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Abstract 
Breast cancer is currently the most common non-skin cancer and the second 

leading cause of cancer-related death in women here in the United States.  X-ray 

mammography is currently the standard clinical imaging modality for breast cancer 

screening and diagnosis due to its high sensitivity and resolution at a low patient dose. 

With the advancement of breast imaging from analog to digital, quantitative 

measurements rather than qualitative assessments can be made from these images. One 

such measurement, mammographic breast density (i.e. the percentage of the entire 

breast volume that is taken up by dense glandular tissue), has been shown to be a 

biomarker well correlated with cancer risk. However, a digital mammogram still suffers 

from its projective nature. The resulting overlap of normal breast tissue can obscure 

lesions, limit quantitative measurement accuracy, and present false alarms leading to 

unnecessary recall studies. To address this key limitation, several 3D imaging techniques 

have been developed such as breast magnetic resonance imaging (MRI), dedicated 

breast computed tomography (CT), and digital breast tomosynthesis (tomo). Perhaps the 

most recently developed modality is tomo, which is a limited-angle cone-beam CT of the 

breast compressed in the same geometry as mammography. Because tomo retains all the 

aforementioned advantages of mammography but adds depth information and can be 

built based on an existing digital mammography device, measuring breast density and 

extracting other quantitative features from tomo images was a major focus of this study. 

Before attempting to measure breast density and other features from 

reconstructed tomo image volumes, the quantitative potential of this imaging modality 

was assessed. First, we explored a technique that measures tissue density using only the 

information from a single slice in the reconstructed tomosynthesis volume with 
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geometrically simple tissue-equivalent phantoms. Once this task had been satisfactorily 

performed, we studied a probabilistic approach toward quantitation of the entire 3D 

volume. For this project, a 3D hidden Markov model (HMM) method was developed 

and applied to tomo images to segment the images into adipose and glandular tissue 

and then to estimate the volumetric breast density. Because adipose and glandular tissue 

is easily distinguished in MR images, patient breast MRIs were used to train, validate, 

and finally to assess the accuracy of our HMM segmentation algorithm for tomo density 

estimation. This accuracy was calculated by comparing the estimated tomo breast 

density to the density for the same patient’s breast MRI.  

Another aim of our study was to investigate whether changes in macroscopic 3D 

imaging features can accurately predict the chemoprevention response that was 

measured with Random Periareolar Fine Needle Aspiration cytology for a uniquely 

young high-risk cohort of women. A univariate MRI density model was first developed 

to predict chemoprevention response but delivered relatively poor performance. 

Because they are so often studied conjunctively, several MR image texture features were 

calculated and incorporated with density into a multivariate prediction model. Adding 

image texture features improved the performance of our prediction model and provided 

a framework for developing a similar model for breast tomo images. This aim to 

investigate the potential of combining multi-modality macroscopic 3D imaging 

information with a cytological measure of risk and then investigating how response to 

tamoxifen and other chemoprevention treatment affects each of these risk biomarkers in 

young, high-risk women is completely novel in the fields of medical physics and 

biomedical engineering. 
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CHAPTER 1. Introduction and background  

1.1 Need for 3D breast imaging 
Breast cancer is currently the most common non-skin cancer and the second 

leading cause of cancer-related death in women here in the United States.[1] According 

to estimates of lifetime risk, about 12 percent of women in the general population will 

develop breast cancer sometime during their lives, and about 60 percent of women that 

are classified as high-risk due to inheritance of BRCA1 or BRCA2 gene mutations will 

develop cancer [2,3], making it extremely important to closely monitor such patients 

(especially those genetically determined as high-risk) to allow earlier detection, 

diagnosis, and treatment of cancers that arise. 

Mammography is currently the standard clinical imaging modality for breast 

cancer screening and diagnosis [4]. The advantages of mammography include a 

reasonably high sensitivity, high resolution, and low patient dose. However, a 

mammogram still suffers from being a two-dimensional projection of a three-

dimensional object. The resulting overlap of normal fibroglandular tissue can not only 

obscure the detection and characterization of lesions but also present false alarms 

leading to unnecessary recall studies that can be especially problematic for extremely or 

heterogeneously dense patients [5,6]. 

 To address this key limitation of mammography, several 3D imaging techniques 

have been developed. Breast MRI relies on the difference in spin-lattice relaxation time 

(T1) and spin-spin relaxation time (T2) with fat suppression to precisely differentiate 

fatty and fibroglandular tissue in the image volume [7-9]. However, compared to 

mammography, breast MRI is not as widely available, lacks the high resolution, and is 

much more expensive.  
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Dedicated breast computed tomography (CT) takes cone-beam x-ray projection 

images of the uncompressed breast in a full 360o scan to enable the complete 

reconstruction of a 3D breast volume [10-14]. Digital x-ray tomosynthesis [15,16] (often 

abbreviated as “tomo”) for the breast is a form of limited-angle cone-beam CT [17,18]. A 

restricted number of projection images are acquired in an arc in the conventional 

mammography projection geometry while the breast is compressed adjacent to the 

detector. Although some information is lost due to angular undersampling, breast tomo 

still creates a quasi-3D volume at a dose comparable to that of traditional two-view 

mammography [19,20]. Moreover, the tomo device itself is usually based upon an 

existing full-field digital mammography (FFDM) system. Although compression is 

required, this ensures proper posterior tissue coverage, immobilization to minimize 

motion artifacts, and a low dose [21]; compression for tomo even has potential to be 

reduced compared to that of mammography without compromising lesion or 

calcification conspicuity [22].  

The similarity of tomo to FFDM in terms of patient positioning, image 

acquisition, and aspects of image display suggests that there is minimal retraining 

required for the technologist or radiologist [23]. A recent preliminary study has shown 

that tomo, with additional training to increase efficiency in read time, is likely to be an 

important tool for following up suspicious areas seen in screening mammograms, 

possibly even replacing ultrasound in some situations [24,25]. Studies published by 

Poplack et al and by Gur et al have shown tomo combined with FFDM to reduce false 

positive recalls by 30% and 40%, respectively, compared to that of FFDM alone. No 

significant changes in sensitivity were observed in either study [26,27]. Before obtaining 

premarket approval from the FDA, Hologic reported similar findings in a larger multi-

center trial; FFDM combined with two-view tomo significantly improves specificity 
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without a significant increase in detection [28]. In contrast, Gennaro et al and Teertstra et 

al observed no change in sensitivity or specificity for the two modalities [29,30], so 

assessment of how to best increase performance with the addition of tomo and 

determining its optimum fit in the clinical environment is currently an active field of 

study. Because of its demonstrated ability decrease false positive recall rates over FFDM 

with the addition of depth information to reduce anatomical overlap, tomo remains a 

very promising new technology [31], and the depth of its potential was studied 

extensively in this project. 

1.2 Toward quantitative imaging 
Given the technological advancement and subsequent movement in medical 

imaging from film to digital, one can make quantitative measurements rather than an 

overall qualitative assessment. In other words, extracting quantitative information from 

tomosynthesis images could potentially allow improved characterization of lesions and 

thus could drastically improve the specificity of mammography. In addition, it may 

facilitate clinically acceptable processing of tomo images, such as with the application of 

film characteristic curves, such that tomo slice images more closely mimic the 

appearance of mammography. Full voxel-by-voxel quantitation would also be directly 

applicable to dual-energy tomo, for which several previous studies have worked to 

optimize image acquisition for subsequent iodine quantification [32-37]. 

