular tissue was determined. Assuming a linear relationship between PD and pixel
values, the two mean pixel values were used to calculate the slope and the intercept to
assign each pixel in the image a PD between 0% and 100% °. Since each pixel in the

breast is assigned a density between 0% and 100%, the overall PD per slice is the average



of the PD values assigned to each pixel. The overall PD per slice was obtained by using
equation (3) shown below.

(EN M)
pp = M@)o

N (eq.3)

In the above equation, M is a vector with all PD estimates and N is the total
number of voxels. The same method was used to determine the density of the input
voxelized phantom. Absolute error show in equation (4) was calculated to determine the
error in our estimation.

Absolute Error = PD (input phantom)-PD(reconstructed slice estimate) (eq. 4)
2.4.2 Density Estimation using lterative thresholding

We used an iterative thresholding algorithm that assigned each voxel a PD of 0%
or 100% based on the threshold. In order to determine the optimal threshold an initial
threshold T was arbitrarily assigned. Each voxel in the breast region was segmented into
two sets (G1 & G2). All voxels above the threshold (T) were assigned to set G1 and had
PD of 100%. All voxels below the threshold were assigned to set G2 and had a PD of 0%.
The mean value m1 and m2 were calculated for the sets G1 and G2, respectively. A new
threshold (T”) was then determined by taking the average of m1 and m2. The new
threshold value was compared to the previous threshold. The above mentioned steps
were repeated till T and T” were the same34%. Thresholds for each slice were determined

separately. Overall PD per slice and absolute error per slice was determined using
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equation (3) and equation (4) respectively. Since this method assigns all the pixels a PD
of 0% or 100%, the overall PD estimated for each slice using equation (1) gives us the

fraction of pixels that have 100% PD instead of an average PD.

3. Results

Since the spatial information is z-dependent in tomosynthesis the techniques
described in the methods and materials sections were used to estimate the density of

central 1cm (11 slices) of breast.

3.1 Background correction technique for uniform phantom

(a) (b)
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Figure 1: (a) central slice grayscale image of the uniform phantom with Fatty
(0% PD) background and 4.5c¢m thickness (b) relationship between voxel values and
density after background correction is applied. 1.67x10" photons were used per
projection at 28kVp to generate the reconstructed slice.
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Figure 2: Slice dependence profile for the 70% lesion and 30% lesion in a

uniform phantom with fatty background (0% PD) and 4.5cm thickness.

The results of the background correction technique shown in Figure 1 suggest
that there is a linear relationship between voxel values and breast density. The corrected
voxel values mentioned in Figure 1 and Figure 2 are the pixel intensity values which are
likely related to the attenuation coefficient of the material like in CT. Since this study is
trying to determine if there exists any relationship between tissue attenuation and voxel
values in tomosynthesis, the voxel values currently have no units, and this study seeks

to analyze the relationship (if any) between the intensity value of a particular voxel and

its known density. Also the data suggests that breast tomosyntheisis has quantitative

potential. The z-dependence profile shown in Figure 2 suggests that there are substantial
inter-plane contributions which need to be taken into consideration for tomosynthesis

quantitation. In particular, although the lesions were only 5mm thick (occupying slices
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21 to 25), their z-direction profile extends throughout most of the depth of the phantom

and shows noticeable over- and undershoots.

3.2 Non-uniform background correction and segmentation

The effectiveness of our non-uniformity correction technique can be seen in
Figure 3 which shows the reconstructed central slice before and after the correction
technique is applied. This non-uniform background correction technique does help in
reducing heel effect, and scatter as seen from the line profiles in Figure 4. However,
since our non-uniformity correction map is based on a breast phantom with 0% PD, the

pixel values for the glandular tissue (100% PD) are artificially reduced.

(a) Input (b Without (¢} MNormalizad (d) Correction
Normalization Map

Figure 3: (a) central slice grayscale image of the input phantom with 30% PD,
(b) reconstructed central slice of breast phantom (c) reconstructed central slice after
non-uniform background correction. (d) correction map generated to obtain the
normalized image in (c)

In the above image the light areas represent glandular tissue and dark areas

represent fat. The region of fat around the breast skin interface appears as a white band
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in (b) but appears more normalized in (c). Same W/L was used to compare the two

images.
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Figure 4: (a) line profile through the reconstructed central slice for a breast
with 30% PD (b) line profile through the reconstructed slice after non-uniformity
correction is applied.

