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(4)     Introduction 

Previous studies have found that there is a strong correlation between mammographic 
breast density and the risk of breast cancer. Mammographic breast density has been used by 
researchers in many studies to estimate breast cancer risk of epidemiological factors, monitor the 
effects of preventive treatments such as tamoxifen or dietary interventions, monitor the breast 
cancer risk of hormone replacement therapy, and investigate factors affecting mammographic 
sensitivity and cancer prognosis. However, most studies used Breast Imaging Reporting and 
Data System (BI-RADS) density rating as a measure of mammographic breast density, which 
contributes large inter- and intraobserver variations and may reduce the sensitivity of the 
analysis. 

The goal of this proposed project is to develop a fully automated technique to assist 
radiologists in estimating mammographic breast density. We hypothesize that the computerized 
technique can accurately and efficiently segment the dense area on digitized or digital 
mammograms, thereby eliminating inter- and intra-observer variations. The dense area as a 
percentage of total breast area thus estimated will be more consistent and reproducible than 
radiologists' subjective BI-RADS rating. To accomplish this goal, we will (1) collect a large 
database of mammograms, including digitized film mammograms and digital mammograms, for 
training and testing the dense area segmentation program; (2) evaluate the correlation between 
the radiologists' breast density classification based on BI-RADS lexicon and the percent breast 
dense area; and (3) study the correlation of percent breast dense area between different views of 
the same breast and between the same view of the two breasts; and (4) investigate the correlation 
between the percent breast dense area estimated from mammograms and the volumetric dense 
breast tissue estimated from a data set of magnetic resonance (MR) breast images. These 
comparisons will provide important information regarding the consistency of the BI-RADS 
rating with the measured percent breast dense area, the appropriate measure of % dense area from 
different mammographic views, and the usefulness of using the percent breast dense area on 
mammograms as an indicator of volumetric breast tissue density. 

It is expected that this project will produce a fully automated and effective tool for analysis 
of mammographic breast density, which can be applied to routinely acquired mammograms 
without special calibrations. This will facilitate studies of various factors associated with breast 
cancer risk and mammographic sensitivity, and monitoring the effects of interventional or 
preventive strategies. The image analysis tool will therefore contribute to the understanding of the 
relationship of density to breast cancer risk, detection, prognosis, and to the prevention and 
treatment of breast cancer. 
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(5)     Body 

In the current project year (7/1/02-6/30/03), we have performed the following studies: 

(A)     Investigation of Correlation between Volumetric Fibroglandular Tissue on MR 
Images and Mammographic Density 

(a) Collection of a Database MR Breast Images with Corresponding Mammograms 

As discussed in the progress report last year, with IRB approval, we collected a data set of 
breast images from the research files of a previous project that included magnetic resonance 
(MR) images and corresponding mammograms. In the MR study, patients were scanned prone 
using a commercial dual phased-array breast coil. The imaging protocol included a coronal 
three-dimensional (3D) Tl-weighted pre-contrast series (coronal sections 2-5 mm thick, 32 
slices; 3D Spoiled Gradient-Recalled Echo (SPGR); TE=3.3 ms; TR=10 ms, Flip=40°, 
matrix=256xl28, FOV=28-32 cm right/left, 14-16 cm superior/inferior, scan time=2 min 38 sec). 
This 3D SPGR sequence produces full volume coverage of both breasts with contiguous image 
sections. The dense parenchyma and fat tissue are well separated with this heavily Tl-weighted 
acquisition. We used a set of 67 patients to study the correlation between the 2-D projected 
percentage of dense area on a mammogram and the percentage of dense tissue volume estimated 
from the 3-D MR images. 

The mammograms consisting of the craniocaudal (CC) view and the mediolateral oblique 
(MLO) view of both breasts of the patient were digitized with a LUMIS YS 85 laser film scanner 
at a pixel size of 50jLimx50jum. The digitizer has a gray level resolution of 12 bits and a 
nominal optical density range of 0 to 4. For density segmentation, it is not necessary to use high 
resolution images. To reduce processing time, the full resolution mammograms were smoothed 
with a 16x16 box filter and subsampled by a factor of 16, resulting in SOOjumxSOO/Jm images 
for this study. 

In the previous progress report, we described the graphical user interface (GUI) 
developed in this project for semi-automatic segmentation of the fibroglandular tissue in the MR 
images. We also discussed the preliminary results after analysis of the images of 37 patients. In 
the current project year, we continued the analysis and completed the study of 67 patients. An 
observer experiment in which two experienced radiologists manually segmented the 
mammographic density by interactive thresholding was also performed and compared with the 
computerized segmentation. The study was submitted as a journal article to the Medical Physics 
Journal (ref. 1). These analyses are summarized in this report. 

(b) Estimation of Fibroglandular Tissue Volume on MR Images 

Our algorithm for segmentation of volumetric fibroglandular tissue on MR images 
employs a semi-automatic method. This method, implemented in a GUI, was discussed in detail 
in the progress report last year. The method is briefly summarized below. 

The computer first performs an initial segmentation. The GUI allows a user to review the 
segmentation of every slice by the computer and make modifications if necessary. The method 
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consists of four steps. First, the breast boundary is detected automatically on each slice. A 
deformable model and manual modification are used to correct for incorrectly detected 
boundaries that usually occur in slices near the chest wall where there are no well-defined breast 
boundaries. Because of inhomogeneity of the breast coil sensitivity, the signal intensity in the 
breast region is not uniform across the field of view. A background correction technique that 
estimates the low frequency background from the gray levels along the breast boundary is 
developed to reduce this systematic nonuniformity. Manual interactive thresholding of the gray 
level histogram in the breast region is then used to separate the fibroglandular from the fatty 
region. Morphological erosion is used to exclude the skin voxels along the breast boundary. 
After the fibroglandular tissue is segmented for each slice, the total number of voxels containing 
the fibroglandular tissue is obtained as a summation of these voxels over all slices of the breast. 
The total volume of the breast is obtained as the summation of the voxels enclosed by the breast 
boundary before morphological erosion. The ratio of these two volumes provided the percent 
volumetric fibroglandular tissue in the breast.  A flow chart of our algorithm is shown in Fig. 1. 

4) 

s 
S 

/\ 

C MR Slice) 
I     — 

Breast Boundary Detection 
(with manual correction) 

Background Correction 

Gray Level Thresholding 

Morphotogical Erosion 
(for exclusion of skin) 

3/- 

Fibroglandular Tissue 
Volume Over All Slices 

Percent Fibroglandular 
Tissue Volume 

Fig. 1 The flow-chart for the segmentation of fibroglandular tissue on MR images. 

(c)      Mammographic Density Segmentation 

We have previously developed an automated method for segmentation of the dense 
fibroglandular area on mammograms. The method, referred to as the Mammographic Density 
ESTimator (MDEST), was described in detail in the journal article enclosed in last year's report 
(ref. 2). In brief, the breast boundary on the digitized mammogram is tracked. A dynamic-range 
compression technique reduces the gray level range of the breast area. By analyzing the shape of 
the gray level histogram, a rule-based classifier classifies the breast density into one of four 
classes. Typically, a Class I breast is almost entirely fat, it has a single narrow peak on the 
histogram. A Class n breast contains scattered fibroglandular densities.  Its histogram has two 
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main peaks, with the smaller peak on the right of the bigger one. A Class m breast is 
heterogeneously dense. Its histogram also has two peaks, but the smaller peak is on the left of 
the bigger one. A Class IV breast is extremely dense. Its histogram has mainly a single 
dominant peak, but the peak is wider compared with the peak in the Class I histogram. A second 
smaller peak sometimes occurs on the left of the main peak. Based on the histogram shape, a 
threshold is automatically calculated to separate the dense and fatty pixels. The mammographic 
density was estimated as the percentage of fibroglandular tissue area relative to the total breast 
area. For MLO view mammograms, the pectoral muscle is detected and excluded from the 
density area or breast area calculations. In our previous work (ref. 2), the performance of 
MDEST was verified by comparison with manual segmentation by 5 breast imaging radiologists 
using a data set of 260 mammograms from 65 patients that were different from the cases used in 
the current study. We found that the correlation between the computer-estimated percent dense 
area and the average segmentation by the 5 radiologists was 0.94 and 0.91, respectively, for CC 
and MLO views, with a mean bias of less than 2%. 