However, the quantitative ability of breast tomo is potentially limited by several 

factors when compared to CT. The central-slice theorem dictates that the narrow tube 

arc limits the amount of spatial information available in the z-direction. The commonly 

used reconstruction method of FBP also incorporates a ramp filter that reduces lower 

spatial frequency information [38]. Moreover, subtle geometric variations and 

misalignments from projection to projection can cause large unexpected fluctuations in 
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image quality for volumes reconstructed with FBP [39]. In the reconstructed slice 

images, all of these shortcomings manifest as image artifacts such as signal contributions 

from objects in different planes as well as in-plane ringing artifacts that appear strongly 

in areas of density changes. Despite these shortcomings, FBP was used in this study due 

to its availability to be used with our prototype imaging system and its speed in 

implementation; substantial work has been done to compare image quality for various 

commonly used reconstruction algorithms, and each method has its own advantages 

and shortcomings [40-42].  

As part of this study, we investigated two different approaches toward 

quantitative breast tomosynthesis. First, we explored a slice-by-slice technique that 

measures tissue density using only the information from a single slice from the 

reconstructed tomosynthesis volume using phantom images with voxel-level ground 

truth. Second, we studied a probabilistic approach toward quantitation of the entire 3D 

volume for clinical tomo images. Some work has been done previously in the realm of 

2D hidden Markov random fields (HMRFs) to categorize mammograms according to 

their Wolf pattern [43], detect mammographic lesions [44], and segment satellite and 

mixed media (text/photograph) images [45]. For this project, a 3D hidden Markov 

model (HMM) method was developed and applied to tomo images under the simplified 

assumption that the possible tissue type of each tomo voxel is either adipose (fatty) or 

glandular (dense). 

1.3 Breast density as a risk biomarker 
Breast density is defined as the ratio of the amount of glandular (dense) tissue to 

the amount of all (dense and fatty) tissue in the breast. As an initial application of our 

quantitative tomo methods to cancer risk prediction, measurement of breast density 

seems quite plausible because voxel-level quantitative accuracy is not necessary for this 
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task, and many studies have established quantitatively that mammographic density is 

well correlated with cancer risk [46-51]. Specifically, in a recent study with over 1000 

matched case-control patient pairs, when comparing cancer risk in women with density 

in less than 10% of the mammogram to women with density in at least 75%, the odds 

ratio was 4.7 [49]. 

To attempt to overcome the inherent limitations to accurate breast density 

measurements due to mammography’s projective nature, several institutions have 

implemented more sophisticated approaches using user-assisted calibration for 

uniformity across imaging system parameters and incorporation several other features 

based on location, texture, and global context in a fully automated framework [52-54].  

However, mammography is still limited to a pair of two-dimension projections for each 

breast, and the resulting complication of complex anatomical overlap can lead to missed 

lesions and false alarms [5,6], as mentioned previously. Thus, we were motivated to 

follow up and measure density for extremely high-risk patients, especially those with 

heterogeneously or extremely dense breasts, with a 3D imaging modality. With a novel 

3D tissue quantitation scheme developed for breast tomo, we hypothesized that such 

measurements can be achieved without reliance upon expensive imaging techniques like 

MRI. 

1.4 Image texture features as risk biomarkers 
In addition to breast density, several supplemental image features shown to be 

risk biomarkers were measured and assessed in terms of predictive power for response 

to chemoprevention. Mammographic texture features have also been shown to yield 

predictive power comparable to that of manually measured breast percent density [55]. 

In terms of automatically measured parenchymal texture features from mammograms, 

several institutions have shown a strong correlation to risk expressed in terms of having 
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BRCA1 and BRCA2 gene mutations [56-62].  The appearance of the breast parenchyma 

(consisting of fat, dense connective and epithelial tissue, and prominent ducts) was first 

used to identify women at high risk by J. Wolfe [63]. Because carcinomas develop in 

breast ducts and lobules, the prominence of these radiographically dense tissues in a 

mammogram would intuitively imply a greater cancer risk than a mammogram 

showing mostly fatty tissue with vessels and Cooper’s ligaments visible.  

To investigate the relationship between distributions of fatty and glandular 

tissue in mammograms in a quantitative and automatic fashion, a variety of methods to 

measure image texture have been developed. These features include image self-

similarity (fractal dimension) [64], regional distributions of gray values (histogram 

skewness) [65], and other ways of quantifying the spatial relationships of a pixel to its 

nearest neighbors [66-68]. Investigation of texture has been expanded to 3D breast 

imaging modalities by other groups that measured density and various image texture 

features in tomo [69-71] and feature selection specifically for optimum lesion 

characterization in computer-aided diagnosis (CAD) for both tomo and breast MRI [72-

77]. Previous studies have correlated breast density and texture to qualitative measures 

of cancer risk such as that based on family history or inherited genetic mutations [78-80]. 

In contrast, this study investigated the combined feature set of density and several 

measures of texture for the clinically significant task of predicting response to 

chemoprevention, as described in the next section. 

1.5 Breast cytology as a risk biomarker and a measure of 
response to chemoprevention 

Because breast density and other correlative image features have limitations as 

would any singular approach to estimating breast cancer risk, we investigated an 

alternative risk assessment tool that may especially be useful in multi-year studies [81]. 
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Random Periareolar Fine Needle Aspiration (RPFNA) is a research technique that 

involves collecting 8-10 cellular aspirates spread randomly throughout each breast with 

a 21-guage needle. The cellular aspirates are pooled and scored by a cytopathologist 

according to the perceived degree of abnormality. This technique was developed to 

assess short-term breast cancer risk in women at high risk for breast cancer. RPFNA has 

the advantage of being inexpensive and may be performed repeatedly, and the majority 

of samples are cellular in high-risk premenopausal and perimenopausal women [82-91]. 

In a single institution study, cytological atypia in RPFNA predicted a 5.6-fold 

independent increase in breast cancer risk in high-risk women [82]. Other studies have 

also validated the reproducibility of RPFNA [91], and it has been shown to be an 

accurate assessment of short-term breast cancer risk and response to chemoprevention 

in high-risk patients [82,83,92-95]. 

In terms of chemoprevention, the selective estrogen receptor modulator 

tamoxifen has been shown by the National Surgical Adjuvant Breast and Bowl Project 

(NSABP) P-1 trial to reduce breast cancer incidence and breast density in high risk 

women [92-94,96-102] and thus has been approved by the United States Food and Drug 

Administration (FDA) for the prevention of breast cancer. However, there are many 

important limitations to the use of tamoxifen. The drug’s risks include 

thromboembolism and endometrial tumors, and some patients actually develop 

resistance to the drug [103-105]. The findings of the Royal Marsden randomized, double-

blinded tamoxifen breast cancer prevention trial and subsequent 20-year follow-up 

showed that for healthy women labeled as high-risk based predominantly on a strong 

family history, tamoxifen does not have a significant effect on overall breast cancer 

incidence [106,107]. Moreover, younger women tend more often to have estrogen-

receptor (ER) negative breast tumors, whereas tamoxifen has only been shown to reduce 
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the incidence of ER-positive cancers [104]. Younger women not only often carry a poor 

prognosis, but the menopause-like side effects of the drug will be especially felt by this 

particular population. That said, a simple reliance on the eligibility criteria of the FDA 

likely overestimates the number of women that will receive a net benefit from tamoxifen 

treatment because of the mounting evidence that the drug’s effects are complex, may 

likely vary depending on the genotype of the treated individual, and may need 

evaluation at the cellular level to truly determine whether that treatment is optimal 

[108,109]. Therefore, another aim of our study investigated whether changes in 

macroscopic 3D imaging features can accurately predict the outcome of 

chemoprevention. Response was measured with RPFNA cytology for a uniquely young 

high-risk cohort of women. Combining multi-modality 3D imaging and cytology 

resulted in unique risk biomarkers, and those biomarkers were used to investigate 

response to chemoprevention in a completely novel manner. 

1.6 Summary of study aims 
In summary, our goal was to develop a multi-modality approach to 3D 

quantitative breast imaging, and to apply these techniques toward the clinically 

significant tasks of measuring breast density as well as response to chemoprevention. 