The region of breast used to generate the line profile (Figure 4) is show in Figure
3(b) and 3(c). Pixel values for glandular tissue is slightly reduced due to the use of 0%

PD breast to generate the non-uniformity correction map

3.3 Density Estimation using Anatomical Prior Information

After applying our non-uniformity correction technique we initially tried to
estimate the overall slice densities by using a semi-automated method. This method uses
the information from the input phantom to determine the slope and the intercept
required to estimate density values in each voxel. Figure 5 shows 3 slices representing

the top (slice #21), middle (slice #26) and bottom (slice #31) of the 1cm thick central slab
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of a 35% PD breast phantom (51 slices in total), whereas Figure 6 shows the same 3 slice

depths but from the 60% PD breast phantom.

(2) PD=34.6% (B) PD=41.07%% () Error=-6.4%%

Figure 5: (a) top slice grayscale image of density in input phantom with 30%
PD, light areas represent glandular tissue and dark areas represent fat, (b)top slice
grayscale image of density estimate obtained using the reconstructed slice (c) top slice
pixel to pixel error of density estimation. Sub-figures in the middle row (d), (e), and

13



(f) represent the same for the central slice of the phantom, whereas sub-figures in the
bottom row (g), (h), and (i) represent the bottom slice of the phantom.

(2) PD=3%.60% (b) PD=38.3%% () Error=-1.3%

(d) PD=61.4%

Figure 6: (a) top slice grayscale image of density in input phantom with 60%
PD, light areas represent glandular tissue and dark areas represent fat, (b)top slice
grayscale image of density estimate obtained using the reconstructed slice (c) top slice
pixel to pixel error of density estimation. Sub-figures in the middle row (d), (e), and
(f) represent the same for the central slice of the phantom, whereas sub-figures in the
bottom row (g), (h), and (i) represent the bottom slice of the phantom
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For the colorbar in the above Figure 5 and Figure 6, red or 100 represents
understimation by 100% (misclassifying glandular as fatty), green or 0 represents 0%
error (correct classification of glandular or fatty), and blue or -100 is overestimation by
100% (misclassifying fatty as glandular). It should be noted that each reconstructed slice
is comprised of a continuous range of voxel values similar to a mammogram, whereas
the ground truth is a binary class of glandular or fat. Therefore in the absence of any
thresholding, most voxel values will have considerable error. Although there are many
areas of over- or underestimated density, the errors tend to cancel out such that the
average density was consistently accurate with <6% error.

Tablel and Table 2 show the density estimate obtained using eq. 1 and the
absolute error obtained using eq. 2 for the central 11 slices of the 35% and 60% PD
breast. The average density was overestimated by 5.0% for the 35% PD phantom, but

underestimated by 2.6% for the 60% PD phantom.

Slice Input Phantom | Density Absolute

number | Density (%) Estimate (%) Error (%)
1 34.6 41.0 -6.4
2 35.9 41.0 -5.0
3 35.7 40.9 -5.3
4 36.9 40.9 -4.0
5 37.9 40.9 -3.0
6 37.4 40.8 -34
7 36.3 40.8 -4.5
8 35.5 40.8 -5.3
9 35.6 40.7 -5.1
10 34.6 40.7 -6.1
11 34.1 40.7 -6.6

Average 35.9 40.8 -5.0
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Table 1: Comparison of the input density value to the density value obtained
from the non-thresholded tomosynthesis image for 35% PD breast phantom. Note that
the quantitative accuracy is very consistent throughout these 11 slices, averaging just -
5.0% quantitative error.

Slice Input Phantom Density Absolute Error

number Density (%) Estimate (%) (%)
1 59.7 58.4 1.3
60.4 58.4 2.1

3 59.5 58.3 1.2

4 60.5 58.3 2.2

5 61.1 58.2 2.9

6 61.4 58.2 3.2

7 61.8 58.1 3.7

8 61.7 58.0 3.7

9 61.9 58.0 3.9

10 61.8 57.9 3.9

11 61.4 57.8 3.6
Average 61.0 58.1 2.6

Table 2: Comparison of the input density value to the density value obtained
from the non-thresholded tomosynthesis image for 60% PD breast phantom. Note that
the quantitative accuracy is very consistent throughout these 11 slices, averaging just
2.6% quantitative error.