MDEST was applied to the manmiograms of the 67 patients used in this study. The 
percent dense area on mammograms was estimated for the CC-view and the MLO-view 
mammogram of each breast separately. In addition, an MQSA approved radiologist also 
segmented the dense area by interactive thresholding for each mammogram. The correlation 
between the mammographic density obtained by manual and automatic segmentation is shown in 
Fig. 2(a) and 2(b) for the CC view and MLO view, respectively. The correlation coefficients 
were 0.91 and 0.91, respectively, for the CC view and MLO view. The mammographic densities 
estimated by automatic and manual segmentation were compared with the percent volumetric 
fibroglandular tissue on MR images as described below. 
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(d)      Observer Experiments for Segmentation of MR Breast Images 

We perfonned observer experiments to evaluate the inter-observer variations in the 
segmentation of fibroglandular tissue using the semi-automatic method. Twenty-three MR cases 
from the data set were randomly selected for this observer experiment. There were a total of 41 
breasts because some cases had only one breast. Two MQSA approved radiologists performed 
the segmentation of the fibroglandular tissue on MR images using the semi-automatic method 
implemented with the GUI. A non-radiologist researcher who was trained by these radiologists 
also performed the segmentation independently with the GUI. 

After verifying the consistency of segmentation by these observers, the trained researcher 
completed the segmentation of all MR cases. The correlation between percent volumetric 
fibroglandular tissue on MR images and percent dense area on mammograms was then examined 
for the entire data set. 

Inter-observer variation between radiologists 

Fig. 3 shows the comparison of the percent volumetric fibroglandular tissues on MR 
images segmented by two radiologists for the 41 breasts. The correlation between the 
segmentation results of the two radiologists is 0.99. To compare the difference between their 
results, the mean difference and the root-mean-square (RMS) residual, which is the residual from 
the linear least-squares-fitted line, was also calculated. The mean difference was found to be 0.7 
and the RMS residual was 1.4. 
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Fig. 3 Comparison of the segmentation of fibroglandular tissue from MR images 
between two experienced MQSA radiologists, correlation coefficient = 0.99. Dash 
line: linear regression of the data; solid line: diagonal. 
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Inter-observer variation between radiologists and trained non-radiologist researcher 

Fig. 4 showed the comparison of the percent volumetric fibroglandular tissues segmented 
by the trained non-radiologist against those segmented by the two radiologists. The correlation 
between the result of the trained non-radiologist and the results of both radiologists was 0.99. 
The corresponding mean differences were 0.8 and 0.5, respectively, and the RMS residuals were 
1.2 and 0.5, respectively. 
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Fig. 4 Comparison of the segmentation of fibroglandular tissue from MR images 
between the trained non-radiologist and two experienced MQSA radiologists, (a) 
Radiologist A, correlation coefficient = 0.99, (b) Radiologist B, correlation 
coefficient = 0.99. Dash line: linear regression of the data; solid line: diagonal. 

(e)      Analysis of Correlation between Volumetric Fibroglandular Tissue on MR Images 
and Mammographic Density 

The percent volumetric fibroglandular tissue on MR images was compared with the 
percent dense area on CC- and MLO-view mammograms. After verifying that the difference in 
segmentation between the trained non-radiologist and the radiologists was similar to the 
interobserver variations between the two experienced radiologists, the trained non-radiologist 
completed the segmentation of the entire data set. 

Fig. 5 shows the comparison of the percent volumetric fibroglandular tissue on MRI and 
the percent mammographic density segmented by a radiologist. The percent areas on CC- and 
MLO-view mammograms are higher than the percent volume on MR images by 5.7% and 3.0%, 
respectively. 

Fig. 6 shows the comparison of the percent volumetric fibroglandular tissue on MRI and 
the percent mammographic density segmented by MDEST. The percent areas on CC- and MLO- 
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view mammograms segmented by the computer are higher than the percent volume on MR 
images by 5.2% and 2.6%, respectively. 
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Fig. 5 Comparison of the percent fibroglandular tissue volume on MR images and the 
percent dense area oh mammograms segmented by an experienced radiologist, (a) 
CC view, correlation coefficient = 0.91, (b) MLO view, correlation coefficient = 
0.91. Dash Hne: linear regression of the data; solid line: diagonal. 
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Fig. 6 Comparison of the percent volume on MR images and the percent area on 
mammogram segmented by our automated MDEST computer program, (a) CC 
view, correlation coefficient = 0.91, (b) MLO view, correlation coefficient = 0.89. 
Dash line: linear regression of the data; solid line: diagonal. 
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The correlation coefficients, the mean differences, and the RMS residuals between the 
percent volumetric fibroglandular tissue on MR images and percent dense area on mammograms 
are compared in Table. 1. The correlation between the percent volume on MR images and 
percent area on mammograms of the fibroglandular breast tissue is high, ranging from 0.89 to 
0.91. Although it is not expected that the values of percent volume agree with the values of 
percent area, their mean differences range only from 3% to 6%. 

Table 1. Statistic analysis of the relationship between percent fibroglandular 
tissue volume on breast MR images and percent dense area on 
mammograms segmented by radiologist and MDEST. 

Radiologist Computer (MDEST) 

CCvs 
MRI 

MLOvs 
MRI 

CCvs 
MRI 

MLOvs 
MRI 

Correl. Coeff. 0.91 0.91 0.91 0.89 

RMS Residual 6.3 5.6 5.8 5.4 

Mean Diff. 5.7 3.0 5.2 2.6 

The density on mammograms is a 2D projected area of the fibroglandular tissues. The 
percent dense area is not expected to be equal in value to the percent volume. The average 
differences between the percent volume and the percent area on CC and MLO views, as 
determined by the radiologist's interactive segmentation, are 5.7 and 3.0, respectively (Table I), 
with the percent dense area values being higher. We also investigated the RMS residual between 
the percent volume and the percent area when the relationship between them was assumed to be 
linear. The RMS residual between the percent volume and the percent area on CC and MLO 
views are 6.3 and 5.6, respectively (Table I), relative to the straight line obtained from linear least 
squares fits to the data. One possible factor that may contribute to a higher value of percent 
dense area on mammograms than the percent volume value on MR images is that the tissue 
volume imaged by the two modalities is somewhat different. The MR images include more 
tissue near the chest wall, which is mainly retroglandular adipose tissue, than a mammogram 
does, thus reducing the percent fibroglandular tissue volume. 