Specific aims following: 

Aim 1: Establish feasibility of quantitative breast tomosynthesis using a single-

slice approach on tissue-equivalent phantoms 

 Aim 2: Use a 3D probabilistic approach to measure breast density for clinical 

tomosynthesis images based on clinical breast MRI ground truth 

 Aim 3: Evaluate the ability of quantitative 3D image features to predict 

cytological response to chemoprevention.
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CHAPTER 2. Aim 1: Establish feasibility of quantitative 
breast tomosynthesis using a single-slice approach on 
tissue-equivalent phantoms 

The purpose of this first aim was to investigate whether breast tomosynthesis can 

be used as a form of quantitative imaging. In this aim, we attempted to calculate breast 

density in one reconstructed slice at a time. This aim, part of which was published last 

year in Medical Physics [110] and part of which was recently submitted to Physics in 

Medicine and Biology [111], incorporates two imaging platforms: Monte Carlo simulations 

conducted using voxelized phantoms and breast tomosynthesis geometry [112] and 

empirical studies performed using tissue-equivalent plastic phantoms imaged on an 

actual breast tomosynthesis prototype system. Both empirical and simulation studies 

were based on a Siemens prototype MAMMOMAT NovationTOMO breast tomosynthesis 

system (Siemens Healthcare, Erlangen, Germany) with a W/Rh anode/filter and 45o 

total angular span.1 Twenty-five projection images were taken for each scan, with 

approximately 2o angular spacing. The pixel pitch of the 24 x 30 cm amorphous selenium 

detector is 0.085 mm, and no anti-scatter grid was used. The source is located 65 cm from 

the detector and 59 cm from the tube axis of rotation; the anode focal spot is 0.3mm. 

2.1 Develop simulated phantoms of different densities with 
voxel-level ground truth 

The simulations were carried out with PENELOPE Monte Carlo software.[113] 

The geometry used was identical to that used by Saunders et al to mimic the 

aforementioned Siemens prototype system [37]. The x-ray spectrum used was generated 

using a DOS-based Spectrum program to simulate 28-kVp beam with a tungsten target 
                                                        

1 Breast tomosynthesis is an investigational practice and is limited by U.S. law to 
investigational use. It is not commercially available in the U.S. and its future availability 
cannot be ensured. 
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filtered with 50 µm rhodium [114], and electronic noise was added. For each simulation 

experiment, 25 projection images were generated (one per tomosynthesis angle), 

keeping primary and scattered photon counts separate to facilitate independent analysis. 

These simulations were run on a Linux-Intel shared computing cluster at Duke using 25 

parallel computing nodes per simulation run (one per projection image) and 8-9 hours 

per node. In total, the two simulation runs involve a computational cost of 

approximately 400 CPU-hours. 

2.1.1 Simulation of uniform phantoms defined by basic geometry 

 The first voxelized phantom was modeled as a 4.5 cm thick breast equivalent 

material containing eleven 1x1x0.5 cm cuboid lesions with densities ranging from 0% to 

100% glandular fraction at 10% intervals. The lesions were embedded at three different 

depths within the phantom: 5mm from the detector cover (lesions near the bottom of the 

phantom), 20mm from the detector cover (lesions at the center of the phantom), and 

35mm from the detector cover (lesions near the top of the phantom). (Figure 1) 

 

Figure 1: To-scale schematic of voxelized phantom used in the Monte Carlo 
simulations. The phantom was 4.5-cm thick with three identical sets of 11 cuboid 

lesions each. One lesion set was placed at each of three depths within the phantom. 

The elemental composition of each lesion was estimated by linearly interpolating 

between NIST published values for adipose and breast tissue (ICRU-44) [115]. The 



 

 11 

material surrounding the lesions was set to be either fat or glandular equivalent, thus 

requiring two separate simulation runs of three experimental settings each (Table 1). 

Table 1: Parameters tested in the three simulation experiments on uniform 
phantoms: effects of overlapping material (material density), lesion distance from 

detector cover (depth in phantom), and scattered radiation 

Overlapping 
Material 

 Lesion Distance from 
Detector Cover 

 
Radiation 

Fat Glandular  5mm 20mm 35mm  
Primary 

Only 

Primary 
and 

Scattered 
x    x      x   
x      x    x   
x        x  x   
x    x        x 
x      x      x 
x        x    x 
  x  x      x   
  x    x    x   
  x      x  x   
  x  x        x 
  x    x      x 
  x      x    x 

         
 

2.1.2 Simulation of anthropomorphic phantoms with complex details 
mimicking anatomical distributions of adipose glandular, and other 
tissues 

To overcome the overly simplified scenario of uniform phantoms, previously 

developed code was used to simulate a realistic voxelized breast phantom.[112,116,117] 

The original phantom consists of skin, adipose and glandular tissue, ductal networks, 

masses, and calcifications (Figure 2).  
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Figure 2: Central slice through voxelized anatomical breast phantom. Each 
material is assigned a different color (background=dark blue, skin=yellow, 

ducts=light red, adipose=light blue, glandular=aqua, lesions=dark red). Calcifications 
not included in central slice and are thus not shown in this image. 

Rather than quantify the masses throughout the nonuniform anatomical background, 

the overall breast density was estimated for each image volume and compared to the 

actual density of the simulated input phantoms. The material compositions of the 

adipose, glandular, and composite “mass” tissue were made as governed by ICRU-44 

[115]. The skin, duct, and calcification compositions were those given by PENELOPE 

[118].  

For these experiments, the phantoms used had a 7 cm cross-sectional radius and 

were compressed to thicknesses of 4cm, 5cm, and 7cm. Based on previous research 

concluding that most women have, in actuality, breast densities of under 45%, the 

overall density of each phantom was set to one of the following: 15%, 23%, 35%, 50%, or 

60% [119]. The thickness and density of each simulated phantom is in Table 2. 
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Table 2: Anthropomorphic phantom input thicknesses and densities for 
simulations. 

 

Thus far, we have discussed methods of simulating both uniform and 

anthropomorphic breast phantoms. These phantoms provide voxel-level ground truth of 

breast tissue composition. In the following section, we will describe a different 

experimental setup where actual physical phantoms were built and then imaged on a 

tomosynthesis prototype system to validate the aforementioned phantom simulations. 

2.2 Empirically validate simulation results by imaging uniform 
breast phantoms on a prototype device 

Using the breast tomosynthesis prototype system, images were taken of tissue-

equivalent plastic phantoms under several configurations. All phantoms contain 

“background” slabs of 10x15x2 cm uniform tissue-equivalent plastic (CIRS Inc., Norfolk 

VA). Two slabs of either fat-equivalent plastic or glandular-equivalent plastic comprise 

the background for each phantom image. To facilitate comparison against the 

aforementioned virtual uniform phantoms (Figure 1), eleven lesions varying in density 

from 0%-glandular / 100%-adipose to 100%-glandular / 0%-adipose in increments of 

10%-glandular manufactured by CIRS (cylindrical 1 cm diameter by 0.5 cm height) were 

placed in 0.5 cm of Crisco brand vegetable shortening (J.M. Smucker Company, Orrville 

OH) to avoid large density changes due to air contrast, resulting in a single thin slab that 

could be placed at different depths relative to the background slabs (Figure 3). 
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Figure 3: Schematic of phantom arrangements used to test for lesion depth 
dependence. The lesion layer was identical for all images, whereas the background 

slabs were both either fat- or glandular-equivalent plastic. To test energy and 
exposure dependence, the central arrangement was used for all images. 

Ordering of the eleven lesions was randomized to minimize false trend effects due to 

gradual background changes such as beam hardening or scatter. The experimental 

settings test dependence on one parameter at a time, holding all else constant (Table 3). 