3.3 Density Estimation with Iterative Thresholding

Even though the method discussed in the previous section gave small average errors,
the error for each voxel was potentially quite large due in part to the lack of
thresholding. Since most of the breast consists of just adipose and fibro-glandular tissue,

we decided to implement an iterative thresholding algorithm that would allow us to
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estimate the densities in a fully automated fashion. Figure 7 and Figure 8 show the

results for the 35% and 60% PD breast phantom respectively.

(2) PD=34 6%

(f) Etror=-6.6%

T
L
| f@ i

E3

Figure 7: (a) density of the top slice in the input phantom, (b) density estimate
obtained using the reconstructed top slice after thresholding (c) pixel to pixel error of
density estimation. Sub-figures in the middle row (d), (e), and (f) represent the same
for the central slice of the phantom, whereas sub-figures in the bottom row (g), (h),
and (i) represent the bottom slice of the phantom
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In Figs 7 and 8, the left and middle columns represent binary maps of the
glandular distribution of the actual phantom vs estimate with thresholding, respectively.
(red or 100 is 100%PD glandular, while green or 0 is 0%PD fat. The right columns
represent the estimation error, so red or 100=understimation by 100% (misclassifying
glandular as fatty), 0=0% error, and -100=overestimation by 100% (misclassifying fatty as
glandular). Note that there is now excellent agreement between the phantom and
thresholded reconstructed slice, with most voxels correctly classified (shown as green in

the right column) and <10% error.

Slice Input Phantom Density Absolute Error | Correct Voxel
number Density (%) Estimate (%) (%) (%)
1 34.6 43.0 -8.4 76.7
2 35.9 43.3 -7.4 77.1
3 35.7 43.5 -7.8 77.6
4 36.9 43.7 -6.8 76.2
5 37.9 43.8 -5.9 77.0
6 37.4 44.0 -6.6 75.8
7 36.3 44.2 -8.0 754
8 35.5 44.6 -9.1 75.0
9 35.6 44.4 -8.8 74.1
10 34.6 44.2 -9.6 74.3
11 34.1 43.8 -9.7 73.4
Average 35.9 43.9 -8.0 75.7
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Table 3: Comparison of the input density value to the density value obtained
from the thresholded tomosynthesis image for 35% PD breast phantom. Correct voxel
represents the number of pixels that were identified correctly as glandular or fat
tissue. Note that the quantitative accuracy is very consistent throughout these 11
slices, averaging about -8.0% quantitative error and 75.7% of voxels classified
correctly.

There is an overestimation of the density for the 35% PD breast as show in Table
3. The absolute error shown in Figure 7, right column, suggests that there are more
pixels whose density was overestimated thus leading to a higher density estimate

compared to the input phantom.
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Figure 8: (a) density of the top slice in the input phantom, (b) density estimate
obtained using the reconstructed top slice (c) pixel to pixel error of density estimation.
Sub-figures in the middle row (d), (e), and (f) represent the same for the central slice
of the phantom, whereas sub-figures in the bottom row (g), (h), and (i) represent the
bottom slice of the phantom

For the colorbar in the left and middle columns, 100=100%PD, 0=0%PD,and for

the right column, 100=underestimation by 100%, 0=0% error, and -100=overestimation by
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100%. Note that there is now excellent agreement between the phantom and thresholded
reconstructed slice, with most voxels correctly classified (shown as green in Fig 8, right

column, and <8% error.