Geometrically, we do not expect the relationship between volume and its projected 2D 
area to be linear. In a hypothetical situation such that the dense tissue volume is a sphere (volume 
= Vnt^) enclosed inside a concentric spherical shell of fatty tissue volume, the percent 

projected 2D area (area = 7t r^) of the inner sphere relative to the outer sphere is equal to the 
percent volume to the power of 2/3. The relationship between the percent area and the percent 
volume is therefore not linear, and the percent area is larger in value than the percent volume for 
any ratio of radii between the two spheres. In general, the compressed breast and the dense tissue 
are not spherical.   To investigate the empirical relationship between the percent area and the 
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percent volume in the nonlinear situation, we applied least squares fits in several polynomial 
models to the data points in Fig. 5. The results are shown in Table 2 and Fig. 7. Comparison of 
Table 1 and Table 2 indicates that the Y = kx^'^ model, (x=percent fibroglandular tissue volume, 
Y=percent manmiographic dense area) resulted in slightly larger RMS residuals than the linear 
model. The model Y = kx'" with m equal to 0.83 and 0.86, respectively, for CC and MLO views 
slightly reduced the RMS residuals. The best fit was obtained from the model Y = kix"'+k2. 
However, the situation that the percent projected area was negative when the percent volume was 
zero would not occur physically. Note that if the model was fitted to the percent area data 
segmented by MDEST (Fig. 6), the itj values would become positive, indicating that the non- 
zero ^2 values are likely caused by segmentation biases. 

Overall, these models demonstrate that there is no simple mathematical relationship 
between the percent volume and the percent projected area but the values for the exponents 
appeared to be in a reasonable range. The relationship between the percent volume of two 3D 
objects, one within another, and their percent projected 2D area depends on their shapes. For 
example, the closer the two volumes are to concentric cylinders of the same height, the closer the 
exponent is to unity. The spread of the data points can therefore be attributed to the various 
irregular shapes of the fibroglandular tissue in the breasts, the changes in the shapes of the fatty 
and fibroglandular tissue due to compression, as well as the uncertainties in segmentation of both 
the mammograms and the MR images. Nevertheless, the strong correlation observed between the 
percent dense area on mammograms and the percent volumetric fibroglandular tissue on MR 
images indicates that mammographic density can be used as a surrogate for percent 
fibroglandular tissue volume for monitoring changes in breast density. 
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Fig. 7 Nonlinear fitting of the relationship between the percent volume and the percent 
area segmented by radiologist with least squares method, (a) CC view, (b) MLO view. 
Dash line: y = kx^'^; dash-dot-dot line: y = fee"; solid line: y = k^x"" + k2. The fitted 
parameters of the models, m, k, kj and k2, are shown in Table 2. 
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Table 2. Analysis of the relationship between percent fibroglandular tissue volume (x) 
on breast MR images and percent dense area (Y) on mammograms segmented 
by radiologist using three mathematical models, m, k, kj and k2 are constants 
determined by least squares curve fitting. 

Mathematical Model Y = kx'" Y = kx'" Y = kiX'"+k2 

CC 

vs 

MRI 

Least Squares Fit Y-=0.S2x^'^ Y = l.03x°^^ y = 1.02x°'*^-0.19 

RMS Residual 6.5 6.0 5.6 

Coefficient of 
determination 

0.82 0.85 0.87 

MLO 

vs 

MRI 

Least Squares Fit Y = 0.73x^'^ Y = 0.96x'^-^^ y = 0.90A:°-*''-0.09 

RMS Residual 6.0 5.5 5.3 

Coefficient of 
determination 

0.80 0.84 0.85 

(B)       Comparison of Breast Density Estimated on Digitized Screen-Film Mammograms 
and Full Field Digital Mammograms 

Digital mammographic systems have recently been introduced into clinical use. We 
performed a preliminary study to compare the breast density estimated on pairs of digital 
mammogram (DM) and digitized screen-film mammogram (SFM) obtained from the same 
patients. This study will provide information on the design of an automated breast density 
segmentation method for digital mammograms. 

(a)       Collection of a Database of Full Field Digital Mammograms 

We are comparing image information on DMs and SFMs for radiologist's interpretation 
and computerized image analysis. One hundred forty-five pairs of DM and SFM (76 CC views 
and 69 MLO views) were collected with IRB approval from 68 patients. The time interval 
between the DM and SFM ranged from 0 to 118 days (median=21 days). The SFMs were 
acquired with GE DMR systems and the DMs were acquired with the GE Senographe 2000D 
system. Both the DMs and the SFMs were acquired with automated exposure techniques that 
selected the appropriate target, filter, and kVp.   The SFMs were digitized with a laser film 
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scanner. The breast boundaries on the DMs and SFMs were detected automatically by the 
computer. The mammograms were displayed on a workstation with a graphical user interface 
(see Fig. 6) that allowed interactive thresholding of the gray level histograms to segment the 
dense region from the fatty region. The DMs and SFMs were segmented independently in 
separate sessions so that the observer could not compare the density of the corresponding DM 
and SFM. Hard copies of the displayed images were available for reference during segmentation. 
The mammographic density was estimated as the percent dense area relative to the breast area, 
excluding the pectoral muscle in the MLO views. 

(b)      Graphical User Interface for Segmentation of Breast Density on Digital 
Mammograms 

We have previously developed a GUI for interactive thresholding of dense tissue regions 
on SFMs. The GUI is used in observer experiments so that radiologists can segment the 
mammograms manually and provide a gold standard for developing automated computerized 
segmentation methods. We have modified the GUI for SFMs to be used with DMs. In this 
preliminary study, we used the new GUI for DMs to manually segment a data set of DMs. The 
results are compared with manual segmentation of SFMs of the same patients, described above, 
using the previously developed GUI. An example of density segmentation for a DM with 
interactive thresholding using the GUI is shown in Fig. 8. 
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Fig. 8. An example of density segmentation on digital mammograms. Left: GE processed image. 
Middle: Our processed image. Right: segmentation result of breast density. 
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(c)       Correlation between Breast Density Estimated on Digitized Screen-Film 
Mammograms and Full Field Digital Mammograms 

Fig. 9 shows the comparison of the percentage area of breast density on both digitized 
SFMs and DMs by an observer. The correlation between the mammographic density on SFM 
and DM was 0.94 and 0.92, the root-mean-square residual was 4.5% and 4.6%, and the average 
ratio of mammographic density estimated on SFM to that on DM of the same breast was 1.18 and 
1.22, respectively, for CC and MLO views. The differences in the percent dense area between the 
DM and SFM were statistically significant (paired t test: p<0.0000001) for both views. The DMs 
used harder beams (Mo/Mo 4.5%, Mo/Rh 22.4%, Rh/Rh 73.1%) while the SFMs used softer 
beams (Mo/Mo 44.2%, Mo/Rh 48.1%, Rh/Rh 7.8%). The peak potential used for DM was 1 to 5 
kVp higher than that for SFM in 84% of cases. 

Breast density on DMs generally appears to be lower than that on SFMs because of the 
harder beam quality used and image processing applied to the DMs. The lower density may 
improve the mammographic sensitivity for lesion detection on dense breasts. However, for 
patients with SFMs and DMs taken over time, comparison of serial mammograms for breast 
density changes will be problematic. We have submitted an abstract for presentation to the 89* 
Scientific Assembly and Annual Meeting of the Radiological Society of North America to be 
held in December in Chicago (ref. 3). 
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Fig. 9. Comparison of the percent mammographic density obtained on digital and digitized 
mammograms. Left: CC view, correlation coefficient = 0.94; Right: MLO view, 
correlation coefficient = 0.92. Dash line: linear regression of the data; solid line: diagonal. 

(6)     Key Research Accomplishments 

• Complete the collection of a data set of 67 cases of the MR images and corresponding 
mammograms (Task 1 and Task 3) 

• Complete the analysis of the correlation between the percent volumetric fibroglandular tissue 
and percent mammographic dense area (Task 3). 
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Complete the study and submit a journal article on the correlation between the percent 
volumetric fibroglandular tissue and percent mammographic dense area (Task 3). 

Continue to improve the methods for automated estimation of mammographic density on 
digitized screen-film mammograms (Task 2). 