Additionally, the proposed analysis methods were validated using a different, widely 

available QA phantom. Though the surrounding plastic was still uniform, the phantom 

contains a 1 cm thick five-part step-wedge, microcalcification specks, nylon fibers, a line 

pair target, and 75%-dense hemispheric masses of varying sizes. For this test, the CIRS 

Model 11A breast phantom (Figure 4) was imaged with a 27kVp beam and exposure of 

180mAs. The step-wedge inclusions were used to test the ability of the proposed 

technique to correctly quantify the three largest 75%-dense masses. 
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Figure 4: CIRS Model 11A breast phantom schematic from specification sheet 
with description of step wedge and hemispheric masses included in this study 

Table 3: Parameters tested the empirical experiments: effects of overlapping 
material (material density), lesion distance from detector cover (depth in phantom), 

beam energy, and tube exposure 

Overlapping 
Material   

Lesion Distance 
from Detector 
Cover (mm)   Energy (kVp)   Exposure (mAs) 

Fat Glandular   0 20 40   26 28 30 32   125 150 175 200 225 
x   x     x      x   
x     x   x      x   
x    x    x      x   
x    x   x       x   
x    x     x     x   
x    x      x    x   
x    x    x    x     
x    x    x     x    
 x  x     x       x  
 x    x   x       x  
 x   x    x       x  
 x   x   x        x  
 x   x     x      x  
 x   x      x     x  
 x   x    x      x   
  x     x       x               x 
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2.3 Image reconstruction and analysis 
Image reconstruction for all phantoms, both simulated and empirical, was 

performed with a filtered backprojection (FBP) algorithm  (TomoEngine software, 

Siemens Healthcare, Erlangen Germany) [120]. This is the same reconstruction algorithm 

of the breast tomosynthesis system used in many clinical installations outside of the US. 

The reconstruction renders volumetric data sets with voxels of 0.085 mm x 0.085 mm x 1 

mm (i.e., slice thickness of 1 mm).  

2.3.1 Analysis for all uniform phantom images 

For all uniform phantom images, both simulated and empirical, the following 

analysis was employed to assess the single slice quantitative potential for breast tomo. 

After reconstruction, the voxel values remained as floating-point numbers rather than 

being rescaled to integers to avoid loss of precision. Quantitative analysis was 

performed by measuring the mean and standard deviation for a 5x5 mm region-of-

interest (ROI) in each lesion in one slice per image volume. The slice analyzed was that 

traversing the center of each lesion set based on the known geometry of the acquisition. 

The relationship between the mean image intensity value and the known glandular 

fraction for each lesion was then investigated and evaluated for linearity by calculating 

the correlation coefficient, R2, for each least-squares line, one per set of imaging 

parameters.  Calculation of R2 follows Equation ( 1 ). 

€ 

R2 =
yi − y ( )∑ xi − x ( )[ ]

2

yi − y ( )2 xi − x ( )2∑∑
, 

( 1 ) 

where yi is each mean intensity value, 

€ 

y  is the overall mean of intensity values, 

€ 

xi  is 

each known glandular fraction, and 

€ 

x  is the overall mean of the known glandular 

fractions. 
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To preliminarily assess how materials in each slice affect surrounding slices, the 

mean and standard deviation for a 4.25x4.25 mm ROI with the same center as that 

previously used for the empirical and simulated 10%- and 70%-glandular lesions were 

measured in all slices throughout the entire phantom. Slightly smaller ROIs were used in 

this portion of the study to minimize artifacts from aliased lesion edges entering the 

regions measured. The relationship between slice distance from the protective plastic 

cover resting 1.55 cm above the detector (or depth in the phantom) and voxel value can 

then be used to assess slice-to-slice continuity and out-of-plane contributions as the 

lesion comes into and out of focus. 

To reduce false background trends due to local nonuniformities that were a 

result of heel effect, scattered radiation, and tomo reconstruction, a simple in-plane 

background correction method was applied. For each lesion ROI, an adjacent ROI of 

identical size was measured in the surrounding material (either Crisco® or simulated 

tissue equivalent plastic), and the mean intensity of the background ROI was subtracted 

from that of the lesion ROI, as in Equation ( 2 ). 

€ 

D(lesion) = V (lesion)meas −V (bkgd)meas , 

( 2 ) 

where 

€ 

D(lesion)  is the “corrected” lesion voxel value, 

€ 

V (lesion)meas  is the lesion ROI voxel 

value as measured from the image, and 

€ 

V (bkgd)meas  is the corresponding ROI mean value 

for the surrounding material.  

 Moreover, because the correction method depends on the material surrounding 

the lesions, and the virtual phantoms contain one of two contrasting background 

materials (either fat or glandular-equivalent plastic), another normalization was 

necessary to compare the corrected ROI voxel values. This additional subtraction is 
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equivalent to setting the corrected ROI mean for the 0%-glandular lesion to 0 despite the 

surrounding material, as demonstrated in Equation ( 3 ). 

€ 

D(0%) = V (0%)meas −V (bkgd0%)meas , 

( 3 ) 

where 

€ 

D(0%)  is the corrected value for the 0% lesion ROI, 

€ 

V (0%)meas is the raw image 

voxel value measured in a region determined to be “true fat” by the human observer, 

and 

€ 

V (bkgd0%)meas is the raw measured voxel value of an ROI from material adjacent to the 

predetermined “true fat” region. Then, Equation ( 4 ), in combination with Equation ( 3 ), 

will complete the conversion to surrounding material-invariant voxels: 

€ 

D(lesion)NoBkgd = V (lesion)meas −V (bkgd)meas( ) −D(0%),  

( 4 ) 

where 

€ 

D(0%)  was determined with Equation ( 3 ), and, as mentioned previously, 

€ 

V (lesion)meas  and 

€ 

V (bkgd)meas  are the raw values measured from image ROIs, and 

€ 

D(lesion)NoBkgd  is the new surrounding material-invariant net intensity value for each 

lesion. Therefore, by definition, 

€ 

D(0%) NoBkgd ≡ 0.  

( 5 ) 

This correction method was applied to all reconstructed images prior to plotting the 

corrected tomo voxel values against known glandular density.  

2.3.2 Analysis for anthropomorphic phantom images 

After analyzing single slice lesion quantitation in a uniform background, we 

calculated and analyzed overall breast density quantitation for the simulated 

anthropomorphic phantoms. As noticed in reconstructed images of uniform-background 

phantoms, out-of-plane contributions lead to non-uniformities in the voxel values within 

a reconstructed slice. However, we could not simply subtract away neighboring values 
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within the same slice as previously described, because the surrounding material was not 

uniform for the simulated anthropomorphic phantoms. Therefore an alternative 

approach was devised to reduce nonuniform background trends for these phantoms. A 

“universal” background in the form of a uniform all-adipose breast phantom with the 

same size and thickness as the input phantom was simulated. Since the phantom has 

uniform density, the voxel intensities should ideally be the same throughout. A 10x10 

voxel2 ROI was placed in the region of minimum intensity in each reconstructed slice, 

and its mean intensity was defined as the “ideal” adipose intensity value for that slice. 

For each slice, a nonuniformity correction map was generated by calculating the scaling 

correction factor that we define as the ratio of the ideal intensity value to the actual value 

of each voxel within the simulated uniformly adipose phantom. For the nonuniformity-

corrected new phantom, each voxel was then divided by the corresponding scaling 

factor to in each slice.  The above described technique can be summarized according to 

Equation ( 6 ) and Equation ( 7 ): 

€ 

ScalingFactor =
Voxel Value in Uniform Adipose Breast

Ideal Value for Adipose in Uniform Breast
 

( 6 ) 

€ 

CorrectedVoxelValue =
Voxel Value in Anthropomorphic Phantom

ScalingFactor
 

( 7 ) 

Following the uniformity correction, as an initial proof-of-concept, the breast region was 

automatically segmented by simply assuming a bimodal image histogram as was done 

for the MRIs for probabilistic model training described in detail in Chapter 3. The slice-

by-slice density was then calculated for each of 11 centrally located slices by dividing the 

number of glandular-labeled voxels by the total number of voxels. The absolute error for 

each slice was defined as the difference (in percent density) between the actual density 
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of the input phantom slice and the threshold-segmented density of the reconstructed 

image slice. 