Slice Input Phantom Density Absolute Error Correct voxe
number Density (%) Estimate (%) (%) (%)
1 59.7 53.7 6.0 734
2 60.4 53.8 6.6 74.0
3 59.5 54.1 5.4 75.6
4 60.5 54.8 5.7 75.6
5 61.1 55.4 5.7 76.6
6 61.4 55.6 5.8 76.1
7 61.8 55.6 6.2 76.1
8 61.7 55.9 5.8 76.3
9 61.9 55.0 6.8 74.8
10 61.8 54.5 7.3 75.6
11 61.4 53.9 7.5 73.7
Average 61.0 54.6 6.3 75.3

Table 4: Comparison of the input density value to the density value obtained
from the thresholded tomosynthesis image for 60% PD breast phantom. Correct pixel
represents the number of pixels that were identified correctly as glandular or fat
tissue. Note that the quantitative accuracy is very consistent throughout these 11
slices, averaging about 6.3% quantitative error and 75.25% of voxels classified
correctly.

Table 4 suggests that the 60% PD breast has absolute error values that are slightly
better than the 35% PD phantom. For the 60% PD phantom, density was underestimated

by an average of 6.3%, compared to overestimation of 8.0% for the 35% PD phantom.
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4. Discussion

There have been numerous studies in the past that have used thresholding
techniques to determine the breast density using a mammograph'¢-%3 %, Others have
explored using breast tomosynthesis to assess breast cancer risk based on density and
tissue features® %.Previous studies done by our group have investigated tomosynthesis
quantification in tissue equivalent uniform breast phantoms!4. Local background
correction was used to quantify the density of lesions, but these measurements were
limited to a small area of interest surrounded by a uniform background. An example of
data obtained form background correction in a uniform phantom is shown in Figure 1.
Furthermore, quantitative errors were evident in the z-direction* as seen in Figure 2.
This study specifically used an anthropomorphic voxelized phantom to simulate breast
tomosynthesis images that can be carefully controlled and allow us to better evaluate the

accuracy and limitations of PD estimate obtained from the tomosynthesis image32.

4.1 Need for non-uniform background correction

Our previous background correction technique could not be applied to an
anthropomorphic phantom with highly variable anatomical structures and thus we
devised a novel technique to apply uniformity correction. In order to ensure that our
method would work for breasts with variable anatomy and density we used a 35% and
60% PD phantom. First, we had to generate a non-uniformity correction map using a 0%

PD phantom to account for scatter, heel effect, and inter-plane contributions. This
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correction was crucial as the density of each voxel was estimated based on the intensity
value of the voxel. Applying this non-uniformity did help in reducing the non-
uniformities (Fig. 4), including the prominent cupping artifacts likely due to scatter and
heel effect. Although the baseline was established using only a single, uniform, 0% PD
phantom, this non-uniformity correction worked well with both the 35% and 60% PD
phantoms. This suggests that the non-uniform background tends to be similar regardless

of the anatomy or density of the breast.

4.2 Density Estimation using Anatomical Prior Information

Our initial method to determine the density of the reconstructed slices was to
located all the fat and glandular pixels in the input phantom and match it to the location
of the reconstructed slice. Knowing the density of each voxel allowed us to determine
the mean intensity values for fat and glandular tissue which could be further used to
determine the slope and intercept, and assign each voxel a density value based on its
intensity. This method did provide overall slice density estimates that consistently had
small absolute error in 35% and 60% PD phantom as seen in Table 1 and Table 2.
However, since the input phantom mainly consisted of adipose and fibro-glandular
tissues along with some ducts and blood vessels, estimating the voxel by voxel density
lead to large pixel to pixel difference as seen in Figure 5 and Figure 6. These large errors
suggest that our non-uniformity correction map does not completely negate the change

in intensity values due to scatter, heel effect, and inter-slice dependence. Due to these
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factors, tomosynthesis reconstructed slice images are comprised of a continuous range of
voxel values similar to a mammogram, instead of showing binarized voxels which
would be the ideal tomographic ground truth. In the absence of any thresholding, even
well-differentiated voxel values would tend to result in large numerical errors. For
example, an actually glandular (100% PD) voxel with a high voxel value corresponding
to 75% PD would appear bright and thus correct when displayed, but numerically
would still result in -25% error. Also, since the reconstructed images and the input
phantom have different resolution and their voxels may not line up perfectly, A slight
misalignment may introduce large pixel to pixel errors. Despite these limitations the
overall slice densities have a relatively small absolute error because the positive and

negative errors cancel each other out.