Evaluate  the  segmentation  accuracy  of mammographic  density by  comparison  with 
radiologists' manual segmentation (Task 2c) 

Collect a data set of full field digital mammograms with corresponding digitized screen-film 
mammograms (Task 1) 

Develop a Graphical User Interface (GUI) for interactive segmentation of full field direct 
digital mammograms (Task 4) 

Conduct study of the correlation between breast density estimated from digitized screen-film 
mammograms and digital mammograms (Task 2 and Task 4) 

Perform preliminary investigations of methods for automated estimation of mammographic 
density on digital mammograms (Task 4). 

(7)     Reportable Outcomes 

As a result of the support by the USAMRMC BCRP grant, we have conducted studies to 
investigate the correlation between mammographic density and MR volumetric fibroglandular 
tissue. As discussed in the progress report last year, the preliminary results were presented in the 
International Workshop on Digital Mammography (IWDM). The conference proceeding paper 
has now been published by the IWDM. This year we completed the analysis of the entire data set 
and prepared a manuscript based on the study. The manuscript was submitted to the Medical 
Physics Journal for consideration of publication. 

Journal Articles: 

Wei J, Chan HP, Helvie MA, Roubidoux MA, Sahiner B, Hadjiiski L, Zhou C, Paquerault S, 
Chenevert T, Goodsitt MM. Correlation between Mammographic Density and Volumetric 
Fibroglandular Tissue Estimated on Breast MR Images. Submitted to Medical Physics. 

Conference Proceeding: 

Chan HP, Hadjiiski LM, Roubidoux MA, Helvie MA, Paquerault S, Sahiner B, Chenevert T, 
Goodsitt MM. Breast density estimation: correlation of mammographic density and MR 
volumetric density. Proceedings of the 6th International Workshop on Digital 
Mammography. IWDM-2002. Bremen, Germany. June 22-25, 2002. p. 281-284. 
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Conference Presentation: 

Chan HP, Wei, J, Zhou C, Helvie MA, Roubidoux MA, Bailey J, Hadjiiski LM, Sahiner B. 
Comparison of mammographic density estimated on digital mammograms and screen-film 
mammograms. Submitted for presentation at the 89* Scientific Assembly and Annual 
Meeting of the Radiological Society of North America, Chicago, TL, November 30-December 
5, 2003. 

(8)     Conclusions 

During this project year, we have completed the analysis of the correlation between the 
percent mammographic dense area and the percent volumetric fibroglandular tissue measured on 
MR images. A semi-automatic method was developed for segmentation of the MR images and a 
fully automated computerized method was used to segment the mammograms. The performance 
of the automated density segmentation program, referred to as Mammographic Density 
ESTimator (MDEST), on the set of mammograms used in this study was verified with an 
experienced radiologist's manual segmentation. The inter-observer variability in segmentation of 
MR images was found to be small with correlation coefficients of 0.99. The correlation between 
the percent volume on MR images and percent area segmented by a radiologist for either CC 
view or MLO view is 0.91. The correlation between percent volume and percent area estimated 
by MDEST is 0.91 and 0.89, respectively, for CC and MLO views. Mammographic density is 
thus highly correlated with the percent volumetric fibroglandular tissue in the breast. The high 
correlation indicates the validity of using mammographic density as a surrogate for monitoring 
breast density changes. The computerized image analysis tool can provide a consistent and 
reproducible estimation of percent dense area on routine clinical mammograms. The automated 
image analysis tool may improve the sensitivity of quantifying mammographic density changes, 
thereby contributing to the understanding of the relationship of mammographic density to breast 
cancer risk, detection, and prognosis, and the prevention and treatment of breast cancer. 

We have also begun the development of an automated breast density segmentation 
method for direct digital mammograms. We performed a study to compare breast density 
estimated from digitized screen-film mammograms with that estimated from digital 
mammograms. Our results indicate that breast density on DMs generally appears to be lower 
than that on SFMs because of the harder beam quality used and image processing applied to the 
DMs. The lower density may improve the mammographic sensitivity for lesion detection on 
dense breasts. However, for patients with SFMs and DMs taken over time, comparison of serial 
mammograms for breast density changes will be problematic. Because of the differences in the 
image characteristics of SFMs and DMs, the automated density segmentation program that we 
have developed for SFMs cannot be directly applied to DMs. We are investigating specific 
methods for automated segmentation of DMs. We will modify the program and evaluate its 
performance on DMs in the coming year. 
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ABSTRACT 

Previous studies have found that mammographic breast density is highly correlated with breast 

cancer risk. Therefore, mammographic breast density may be considered as an important risk 

factor in studies of breast cancer treatments. In this paper, we evaluated the accuracy of using 

mammograms for estimating breast density by analyzing the correlation between the percent 

mammographic dense area and the percent glandular tissue volume as estimated from MR 

images. A data set of 67 cases having MR images (coronal 3D SPGR Tl-weighted pre- 

contrast) and corresponding 4-view mammograms was used in this study. Mammographic breast 

density was estimated by an experienced radiologist and an automated image analysis tool, 

Mammography Density ESTimator (MDEST) developed previously in our laboratory. For the 

estimation of the percent volume of fibroglandular tissue in breast MR images, a semi-automatic 

method was developed to segment the fibroglandular tissue from each slice. The tissue volume 

was calculated by integration over all slices containing the breast. Interobserver variation was 

measured for 3 different readers. It was found that the correlation between every two of the three 

readers for segmentation of MR volumetric fibroglandular tissue was 0.99. The correlation 

between the percent volumetric fibroglandular tissue on MR images and the percent dense area 

of the CC and MLO views segmented by an experienced radiologist was both 0.91. The 

correlation between the percent volumetric fibroglandular tissue on MR images and the percent 

dense area of the CC and MLO views segmented by MDEST was 0.91 and 0.89, respectively. 

The root-mean-square (RMS) residual ranged from 5.4% to 6.3%. The mean bias ranged from 

3% to 6%. The high correlation indicates that mammographic density can be used as a surrogate 

for monitoring volumetric breast density changes. 



I. INTRODUCTION 

Studies have shown that there is a strong positive correlation between breast parenchymal 

density imaged on mammograms and breast cancer risk ''^f TA }. The relative risk is estimated to 

be about 4 to 6 for women whose mammograms have parenchymal densities over 60% of the 

breast area, as compared to women with less than 5% densities. Other cohort studies """ also 

found that breast cancer risk in the category with the most extensive dense tissue was 1.8 to 6 

times as high as that in the category with the least extensive dense tissue. Mammographic 

density as the risk indicator is greater than almost all other risk factors of breast cancer ^- '\ 

Although there is no direct evidence that changes in mammographic breast densities will result in 

changes in breast cancer risk, the strong correlation between breast density and breast cancer risk 

has prompted researchers to use mammographic density for monitoring the effects of 

intervention as well as for studying breast cancer etiology '''■'^. 

A number of researchers have investigated image analysis techniques to estimate breast 

density "• '*"^*. The common approaches are to analyze the textural pattern or the percentage of 

mammographic densities relative to the breast area. It has been found that the texture measures 

were correlated with parenchymal density patterns but they appeared to be less sensitive 

measures of relative risk than the percent dense area '• ^'- ^'. In current practice, breast density is 

estimated mainly by radiologists' visual judgment of the fibroglandular tissue imaged on 

mammograms following the Breast Imaging - Reporting and Data System (BI-RADS) lexicon ^• 

''. Because of the qualitative and subjective nature of visual judgment, there are large 

intraobserver and interobserver variations in the estimated breast density. The large variability 

may reduce the observed correlation between breast cancer risk and breast density. It may also 

reduce the sensitivity of studies using mammographic density for monitoring the effect of risk 



modifying treatments. We have developed an automated image analysis system, Mammographic 

Density ESTimator (MDEST), to assist radiologists in estimating breast density on 

mammograms. Computerized analysis is expected to increase the reproducibility and 

consistency in the estimation of mammographic density, thereby improving the accuracy of the 

related studies. In our previous study, we have found that the percent mammographic density 

segmented by MDEST agreed closely with that estimated by radiologists' interactive 

thresholding ". 