2.4 Results: establishing feasibility of quantitative breast 
tomosynthesis with a single slice approach 

2.4.1 Simulated uniform phantom results 

We will begin by analyzing the simulations of the uniform phantoms. After 

reconstruction, there was a visible difference in brightness of the lesions: denser lesions 

indeed appeared brighter as seen in Figure 5. 

 

Figure 5: One slice lesion through the cuboidal lesions from a Monte Carlo 
simulation result. Note the change in grayness from left to right in both images 
(lesion brightness increases with density); however, it is difficult to distinguish 

between the simulated lesions because lesions are placed directly adjacent to each 
other in order of increasing density; dark outlines and labels were added later to 

facilitate lesion distinction.  

The efficacy of our background correction method is well-demonstrated in 

plotting the first simulation results under the “ideal” scenario of scatter-free projection 

images for the glandular-overlapped phantom; one can clearly see the variation seen in 

the tomo values from ROIs placed in the background material adjacent to each lesion, 

especially those near the 0% and 100% lesions due to their placement near the edge of 

the phantom (Figure 6). The raw voxel values were negative before correction because of 

the limited number of projections acquired in tomo; negative contributions from 

backprojected, filtered projection images would typically cancel out in the case of 

complete angular sampling. Moreover, due to the ramp filter incorporated in 
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reconstruction, the low frequencies are suppressed which causes the average float value 

for the image to be near zero, and hence the small, negative raw voxel values.  

 

Figure 6: Demonstration of local background correction method. Original 
lesion values (squares) were corrected by subtracting nearby background values 

(pluses) to produce corrected lesion values (x’s) plotted on the secondary y-axis that 
vary linearly with lesion glandularity. Least-squares best-fit line for corrected (post-

subtraction) voxel values is shownR2 = 0.989. Bars on corrected voxel values represent 
standard error. 

For all reconstructed images, once the ROI values were collected and corrected as 

governed by Eqs. ( 2 ) and ( 4 ), least-squares analysis was used to determine the 

relationship between voxel value and known lesion glandular fraction for each imaging 

scenario (both empirical and simulated). The correlation coefficient, R2, as defined 

previously in Eq. ( 1 ), can be considered a figure of merit for the linearity of the 

relationship between corrected voxel value and known lesion density under each set of 

imaging parameters. Error bars were not shown in Figure 6 for the lesion and 

background means because standard errors were less than 1E-03, such that error bars 

would have been smaller than the markers themselves.  
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2.4.1.1 Results from simulation experiments 1 and 2: effects of scattered radiation and 
background density 

Once our background correction was applied, the effects of scattered radiation on 

linearity can be seen for the lesions centrally embedded in each of the two different 

overlapping materials in Figure 7. The following relationships were obtained from least-

squares analysis (Table 4): 

Table 4: Summary of least-squares analysis results (95% confidence intervals) 
for simulation experiments comparing density of overlapping material and inclusion 

of scattered radiation (Lines displayed with data in Figure 7) 

 

 

Figure 7: Plot of image voxel values for simulations comparing both 
background material density and the effects of scattered radiation along with trend-

lines determined by least-squares analysis and standard error bars 
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An analysis of variance (ANOVA) between the best fit line parameters (i.e. slopes and 

intercepts) revealed that there was a statistically significant difference between the line 

slopes and intercepts for images containing both primary and scattered photon counts 

and the images that only contain the primary signal (p << 1E-04) for both phantom 

backgrounds. Comparing the background materials under each condition revealed 

statistically significant differences in intercepts between fat and glandular backgrounds 

for images with both primary and scattered signal (p < 0.003) but not in slopes (p > 0.20). 

No statistically significant differences were reported between the fit lines for fat and 

glandular backgrounds in the images reconstructed without scatter (p > 0.08 for both 

slope and intercept). 

2.4.1.2 Results from simulation experiment 3: effect of depth 

After correction and subsequent least-squares analysis, the following 

relationships and fitness values were derived (Table 5) for the three different lesion 

depths tested: 

Table 5: Summary of least-squares analysis results (95% confidence intervals) 
for simulation experiments comparing lesion depth, all include scattered radiation. 

(Lines are displayed with data in Figure 8) 

Overlapping 
Material 

Distance from 
Detector Cover (mm) Least-Squares Results 

Fat Glandular 5 20 35 Slope (*10-4) Y-Intercept (*10-4) R2 
x   x  (1.37, 1.67) (-13.5, 3.99) 0.984 
x  x   (1.40, 1.72) (-15.8, 3.08) 0.982 
x    x (1.55, 1.83) (-13.8, 2.45) 0.989 
  x  x  (1.43, 1.68) (5.12, 19.8) 0.989 
 x x   (1.52, 1.76) (-3.76, 10.2) 0.991 
 x   x (1.45, 1.67) (0.985, 14.1) 0.991 
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Figure 8: Plot of voxel values for different lesion depths for the virtual 
phantoms with (left) fat background and (right) glandular background with bars 

showing standard error. Both plots share the same y-axis scale. Legend refers to lesion 
set location (“bottom” meaning closest to detector). 

An ANOVA between the best fit line parameters along with Tukey’s honest significant 

difference (HSD) test for multiple comparisons of means on the ANOVA results [121] 

revealed that, in the fat background phantom, the fit lines for centrally embedded 

lesions had a statistically significant different intercept from that for the lesion set 

farthest away from the detector (padj = 0.047) whereas all slopes can be considered 

homogeneous (p > 0.18). For the glandular background phantom, homogeneous line 

slopes (p > 0.46) and intercepts (p > 0.065) were observed. 

2.4.2 Empirical uniform phantom results 

Next, we will analyze the results obtained from imaging real phantoms on a 

breast tomo prototype system. After reconstruction, as noted for the simulated uniform 

phantoms, there was a visible difference in brightness of the lesions: denser lesions 

indeed appeared brighter in the images of the actual tissue-equivalent plastic phantoms 

(Figure 9).  
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Figure 9: One slice lesion through the cylindrical lesions from a reconstructed 
volume image with the known glandular fraction (in percent) of each plastic piece 
labeled. For display purposes, the regions of interest were re-sorted from the actual 

random order. 

2.4.2.1 Empirical experiment 1: effect of lesion depth 

After performing identical operations to the ROI measurements made in the uniform 

simulation images to the empirical measurements, an ANOVA revealed that there was 

no significant difference between the least-squares fit lines for any of the three different 

slice depths tested for each of the overlapping materials tested (all p > 0.60). The slope 

and intercept confidence intervals for the relationship between corrected voxel value 

and known glandular percentage along with correlation coefficients are seen in Table 6. 

The fit lines and corrected voxel values are seen in Figure 10. Standard error bars are not 

shown in any of the empirical image plots because for all conditions the standard error 

was less than 2.5E-04, so the bars would be smaller than marker symbols. 

Table 6: Summary of least-squares analysis results (95% confidence intervals) 
for empirical experiments comparing lesion depth (Lines are displayed with data in 

Figure 10). 

Overlapping 
Material 

Distance from 
Detector Cover (mm) Least-Squares Results 

Fat Glandular 0 20 40 Slope (*10-4) Y-Intercept (*10-4) R2 
x   x  (2.46, 3.79) (-22.1, 56.6) 0.926 
x  x   (2.71, 3.67) (-8.02, 49.0) 0.961 
x    x (2.75, 3.34) (1.31, 36.3) 0.984 
  x  x  (2.11, 3.21) (-58.7, 6.57) 0.930 
 x x   (1.95, 3.20) (-50.1, 24,2) 0.905 
 x   x (2.27, 3.06) (-49.4, -2.79) 0.963 
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Figure 10: (Left) Plot showing lack of dependence of corrected voxel values on 
depth for the fat-background phantom and (right) likewise for the glandular 

phantom. Legend refers to relative position of lesion layer to background slabs. 
Standard error bars not shown as they are smaller than marker symbols. 