4.3 Density estimation with thresholding

Iterative thresholding technique was used in order to reduce the voxel to voxel
errors associated with the above mentioned density estimation technique. Since the
breast mostly consists of fibroglandular and adipose tissue, finding an optimal threshold
that would classify a voxel either as 0% density or 100% helped in identifying larger
number of correct voxels while keeping the absolute error in each slice to <8%. The
absolute error for the 60% PD breast for the 11 slice thick slab increased from 2.55% to
6.26%. For the 35% PD breast the overall absolute error for 11 slice thick slab increase

from 4.9% to 7.99%. The resulting errors are still quite modest, however, especially
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considering that this is a fully automated quantitative technique requiring no prior
information or user intervention. Also, the reconstructed slice in (Fig. 7) and (Fig. 8)
show that noise, limited spatial resolution, and partial volume effect limit the ability of
the thresholding algorithm to correctly identify the pixels near the boundaries of fat and

glandular tissue.

4.4 Future steps

The proposed technique despite its encouraging results had several limitations.
In order to correct for non-uniformities we used a non-uniformity correction map that
was obtained by simulating a uniform 0% PD phantom. In the clinic this non-uniformity
correction method will not be feasible as we would need to have a 0% PD phantom
unique to the shape and thickness of each breast view for each woman. A possible
solution could be to generate a pseudo non-uniformity correction map by applying a
large-kernel, low-pass filter to the original image. Another possibility is to generate a
several template phantoms to represent the general shape of each breast view (LMLO,
RMLO, LCC, RCC) in various typical sizes.

Another point to consider is that we used a global iterative thresholding
technique to determine our densities. Using an adaptive local iterative thresholding
technique might not only help in better quantification of the breast image but it could

also help in removing the non-uniformities without the use of non-uniformity correction
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map. Developing a local iterative thresholding algorithm specifically related to the
breast anatomy is not a trivial task and is beyond the scope of this study.

Even though we tested our algorithm on breast phantoms with two different
densities and anatomy, it still remains to be determined if our method works with
different breast thicknesses. We currently used a 5cm thick breast which is the average
breast thickness. Our study tested the robustness of the technique against out of plane
contributions by estimating the density for several slice, but it would be interesting to
see how varying the breast thickness might affect the out of plane contributions and
overall performance of our technique. Also, testing other thresholding techniques might
help in increasing the percentage of correct pixels identified to approach the
performance of the technique using anatomical prior information, which is akin to
having ideal thresholding.

The current studies were performed with simulated doses of less than 0.4 mGy
which is a small fraction of current digital mammography or tomosynthesis standards. If
these results can be verified in clinical trials, this would suggest that a very low-dose
tomosynthesis scan may be able to provide density and other quantitative information.
This would be very attractive for example in screening high-risk women to assess initial

and interval changes in risk.
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5. Conclusion

This study assesses the quantitative potential of breast tomosynthesis using a
voxelized anthropomorphic breast phantom. Monte Carlo simulation techniques
allowed us to better evaluate the accuracy and limitations of percent density (PD)
estimate obtained from the breast tomosynthesis images. The density estimates obtained
from the reconstructed slices have an absolute error of <8%, and suggests that breast
tomosynthesis has quantitative potential. However, despite the encouraging results, the
study has several limitations such as the non-uniformity correction technique cannot be
readily applied to a clinical image. Also, the current thresholding algorithm uses a
global thresholding algorithm which fails to work well near the fat and glandular tissue
boundaries. The algorithm is also limited to only identifying fat and glandular tissue
and does not consider other tissue types such as calcification or contrast materials.

A successful technique that allows voxel to voxel quantification of breast
tomosynthesis can be extremely useful. This would provide an accurate and easy way to
measure breast density as well as changes in density in response to therapy. This may
provide a low-cost, low-dose, 3D imaging biomarker corresponding to risk. This
approach to quantitate density can be extremely useful to determine if a suspicious
lesion is fatty, solid, or fluid filled??. Breast tomosynthesis quantification can also be
helpful in providing the tomosynthesis slices a more natural, mammogram like visual

display where pixel intensity values correspond to a particular density?. Thus the
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quantitative potential of tomosynthesis is extremely encouraging and justifies the need
to further investigate the possibility of tomosynthesis quantification using clinical

images.
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