The high correlation between breast cancer risk and breast density indicates that breast 

cancer risk may be closely related to the volume of glandular tissue in the breast. Among the 

modalities available for breast imaging at present, magnetic resonance (MR) imaging is likely to 

be the most accurate method for volumetric dense tissue estimation because fibroglandular 

tissue and adipose tissue can be well distinguished in MR images when a proper image 

acquisition technique is used ". However, MR imaging is expensive, making it difficult to use 

MR imaging as a routine monitoring tool "• ^\ On the other hand, a mammogram is a two- 

dimensional (2-D) projection image of a three-dimensional (3-D) object. The area of dense 

tissue measured on a mammogram is not an accurate measure of the volume of fibroglandular 

tissue in the breast because no thickness information is used. However, mammography is a 

widely available low cost procedure that may be used for monitoring breast density change 

during preventive and interventional treatment or other studies. Women who participate in 

screening will also have mammograms readily available for retrospective review. Therefore, 

mammography will most likely be the method of choice for breast density estimation. 

In this study, we investigated the correlation between the volumetric fibroglandular tissue 

in the breast and the projected breast dense area on mammograms by analyzing the percent 



volumetric fibroglandular tissue in MR breast images and the percent dense area in 

corresponding mammograms. These comparisons will provide a better understanding of their 

relationship, and may lead to improved methods for utilizing mammographic density as a 

surrogate marker for breast cancer risk. 

II. MATERIALS AND METHOD 

Data Set 

In a previous study, gadolinium contrast enhanced MR dynamic imaging was employed 

to characterize malignant and benign breast lesions. A data set was collected with IRB approval 

which included MR images and corresponding mammograms acquired between detection and 

before biopsy for a given patient. In the MR study, several series of images were acquired for 

each patient. Patients were scanned prone using a commercial dual phased-array breast coil. The 

imaging protocol included a series was the coronal 3D Tl-weighted pre-contrast series (coronal 

sections 2-5 mm thick, 32 slices; 3D Spoiled Gradient-Recalled Echo (SPGR); TE=3.3 ms; 

TR=10 ms, Flip=40°, matrix=256 x 128, FOV=28-32 cm right/left, 14-16 cm superior/inferior, 

scan time=2 min 38 sec). This 3D SPGR sequence produces full volume coverage of both breasts 

with contiguous image sections. The dense parenchyma and fat tissue are well separated with 

this heavily Tl-weighted acquisition. We used a set of 67 patients to study the correlation 

between the 2-D projected percentage of dense area on a mammogram and the percentage of 

dense tissue volume estimated from the 3-D MR images. 

The mammograms consisting of the craniocaudal (CC) view and the mediolateral oblique 

(MLO) view of both breasts of the patient were digitized with a LUMISYS 85 laser film scanner 



at a pixel size of 50pnx50/m. The digitizer lias a gray level resolution of 12 bits and a nominal 

optical density (O.D.) range of 0 to 4. For density segmentation, it is not necessary to use very 

high resolution images. To reduce processing time, the full resolution mammograms were first 

smoothed with a 16x 16 box filter and subsampled by a factor of 16, resulting in 800/tfnx800/«j 

images for this study. 

Estimation of Fibroglandular Tissue Volume on MR Images 

Since it is not our intention to routinely segment MR images for breast density 

estimation, we did not attempt to develop an automated method for this application. Our 

algorithm for segmentation of volumetric fibroglandular tissue on MR images used a semi- 

automatic method. The computer performed an initial segmentation. A graphical user interface 

(GUI) was developed to allow a user to review the segmentation of every slice and make 

modifications if necessary. The method consists of four steps. First, the breast boundary was 

detected automatically on each slice. A deformable model and manual modification were used to 

correct for incorrectly detected boundaries that usually occurred in slices near the chest wall 

where there were no well-defined breast boundaries. Because of inhomogeneity of the breast 

coil sensitivity, the signal intensity in the breast region was not uniform across the field of view. 

A background correction technique that estimated the low frequency background from the gray 

levels along the breast boundary was developed to reduce this systematic nonuniformity. Manual 

interactive thresholding of the gray level histogram in the breast region was then used to separate 

the fibroglandular from the fatty region. Morphological erosion was used to exclude the skin 

voxels along the breast boundary. Finally, the volume of fibroglandular tissue was calculated by 

integration over all slices containing the breast. A flow chart of our algorithm is shown in Fig. 1. 

Breast Boundary Detection 



A two-step algorithm was developed for the detection of breast boundary on each slice. 

First, we used a seeded pixel thresholding algorithm (SPTA) for the initial assessment of breast 

boundary. Second, a 2D active contour algorithm further refined the boundary. For slices close 

to the chest wall where no clear boundary can be seen, manual modification was used to outline 

an estimated boundary. 

The SPTA determined the optimal threshold by iteratively partitioning the MR image into 

two parts and using the gradient value along the boundary of the partition as a guide in 

optimizing the threshold. First, the center of gravity was selected as the starting pixel on each 

slice. The gray level of the starting pixel was used as a threshold to create a binary partition of 

the image in which all pixels greater than the threshold were set to one and all other pixels were 

set to zero. Second, the gradient value of each pixel on the boundary of the binary partition was 

calculated by applying the Sobel filter to the original image. The gradient assessment for this 

particular binary partition was defined as the average gradient magnitude of these boundary 

pixels. The threshold value was reduced to zero in a stepwise manner. The partition for each 

threshold value was created and the gradient assessment for each partition was calculated as 

described above. The partition with the maximum gradient assessment was considered to be the 

initial segmentation result for the breast, and the boundary of this partition was considered to be 

the initial breast boundary. 

After the initial segmentation, a deformable contour method was used to further refine the 

boundary. The movement of the boundary pixel was controlled by an energy function which 

consisted of internal energy and external energy. The internal energy components used in this 

study were the continuity and curvature of the contour, as well as the homogeneity of the 
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segmented partition. The external energy components were the negative of the smoothed image 

gradient magnitude, and a balloon force that exerted pressure at a normal direction to the 

contour. The energy function was defined as the following. 

r=l 

where Ej^,^^ and E^^^^ are the internal energy and the external energy, respectively, as defined in 

Eq. (2) and Eq. (3): 

E,,rr, = w,™rf E^^„, (c) + w^„, £■,„, (C) (3) 

where curv, cont, grad, bal, horn denoted curvature, continuity, gradient, balloon force and 

homogeneity, respectively, and each energy term was associated with a weight, w. The detailed 

definition for each term can be found in the literature ". An example of an MR slice of a breast is 

shown in Fig. 2(a). and the segmented boundary is shown in Fig. 2(b). Note that the two breasts 

of a patient were scanned together but each breast was analyzed separately. 