 

2.4.2.2 Empirical experiment 2: effect of background material 

Since there was no significant difference for the different slice depths, only the 

centrally placed lesion phantoms taken at 28kVp and 175mAs were plotted to compare 

the two different overlapping materials (Figure 11). As expected from viewing the plot, 

the fit line intercepts were indeed significantly different for the different background 

materials (p < 4E-05); the line slopes, on the other hand, were not significantly different 

(p > 0.20). 
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Figure 11: Plot illustrating the dependence of corrected voxel values on 
background material density for the empirical phantoms. Standard error bars not 

shown, as they are smaller than marker symbols. 

2.4.2.3 Empirical experiment 3: effect of energy 

Testing the different energies while keeping the exposure, overlapping material, 

and lesion placement constant showed that, for the fat-overlapping phantom (Figure 12), 

none of the energies tested have fit lines that were statistically significantly different 

from each other (from ANOVA, p > 0.50 for both slopes and intercepts). The least-

squares derived line parameters’ 95% confidence intervals are shown in Table 7 below: 

Table 7: Summary of least-squares analysis results (95% confidence intervals) 
for empirical experiments comparing energy for fat background (Lines are displayed 

with data in Figure 12). 

Energy (kVp) Least-Squares Results 
26 28 30 32 Slope (*10-4) Y-Intercept (*10-4) R2 
x    (2.69, 3.86) (-19.1, 50.1) 0.947 
 x   (2.46, 3.79) (-22.1, 56.6) 0.926 
  x  (2.37, 3.50) (-10.6, 56.6) 0.938 
   x (2.20, 3.44) (-16.4, 57.5) 0.921 
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Figure 12: Plot demonstrating lack of dependence of voxel values on energy for 
phantom with fat-equivalent plastic as the background material. Standard error bars 

not shown, as they are smaller than marker symbols. 

However, for the glandular-overlapping phantom (Figure 13), an ANOVA 

followed by Tukey’s HSD test showed that the fit line intercept value was significantly 

different at 28kVp (padj< 0.049 for all comparisons of energies with 28kVp). The 

remaining energies’ line intercepts were not significantly different from each other (padj> 

0.80). No statistically significant difference exists between any of the line slopes for all 

four energies (p > 0.50). The best-fit line parameter confidence intervals for each energy 

are seen in Table 8 below, and data values are plotted with the lines in Figure 13.  

Table 8: Summary of of least-squares analysis results (95% confidence 
intervals) for empirical experiments comparing energy for glandular background 

(Lines displayed with data in Figure 13) 

Energy (kVp) Least-Squares Results 
26 28 30 32 Slope (*10-4) Y-Intercept (*10-4) R2 
x    (2.34, 3.57) (-43.7, 29.4) 0.929 
 x   (2.11, 3.21) (-58.7, 6.57) 0.930 
  x  (2.42, 3.16) (-24.0, 19.7) 0.970 
   x (2.26, 2.87) (-14.1, 22.3) 0.975 
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Figure 13: Plot demonstrating the dependence on energy for glandular-
background phantom imaged at 28kVp and independence of energy for same 

phantom imaged at 26, 30, or 32kVp. Standard error bars not shown, as they are 
smaller than marker symbols. 

2.4.2.4 Empirical experiment 4: effect of exposure 

For the different exposures tested, all other parameters including energy, 

overlapping material, and lesion placement were held constant for comparison. For each 

different background, no statistically significant difference in fit line parameters was 

noted between the three exposure levels tested (p > 0.50 for both slopes and intercepts). 

This is especially made apparent in the corrected voxel values plot (Figure 14). Line 

parameter confidence intervals are as follows in Table 9: 
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Table 9: Summary of least-squares analysis results (95% confidence intervals) 
for empirical experiments comparing exposure (Lines are displayed with data in 

Figure 14) 

Overlapping 
Material 

Exposure 
(125-175mAs fat; 175-

225mAs glandular) Least-Squares Results 
Fat Glandular low mid high Slope (*10-4) Y-Intercept (*10-4) R2 
x  x   (2.51, 3.57) (-23.1, 40.8) 0.948 
x   x  (2.45, 3.52) (-16.8, 46.7) 0.946 
x    x (2.46, 3.79) (-22.1, 56.6) 0.926 
  x x   (2.17, 3.36) (-71.4, -0.829) 0.924 
 x  x  (2.11, 3.21) (-58.7, 6.57) 0.930 
 x   x (2.11, 3.42) (-73.9, 3.63) 0.910 

 

 

Figure 14: Plots showing lack of lack of dependence on exposure level for the 
corrected image voxel values within each background density (fat left, glandular 
right). Standard error bars not shown, as they are smaller than marker symbols. 

 

2.4.2.5 Clinical QA phantom testing 

All studies above were based on a single type of phantom (eleven 0.5cm-thick, 

customized lesions within uniform material) for both empirical and simulation 

experiments. As a preliminary test of robustness, the background correction rescaling 

method was applied to a different, commonly available CIRS Model 11A breast 

phantom. Linearity was well demonstrated for the five inclusions comprising the 

stepwedge (Figure 15) with R2=0.989, and our methods were further tested on three of 
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the 75%-dense masses. Densities of these masses were underestimated as shown by the 

markers appearing below the fitted line, with greater errors observed for smaller masses. 

The smallest mass would appear to be approximately 55% dense instead of its known 

density of 75%. 

 

Figure 15: Plot showing test of methods on CIRS Model 11A breast phantom 
1cm-thick stepwedge and three of the seven hemispheric lesions with thicknesses 

noted on the plot legend. 

2.4.3 Investigation of out-of-plane effects on lesion quantitation 

Voxel values were measured in all slices above and below the central slice 

containing two cylindrical lesions of 10% and 70% glandular composition for empirical 

and two cuboid lesions of the same densities for simulated phantoms. All five cubic step 

wedge lesions were likewise measured in the CIRS Model 11A breast phantom. The 

lesions were each embedded in a 0% (fat), a 100% (glandular), or a 50% dense 

surrounding background. The resulting plots are seen in Figure 16.  
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Figure 16: Plots of z-dependence of voxel values in slices above and below the 
10% and the 70% lesion for phantoms containing 11 lesions and likewise for all 

5stepwedge lesions in the CIRS Model 11A phantom. Slices known to include the 
lesion cross-sections are marked with black bar near the x-axis. Analysis was 

performed using simulation (top row) and empirical phantoms (bottom rows), and 
with fat (left column) versus glandular (right column) versus 50% (bottom center) 

surrounding background.  
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2.4.4 Simulated anthropomorphic phantom density results 

The previous experiments focused on quantifying localized lesion density in both 

real and simulated uniform backgrounds. The next experiment sought to quantify 

volumetric breast density in simulated anthropomorphic phantoms. The effectiveness of 

the uniformity correction technique can be seen in Figure 17, which shows the 

reconstructed central slice before and after the correction technique was applied. This 

non-uniform background correction technique does help in reducing the cupping 

artifact as seen from the line profiles in Figure 18. 

 

Figure 17: (Left) Tissue and dark areas represent fat, (Center) reconstructed 
central slice of breast phantom, and (Right) reconstructed central slice after non-

uniform background correction. The region of fat around the breast skin interface 
appears as a white band in (Center) but appears more normalized in (Right).  
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Figure 18: (Left) Line profile through the reconstructed central slice without 
uniformity correction, and (Right) line profile through the reconstructed slice after 
uniformity correction was applied. The region of breast used to generate the line 

profile for (Left) and (Right) is shown in Figure 17 (Center) and (Right), respectively. 