Background Correction 

To reduce the non-uniformity of the MR signal intensity in the breast region, a 

background correction technique ^* using the pixel values around the segmented breast region 

was employed. For a given pixel {i,j) inside the breast region, the gray value of the background 

image was estimated as shown in Eq. (4): 



B{i,j) = 
L     R     U     D 

— + — + — + — 
d,    d     d     dj 

1111 
  +   +  +   
d,    d     d     dj I r       "u d 

(4) 

where L, R, U and D are the average gray values inside a breast background estimation region 

(BBER) centered at the left, right, upper and lower pixels on the breast boundary, respectively. A 

BBER was defined as the intersection of a 21x21-pixel box and the breast region. The center 

pixels for the left and right boxes were the intersection points between the breast boundary and a 

horizontal line passing through the given pixel (/,;). Similarly, the upper and lower center pixels 

for the upper and lower boxes were the intersection points between the breast boundary and a 

vertical line passing through the given pixel (/, j). Only the pixels that were within the 

intersected area between the 21x21-pixel box and the breast region were included in the 

definition of the BBER and the calculation of the average gray value. The contributions of the 

average gray levels to the background pixel (i,j) were inversely weighted by their distances 

d,,d^,d^,d^ from the given pixel (ij). An example of the background corrected image is 

shown in Fig. 2(c). 

Segmentation of Fibroglandular Tissue 

We developed a GUI that allowed the user to perform a combination of manual and 

automatic operations to segment the breast boundary and the fibroglandular tissue on the MR 

images. The first window (not shown) displayed the MR series and the corresponding 

mammogram of each breast to give the user an overview of the breast. The segmentation of the 

fibroglandular tissue on each MR slice was processed in the second window, shown in Fig. 3. 

The original MR slice, the corresponding background corrected image, and the segmented binary 
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image were shown in the upper part of the window. At the lower part of the window, the 

histogram of the voxel values in the breast region was shown. The user performed interactive 

thresholding on the histogram and the segmented binary image corresponding to the chosen 

threshold was displayed in real time in the upper part. If the breast boundary, which was 

automatically segmented by the computer initially, had to be corrected, the user could go to the 

third window and manually move the apices of the polygon outlining the boundary. The voxels 

contributed by the nipple were excluded. On the slices containing breast skin that had voxel 

values similar to those of fibroglandular tissue, a morphological erosion operation was applied to 

the breast boundary to exclude the skin voxels from the calculation of the fibroglandular tissue 

volume in the slice. The size of the structuring element could be selected interactively on the 

fourth window and the eroded boundary was displayed instantly for a chosen erosion operation. 

The user might again change the structuring element if the erosion result of the previous choice 

was deemed unsatisfactory. Since the eroded boundary only marked the region within which the 

fibroglandular voxels would be summed and would not be used for the calculation of the breast 

volume, as described below, it did not need to be precise as long as it excluded the skin voxels 

while not excluding the fibroglandular voxels. 

MR Fibroglandular Tissue Volume 

After the fibroglandular tissue was segmented for each slice, the total number of voxels 

containing the fibroglandular tissue was obtained as a summation of these voxels over all slices 

of the breast. The total volume of the breast was obtained as the summation of the voxels 

enclosed by the breast boundary before morphological erosion. The ratio of these two volumes 

provided the percent volumetric fibroglandular tissue in the breast. 

Mammographic Density Segmentation 
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We have previously developed an automated method for segmentation of the dense 

fibroglandular area on mammograms. The method, referred to as the Mammographic Density 

ESTimator (MDEST) was described in detail elsewhere ". In brief, the breast boundary on the 

digitized mammogram is tracked. A dynamic-range compression technique reduces the gray 

level range of the breast area. By analyzing the shape of the gray level histogram, a rule-based 

classifier classifies the breast density into one of four classes. Typically, a Class I breast is almost 

entirely fat, it has a single narrow peak on the histogram. A Class II breast contains scattered 

fibroglandular densities. Its histogram has two main peaks, with the smaller peak on the right of 

the bigger one. A Class III breast is heterogeneously dense. Its histogram also has two peaks, but 

the smaller peak is on the left of the bigger one. A Class IV breast is extremely dense. Its 

histogram has mainly a single dominant peak, but the peak is wider compared with the peak in 

the Class I histogram. A second smaller peak sometimes occurs on the left of the main peak. 

Based on the histogram shape, a threshold is automatically calculated to separate the dense and 

fatty pixels. The mammographic density was estimated as the percentage of fibroglandular 

tissue area relative to the total breast area. For MLO view mammograms, the pectoral muscle is 

detected and excluded from the density area or breast area calculations. In our previous work, 

the performance of MDEST was verified by comparison with manual segmentation by 5 breast 

imaging radiologists using a data set of 260 mammograms from 65 patients that were different 

from the cases used in the current study. We found that the correlation between the computer- 

estimated percent dense area and the average segmentation by the 5 radiologists was 0.94 and 

0.91, respectively, for CC and MLO views, with a mean bias of less than 2%. 

MDEST was applied to the mammograms of the 67 patients used in this study.   The 

percent dense area on mammograms was estimated for the CC-view and the MLO-view 

mammogram of each breast separately.    In addition, an MQSA-qualified radiologist also 
11 



segmented the dense area by interactive thresholding for each mammogram. The correlation 

between the mammographic density obtained by manual and automatic segmentation is shown in 

Fig. 4(a) and 4(b) for the CC view and MLO view, respectively. The correlation coefficients for 

the CC view and MLO view were both 0.91. The mammographic densities estimated by 

automatic and manual segmentation were compared with the percent volumetric fibroglandular 

tissue on MR images as described below. 

Observer Experiments 

We performed observer experiments to evaluate the inter-observer variations in the 

segmentation of fibroglandular tissue using the semi-automatic method. Twenty-three MR cases 

from the data set were randomly selected for this observer experiment. There were a total of 41 

breasts because some cases had only one breast. Two MQSA-qualified radiologists performed 

the segmentation of the fibroglandular tissue on MR images using the semi-automatic method 

implemented with the GUI. A Ph. D. researcher who was trained by these radiologists also 

performed the segmentation independently with the GUI. 

After verifying the consistency of segmentation by these observers, the trained Ph.D. 

completed the segmentation of all MR cases. The correlation between percent volumetric 

fibroglandular tissue on MR images and percent dense area on mammograms was then examined 

for the entire data set. 

III. RESULTS 

Inter-observer variation between radiologists 
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Fig. 5 shows the comparison of the percent volumetric fibroglandular tissues on MR 

images segmented by two radiologists for the 41 breasts. The correlation between the 

segmentation results of the two radiologists is 0.99. To compare the difference between their 

results, the mean difference and the root-mean-square (RMS) residual, which is the residual from 

the linear least-squares-fitted line, was also calculated. The mean difference was found to be 0.7 

and the RMS residual was 1.4. 

Inter-observer variation between radiologists and trained Ph. D. 

Fig. 6 showed the comparison of the percent volumetric fibroglandular tissues segmented 

by the trained Ph. D. against those segmented by the two radiologists. The correlation between 

the result of the trained Ph. D. and the results of both radiologists was 0.99. The corresponding 

mean differences were 0.8 and 0.5, respectively, and the RMS residuals were 1.2 and 0.5, 

respectively. 

Correlation betweeen percent volumetric fibroglandular tissue on MR images and percent 

mammographic density 

The percent volumetric fibroglandular tissue on MR images was compared with the 

percent dense area on CC- and MLO-view mammograms. After verifying that the difference in 

segmentation between the trained Ph. D. and the radiologists was similar to the interobserver 

variations between the two experienced radiologists, the trained Ph. D. completed the 

segmentation of the entire data set. 

Fig. 7 shows the comparison of the percent volumetric fibroglandular tissue on MRI and 

the percent mammographic density segmented by a radiologist. The percent areas on CC- and 

MLO-view mammograms are higher than the percent volume on MR images by 5.7% and 3.0%, 
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respectively. 