The density estimation and error analysis for each analyzed slice (11 total) of a simulated 

anthropomorphic breast phantom with 35% overall density is summarized in Table 10. 

Table 10: Results from slice-independent threshold-based density estimation. 
The Correct Voxel column represents the number of correctly identified voxels. 

Column averages are included on the last row. 

Slice index Input Phantom 
Density (%) 

Density 
Estimate (%) 

Absolute Error 
(%) 

Correct Voxel 
(%) 

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 (center) 37.4 44.0 6.6 75.8 
7 36.3 44.2 8.0 75.4 
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 
 

The central slice density estimation after threshold segmentation with voxel-level error 

is in Figure 19. 
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Figure 19: Resulting density estimation for central slice of 35% dense phantom. 
(Left) shows original input image slice with white=glandular and gray=adipose or 

direct beam, (Center) is segmented slice, and (Right) is voxel-level error, Truth – 
Estimate, with corresponding colorbars shown.  

The remaining phantoms of different densities and thicknesses have their summed 

voxel-level error over 11 central slices summarized in Table 11. 

Table 11: Summary of anthropomorphic phantom density estimation results 

 

2.5 Discussion of results: slice-by-slice quantitation experiments 

2.5.1 Simulation and empirical experiments on uniform phantoms 

For the geometrically simple uniform phantoms, a wide variety of parameters 

were evaluated which may affect the quantitative ability of breast tomo. First, Monte 

Carlo simulation techniques were used to establish feasibility while ensuring control 
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over all parameters. Several effects were studied: scattered radiation, lesion depth in the 

phantom, x-ray tube energy, and x-ray beam exposure level. Adding the effects of 

scattered radiation (Figure 7) appeared to slightly reduce the goodness of fit in the data 

and to significantly decrease the slope of the least-squares line (Table 4); one effect of the 

scattered radiation was thus to reduce the lesion contrast. Second, the empirical 

measurements showed that the slope and intercept values from the best fit relationship 

between corrected voxel value and density did not depend on depth (distance from the 

detector cover), energy, or exposure level for the fat-background phantoms. The lack of 

significant difference between fit line parameters for most energies in each background 

may be due to loss of low-frequency information from the FBP reconstruction. However, 

there was a significant difference in the fit line intercept for the glandular-background 

phantom when imaged at 28kVp as compared to that of other backgrounds or energies. 

It was unclear why this effect was observed.  There was likewise no difference between 

line parameters for various exposure levels while keeping energy constant for each 

phantom. Thus, over a wide range of clinical energy and exposure levels, the linear 

relationship of corrected voxel value to known density depends only on the density of 

the overlapping material. Therefore, with the exception of a few specific conditions, the 

reconstructed voxel values were always highly positively correlated with true tissue 

density, with all least-squares “goodness of fit” R2 values above 0.9. 

The proposed technique was equivalent to a subtraction of the background 

corresponding to fat, thus calibrating many different imaging conditions together into a 

common, linear framework. This subtraction likely was successful because it served to 

remove the low-frequency, non-uniform background within each slice due to such 

factors as heel effect, scatter, and reconstruction. 
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This study, despite its encouraging results, has several important limitations. 

Both the CIRS Model 11A phantom test and the z-dependence study revealed that out-

of-plane contributions definitely play a role that deserves further study. Testing our 

background correction method on the 11A phantom yielded encouragingly linear results 

for the large, cuboid stepwedge inclusions. However, the voxel values for the 75%-dense 

hemispherical masses fell below the fitted stepwedge line, which was likely a result of 

the contributing signal from the material above and below each slice, which may be 

exacerbated by partial volume effects within the slice of interest. For each mass, as size 

decreased, there was greater contribution from the surrounding 50%-dense material, 

which correspondingly resulted in a lower estimate of the actual glandular density.  

The aforementioned saliency of out-of-plane contributions was likewise 

exemplified in the z-dependence investigation. As shown in Figure 16, consistently 

across all simulations and empirical phantoms, the lesion in-plane contrast to its 

immediate surroundings appears to have propagated through all slices. This effect was 

demonstrated by comparing the central two plots in Figure 16 in which the less dense 

Crisco® surrounding the lesions created positive lesion-to-background contrast that was 

carried throughout the volume, regardless of the density of the material surrounding the 

lesions in the z-direction. This may be attributed to the FBP reconstruction causing a loss 

of low-frequency information. This loss was also manifested in the lack of significant 

differences for the energies tested, which is contradictory to CT. The trend of decreasing 

slope with increasing energy is seen very subtly in both fatty and glandular 

backgrounds, but preservation of more low-frequency information should cause the 

lines in Figure 11 and Figure 12 to be further spread out as they would be in CT.  
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2.5.2 Simulation experiments on anatomical-background phantoms 

To move from 10%-incremental single slice lesion quantitation toward the more 

clinically relevant task of measuring breast density in the presence of voxel-level ground 

truth, we next simulated several different thickness and compositions of mathematical 

anthropomorphic breast phantoms and calculated the density of 11 central slices. The 

densities estimated from the 11 reconstructed slices were then compared to the true 

densities of the input slices.  

Due to the binary nature of the automatic threshold segmented images, absolute 

error and average number of correct voxels were used instead of the mean squared error 

(MSE) to evaluate the performance of the thresholding algorithm. Mean squared error 

weighs larger errors more heavily and thus would not work well with our data where 

each voxel could have an error of -100%, 0%, or 100%. Moreover, because the bimodal-

histogram based thresholding technique groups the voxels based on their intensity 

values, its accuracy was greatly affected by out-of-plane contributions that are due 

primarily to tomo’s angular undersampling, which causes there to be a relatively small 

difference between the intensity value of adipose and glandular tissue. This effect was 

seen in the summary table of results showing a wide range of summed errors (from 7% 

underestimation to 11% overestimation) for the different phantom thicknesses and 

densities simulated. In other words, the image histogram for tomo image slices is not 

bimodal, so an alternative technique, likely in 3D, is needed for estimating density for 

images with complex anatomical backgrounds. 

2.6 Conclusions from 2D slice-by-slice quantitation for breast 
tissue equivalent phantoms 

In conclusion, for this aim, we assessed the quantitative potential of breast 

tomosynthesis using a prototype system and a relatively simple reconstruction and 
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image processing algorithm in a slice-by-slice fashion. The Monte Carlo simulation 

studies and experimental phantom images, including the 11A test phantom, all imply 

that breast tomosynthesis imaging has potential to be quantitative. In other words, 

quantitative information can likely be obtained from reconstructed tomosynthesis 

images. Moreover, the fact that lesion intensity varies linearly with known density for 

the wide range of conditions imaged in this study implies the basis for image processing 

steps to translate voxel values to quantitative units (the tomosynthesis equivalent to CT 

numbers) after the proposed background correction scheme was applied. However, 

despite the encouraging results, the study possessed several limitations such as limiting 

analysis to only one reconstructed slice at a time and the lack of corrections to alleviate 

out-of-plane contributions. To achieve volumetric quantitation with more complicated 

anatomical backgrounds as would be seen in clinical data, a more sophisticated and 

fully 3D approach must be taken. 
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CHAPTER 3. Aim 2: Use a 3D probabilistic approach to 
measure breast density for tomosynthesis images 

To move tomosynthesis quantitation toward true 3D, we investigated a 

probabilistic model for breast tomo density estimation.  Compared to the thresholding 

method described in Chapter 2, this approach relies upon not only local image intensity 

but also anatomical information. In addition, whereas Chapter 2 was limited to various 

phantoms, we will proceed with using actual human subject images. This work therefore 

has the potential to estimate density more accurately and robustly, and to ensure 

relevance in a clinical setting. Because they can differentiate well between adipose and 

glandular tissue, breast MR images were used to train and validate the probabilistic 

model for estimating breast tomo density.  Patient images in this portion of the study 

were obtained by methods approved by the Human Subjects Committee and 

Institutional Review Board at Duke University Medical Center in accordance with 

assurances filed with and approved by the Department of Health and Human Services. 