Fig. 8 shows the comparison of the percent volumetric fibroglandular tissue on MRI and 

the percent mammographic density segmented by MDEST. The percent areas on CC- and MLO- 

view mammograms segmented by the computer are higher than the percent volume on MR 

images by 5.2% and 2.6%, respectively. 

The correlation coefficients, the mean differences, and the RMS residuals between the 

percent volumetric fibroglandular tissue on MR images and percent dense area on mammograms 

are compared in Table. 1. The correlation between the percent volume on MR images and 

percent area on mammograms of the fibroglandular breast tissue is high, ranging from 0.89 to 

0.91. Although it is not expected that the values of percent volume agree with the values of 

percent area, their mean differences range only from 3% to 6%. 

IV. DISCUSSION 

Our purpose in this paper was to investigate the relationship between the percent dense 

area on mammogram and the percent fibroglandular tissue volume on MR image.  We found a 

direct correlation between mammographic density and MR volumetric density (Fig. 7 and Fig. 

8).     The correlation coefficients between the percent area on mammogram and the percent 

volume on MR images are high at 0.89 and 0.91. These results are more promising that those 

found in previous studies that attempted to correlate percent dense area on mammograms with 

MR information. Graham et al. " investigated the relationship between percent density (projected 

dense area) on mammogram and two objective MR parameters of breast tissue, relative water 

content and mean T2 relaxation. Their results with 45 cases showed a positive correlation 
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between percent density and relative water content (Pearson correlation coefficient = 0.79) and a 

negative correlation between percent density and mean T2 value (Pearson correlation coefficient 

= -0.61). Another study by Lee et al ^ analyzed fatty and fibroglandular tissue in different age 

groups to compare x-ray mammography with Tl weighted MR images. Their study with 40 

cases indicated that the correlation between the two techniques is 0.63 when the fat content was 

more than 45%. However, the correlation coefficient decreased to 0.34 when their analysis 

included only dense breasts. 

It may be noted that although MR imaging is currently the most accurate method for 

estimating the volumetric fibroglandular tissue in the breast, it is still not the ideal tool. Fibrous 

tissue and glandular tissue are not well separated with current MR imaging techniques. Since the 

amount of glandular tissue in the breast is the important factor relating to breast cancer risk, 

further studies are warranted for differentiating the glandular and the fibrous components of the 

imaged volume. The correlation between the percent glandular tissue volume and percent 

projected dense area on mammogram will be a more reliable indicator of the usefulness of 

mammographic density analysis. 

The density on mammograms is a 2D projected area of the fibroglandular tissues. The 

percent dense area is not expected to be equal in value to the percent volume. The average 

differences between the percent volume and the percent area on CC and MLO views, as 

determined by the radiologist's interactive segmentation, are 5.7 and 3.0, respectively (Table I), 

with the percent dense area values being higher. We also investigated the RMS residual between 

the percent volume and the percent area when the relationship between them was assumed to be 

linear. The RMS residual between the percent volume and the percent area on CC and MLO 

views are 6.3 and 5.6, respectively (Table I), relative to the straight line obtained from linear 
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least squares fits to the data. One possible factor that may contribute to a higher value of percent 

dense area on mammograms than the percent volume value on MR images is that the tissue 

volume imaged by the two modalities is somewhat different. The MR images include more 

tissue near the chest wall, which is mainly retroglandular adipose tissue, than a mammogram 

does, thus reducing the percent fibroglandular tissue volume. 

Geometrically, we do not expect the relationship between volume and its projected 2D 

area to be linear. In a hypothetical situation such that the dense tissue volume is a sphere (volume 

= VTIT^) enclosed inside a concentric spherical shell of fatty tissue volume, the percent 

projected 2D area (area = n r^) of the inner sphere relative to the outer sphere is equal to the 

percent volume to the power of 2/3. The relationship between the percent area and the percent 

volume is therefore not linear, and the percent area is larger in value than the percent volume for 

any ratio of radii between the two spheres. In general, the compressed breast and the dense tissue 

are not spherical. To investigate the empirical relationship between the percent area and the 

percent volume in the nonlinear situation, we applied least squares fits in several polynomial 

models to the data points in Fig. 7. The results are shown in Table 2 and Fig. 9. Comparison of 

Table 1 and Table 2 indicates that the Y = kx^'^ model, (x=percent fibroglandular tissue volume, 

Y=percent mammographic dense area) resulted in slightly larger RMS residuals than the linear 

model. The model Y = kx'" with m equal to 0.83 and 0.86, respectively, for CC and MLO views 

slightly reduced the RMS residuals. The best fit was obtained from the model y = *,A:'"+*2- 

However, the situation that the percent projected area was negative when the percent volume was 

zero would not occur physically. Note that if the model was fitted to the percent area data 

segmented by MDEST (Fig. 8), the k^ values would become positive, indicating that the non- 

zero k2 values are likely caused by segmentation biases. 
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Overall, these models demonstrate that there is no simple mathematical relationship 

between the percent volume and the percent projected area but the values for the exponents 

appeared to be in a reasonable range. The relationship between the percent volume of two 3D 

objects, one within another, and their percent projected 2D area depends on their shapes. For 

example, the closer the two volumes are to concentric cylinders of the same height, the closer the 

exponent is to unity. The spread of the data points can therefore be attributed to the various 

irregular shapes of the fibroglandular tissue in the breasts, the changes in the shapes of the fatty 

and fibroglandular tissue due to compression, as well as the uncertainties in segmentation of both 

the mammograms and the MR images. Nevertheless, the strong correlation observed between the 

percent dense area on mammograms and the percent volumetric fibroglandular tissue on MR 

images indicates that mammographic density can be used as a surrogate for percent 

fibroglandular tissue volume for monitoring changes in breast density. 

Recently, some researchers attempted to estimate the thickness of the fibroglandular 

tissue in local regions of the mammograms from the projected density ^^. This approach is 

expected to provide a more accurate estimation of the fibroglandular tissue volume if the true 

thicknesses of the fibroglandular tissue and fatty tissue can be determined at various locations of 

the projected breast region. The volume of the fibroglandular tissue can then be summed over 

the pixels in the breast region and the percent volume calculated. However, to obtain accurate 

measurements, this approach requires the knowledge of the sensitometric curve for the screen- 

film mammogram at the imaging facility (or use of a digital detector with linear response) and 

other physical parameters such as the scatter fraction, the beam quality and beam hardening, in 

addition to the compressed breast thickness and the breast shape profile at the periphery. Some 

of the requirements may be circumvented by using a look-up table predetermined with phantom 

calibration. Other factors may have to be approximated or ignored, or require further corrections 
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by imaging each mammogram with a calibration phantom placed adjacent to the breast. This 

method is still being developed and the accuracy of estimating the thickness of the local 

fibroglandular tissue from a mammogram is yet to be determined. To our knowledge, no study 

to date has demonstrated that fibroglandular tissue volume estimated from mammograms has a 

higher correlation with the percent volumetric fibroglandular tissue volume estimated from MR 

images or other volumetric methods than we found in our current study. Furthermore, even if the 

local fibroglandular tissue thickness on mammograms can be measured in a laboratory or in an 

academic center using elaborate calibration schemes, it is doubtful that these methods can be 

translated into routine clinical measurement in mammography clinics. Its use may then be 

limited to controlled clinical trials. Estimation of the percent dense area projected on 

mammograms is likely a more practical approach for breast density assessment. The high 

correlation between the percent dense area and the percent fibroglandular tissue volume on MR 

images as demonstrated in the current study further supports the validity of this approach. 

V. Conclusion 

In this study, we investigated the correlation between the percent mammographic dense 

area and the percent volumetric fibroglandular tissue as measured on MR images. A semi- 

automatic method was developed for segmentation of the MR images and a fully automated 

computerized method, MDEST, was used to segment the mammograms. The performance of 

MDEST on the set of mammograms used in this study was verified with an experienced 

radiologist's manual segmentation. The inter-observer variability in segmentation of MR images 

was found to be small with correlation coefficients of 0.99. The correlation between the percent 

volume on MR images and percent area segmented by a radiologist for either CC view or MLO 

view is 0.91. The correlation between percent volume and percent area estimated by MDEST is 
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0.91 and 0.89, respectively, for CC and MLO views. Mammographic density is thus highly 

correlated with the percent volumetric fibroglandular tissue in the breast. The high correlation 

indicates the validity of using mammographic density as a surrogate for monitoring breast 

density changes. Our computerized image analysis tool, MDEST, can provide a consistent and 

reproducible estimation of percent dense area on routine clinical mammograms. The automated 

image analysis tool may improve the sensitivity of quantifying mammographic density changes, 

thereby contributing to the understanding of the relationship of mammographic density to breast 

cancer risk, detection, and prognosis, and the prevention and treatment of breast cancer. 
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Table 1. Statistic analysis of the relationship between percent fibroglandular tissue volume on 

breast MR images and percent dense area on mammograms segmented by radiologist and 

MDEST. 

Radiologist Computer (MDEST) 

CCvs MLOvs CCvs MLOvs 
MRI MRI MRI MRI 

Correl. Coeff. 0.91 0.91 0.91 0.89 

RMS Residual 6.3 5.6 5.8 5.4 

Mean Diff. 5.7 3.0 5.2 2.6 
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Table 2. Analysis of the relationship between percent fibroglandular tissue volume (x) on breast 

MR images and percent dense area (Y) on mammograms segmented by radiologist using three 

mathematical models, m, k, kj and k2 are constants determined by least squares curve fitting. 

Mathematical Model Y = kx"' Y = kx"' Y^kyx'" +k2 

Least Squares Fit Y = 0.82x^'^ K = 1.03A:''-*^ y = 1.02;c''''^-0.19 

CC 

vs RMS Residual 6.5 6.0 5.6 

MRI 
Coefficient of 0.82 0.85 0.87 
determination 

Least Squares Fit Y = 0.73x^'^ y = 0.96x°*'* y = 0.90x°-^-0.09 

MLO 

vs RMS Residual 6.0 5.5 5.3 

MRI 
Coefficient of 0.80 0.84 0.85 
determination 
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Fig. 1.   The flow-chart for the segmentation of the fibroglandular tissue on MR images. 

Fig. 2. An example of the first three processing blocks in Fig. 1. (a) original MR slice, (b) 
automatically-detected breast boundary superimposed on image, and (c) background- 
corrected image. 

Fig. 3. The graphic user interface for the segmentation of the fibroglandular tissues on MR 
slice. The upper row shows the original MR slice (left), the background-corrected 
image (middle) and the segmented binary image (right). The segmented image 
responds to the reader's adjustment of the gray level threshold (lower row) in real time 
so that the reader can choose the appropriate threshold by inspecting the segmented 
image visually. The dark area in the segmented image indicates the fibroglandular 
tissue and the white area indicates the adipose tissue. The inner line along the breast 
boundary is the boundary obtained by morphological erosion to exclude the skin voxels 
for calculating the fibroglandular tissue volume. 

Fig. 4. Comparison of the percent mammographic density obtained from interactive 
thresholding by an MQSA-qualified radiologist and that estimated by our automated 
MDEST computer program, (a) CC view, correlation coefficient = 0.91 (b) MLO view, 
correlation coefficient = 0.91. Dash line: linear regression of the data; solid line: 
diagonal. 

Fig. 5. Comparison of the segmentation of fibroglandular tissue from MR images between two 
experienced MQSA-qualified radiologists, correlation coefficient = 0.99. Dash line: 
linear regression of the data; solid line: diagonal. 

Fig. 6. Comparison of the segmentation of fibroglandular tissue from MR images between the 
trained Ph. D. and two experienced MQSA-qualified radiologists, (a) Radiologist A, 
correlation coefficient = 0.99, (b) Radiologist B, correlation coefficient = 0.99. Dash 
line: linear regression of the data; solid line: diagonal. 

Fig. 7. Comparison of the percent fibroglandular tissue volume on MR images and the percent 
dense area on mammograms segmented by an experienced radiologist, (a) CC view, 
correlation coefficient = 0.91, (b) MLO view, correlation coefficient = 0.91. Dash line: 
linear regression of the data; solid line: diagonal. 

Fig. 8. Comparison of the percent volume on MR images and the percent area on mammogram 
segmented by our automated MDEST computer program, (a) CC view, correlation 
coefficient = 0.91, (b) MLO view, correlation coefficient = 0.89. Dash line: linear 
regression of the data; solid line: diagonal. 

Fig. 9. Nonlinear fitting of the relationship between the percent volume and the percent area 
segmented by radiologist with least squares method, (a) CC view, (b) MLO view. Dash 
line: y = kx^'^; dash-dot-dot line: y = kx'"; solid line: y = k^x'"+k^. The fitted 
parameters of the models, m, k, kj and k2, are shown in Table 2. 
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Fig. 1    The flow-chart for the segmentation of the fibroglandular tissue on MR images. 

Fig. 2 An example of the first three processing blocks in Fig. 1. (a) original MR slice, (b) 
automatically-detected breast boundary superimposed on image, and (c) background- 
corrected image. 
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Fig. 3 The graphic user interface for the segmentation of the fibroglandular tissues on MR slice. 
The upper row shows the original MR slice (left), the background-corrected image 
(middle) and the segmented binary image (right). The segmented image responds to the 
reader's adjustment of the gray level threshold (lower row) in real time so that the reader 
can choose the appropriate threshold by inspecting the segmented image visually. The 
dark area in the segmented image indicates the fibroglandular tissue and the white area 
indicates the adipose tissue. The inner line along the breast boundary is the boundary 
obtained by morphological erosion to exclude the skin voxels for calculating the 
fibroglandular tissue volume. 

30 



Fig. 

Fig. 

'5) o 
o 
'•u m 
cc 
>> n 
0) 
> 
O 

CO 
9> 

60  1- 

/ 
50- 

0 A /   ■ 

■ •%. / 40 • f 
■ 

30- 
"% 

%o\j^'     " 
20 

SSW       o 

10 

n - t—, , , , , , , r 

0       10      20     30     40     50     60 

% Area-CC View by Computer 

0       10     20     30     40     50     60 

% Area-MLO View by Computer 

(a) (b) 
4 Comparison of the percent mammographic density obtained from interactive 

thresholding by an MQSA-qualified radiologist and that estimated by our automated 
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(b) 
Comparison of the segmentation of fibroglandular tissue from MR images between the 
trained Ph. D. and two experienced MQSA-quahfied radiologists, (a) Radiologist A, 
correlation coefficient = 0.99, (b) Radiologist B, correlation coefficient = 0.99. Dash 
line: linear regression of the data; solid line: diagonal. 
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Comparison of the percent fibroglandular tissue volume on MR images and the percent 
dense area on mammograms segmented by an experienced radiologist, (a) CC view, 
correlation coefficient = 0.91, (b) MLO view, correlation coefficient = 0.91. Dash line: 
linear regression of the data; solid line: diagonal. 
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Fig. 9 Nonlinear fitting of the relationship between the percent volume and the percent area 

segmented by radiologist with least squares method, (a) CC view, (b) MLO view. Dash line: 
y = hi^'^; dash-dot-dot line: y^hi""; solid line: y = k^x"" + k^. The fitted parameters of the 
models, m, k, kj and k2, are shown in Table 2. 
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