3.1 Segmenting breast MRIs to use as density ground truth and 
model training 

For this study, we used breast MR images to establish the gold standard for 

breast tomo density in clinical images. To segment the MRIs, a simple bimodal 

histogram threshold-based segmentation scheme was used to measure volumetric breast 

density and then to be the gold standard for breast tomo density estimation for clinical 

images. For this aim, a total of 293 MRI breast volumes (where each breast was treated 

separately) were segmented for 68 women studied from 2004 – 2009; many women 

obviously had several MRIs acquired over the specified five year time span. 

For this and all future portions of this study involving patient MR images, T1-

weighted, fat-suppressed 3D MR sequences (448mm x 448mm or 512mm x 512mm 
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matrix with 1-2 mm slice thickness) were taken on 3.0T Siemens Magnetom Trio, 1.5T 

Siemens Magnetom Avanto, GE Signa HDxt 3.0T, and GE Signa HDxt 1.5T Optima 

edition systems, all with a dedicated breast coil. Image orientation was checked visually 

and changed if necessary.  

Initial breast boundary segmentation was performed by automatic edge 

detection [122,123] (high-pass filtering) to take advantage of the bright appearance of 

skin in the pre-contrast MRIs. Because the automatic edge detection likely leaves gaps in 

the breast boundary and may highlight noise outside of the patient body, several 

additional steps were taken to connect and smooth the voxels that actually lie on the 

breast-air boundary. A 20x20 voxel2 average filter was applied to the edge image to 

create a smoother binary image of the thickened edges. Finally, connected components 

analysis [124] was used to isolate the one or two largest connected components in the 

binary image. For most cases, both breasts together should make up the largest 

connected component; otherwise, each breast will be one of the largest two connected 

components. This analysis was done to remove small, bright, noisy areas that may still 

appear outside of the breast area. After setting the breast-containing areas equal to a 

logical ‘1’ using connected components analysis and all other remaining outside area to 

logical ‘0’, the smooth breast-air boundary then corresponds to the first instances of 1’s 

in each column as the image was traversed from top (anterior) to bottom (posterior). 

Because it has been shown that including skin in segmented breast MRIs can 

significantly increase density measurements [125], the skin was assumed to be a constant 

5mm (5 voxels) inward from the breast-air boundary. The breast area inside the breast-

air boundary was then redefined as it was traversed from right to left as containing 5 

voxels less in the anterior direction. 



 

 42 

The chest wall boundary was traced by fitting a second-order 2D polynomial 

between the sternum and corner location estimates. Once the air outside of the breast 

has been set to zero, the sternum was estimated to be the most posterior nonzero value 

between the two most anterior nonzeros in the breast-air boundary image, as these two 

anterior-most points were assumed to be the nipple locations. The chest wall corners 

were estimated to be the most posterior nonzero values at the left and right sides of the 

left and right breasts, respectively (example with said locations marked “X” in Figure 

20). 

 

Figure 20: (Left) Original MRI slice with sternum and corners marked with “X”; 
(Right) Breast area chosen after automatically isolating breast-background and chest 

wall boundaries and removing skin along the breast-air boundary. 

Once the breasts were successfully separated from the image background 

(meaning the air outside of the breast and the body posterior to the chest wall), a simple 

iterative technique assuming a bimodal underlying voxel value distribution was 

employed to estimate the threshold value that best separated the two mean values. This 

thresholding technique is equivalent to a k-means clustering where K=2. First, the initial 

threshold T0 was set to be the overall average voxel value in the image, as in Eqn. ( 8 ): 

€ 

T0 = V , 

( 8 ) 
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where 

€ 

V is the average voxel value in the image. Based on the threshold value Ti , the 

voxels V within the breast area were separated into tissue classes (GAdipose and GGlandular) as 

follows: 

€ 

GAdipose= V ≤Ti{ }. 

( 9 ) 

The average value of each class 

€ 

G  was then computed, and the next threshold Ti+1 , was 

re-set to the mean of class averages: 

€ 

Ti+1 =
G Adipose + G Glandular

2
, 

( 10 ) 

and the process repeats until a small enough tolerance value for the difference in the 

current and previous threshold (Ti+1 – Ti) was reached [126], at which point the voxels 

with values above the threshold are labeled as glandular, and all other voxels in the 

breast area are labeled as adipose. The image example presented in Figure 20 is shown 

again with final segmentation results in Figure 21. 

 

Figure 21: (Left) Breast area chosen after automatically isolating breast-
background and chest wall boundaries as shown in Figure 20; (Right) Resulting 

adipose (gray) and glandular (white) tissue segmentation. 

This MRI density for each patient image is treated as the “ground truth” for testing 

subsequent tomosynthesis images. Although we can compare overall densities 

estimated by the two modalities, it is not practical to compare density on a voxel level 

due to inherent differences in positioning and compression. 
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3.2 Estimate breast density for tomosynthesis images using a 
3D hidden Markov model (HMM) trained on segmented breast 
MRIs 

3.2.1 Introduction of the hidden Markov model and its application to 
tissue segmentation 

Because of the limited acquisition angles in tomosynthesis imaging and the 

resulting dependence of each voxel on the voxels in slices above and below, a truly 

volumetric approach to quantitation cannot simply treat the in-plane rescaled voxel 

values in each slice as independent of the voxel values in surrounding slices. Because 

two distinct tissue types (adipose and glandular) comprise the majority of the breast and 

similar tissue types tend to “clump” together, it is presumed that this quantitation task 

can be modeled as a 3D hidden Markov model (HMM), for which the states are the 

tissue type, and the state emissions (i.e. what is observed) are the voxel values. The state 

diagram for the proposed HMM is seen in Figure 22.  

 

Figure 22: State diagram to visualize Markov chain that was used for mammogram 
segmentation. The hidden states are ‘A’ (adipose tissue) or ‘G’ (glandular tissue), and 

the state emissions (what is observed) are the image voxel values. 

The formal definition of an HMM will now be established and explained in detail how it 

was incorporated into the image segmentation problem. The state sequence here is the 

path that the voxels follow (in terms of tissue composition), denoted with π. The path 

follows a Markov chain in which the current state (tissue type of current voxel) only 
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depends on the predetermined tissue type of the surrounding voxels as a result of the 

advantageous memoryless property inherent to Markov chains. The ith state in the path 

is thus defined as πi , and the Markov chain can be characterized by Equation ( 11 ): 

€ 

akl = P π i = l  π i - 1 = k( ), 

( 11 ) 

where

€ 

akl  is the transition probability from state k (previous state) to state l (current 

state). Since this is a hidden Markov model, the state producing a certain voxel value is 

not known, and so each state can produce a value from a distribution of all possible 

values. Thus, the probability that value b is seen when in state k can be defined in 

Equation ( 12 ): 

€ 

ek = P xi = b  π i = k( ), 

( 12 ) 

where 

€ 

ek (b)  is defined as the state emission probability [127]. 

3.2.2 Model validation: training and testing on breast MRIs 

3.2.2.1 Methods for HMM validation 

Before training can commence, the voxel values for each MRI sequence were 

linearly rescaled to have the same range of values in all breast areas. This rescaling 

produced values ranging from 1 to 300 to capture most of the original images’ dynamic 

range while limiting the memory requirements to run the HMM, as to be described in 

detail. 

To show an initial proof of concept and to validate the model under the most 

optimum training and testing conditions, a subset of ten MRIs from the total set of 293 

previously threshold-segmented volumes were traversed one voxel at a time.  At each 

current voxel, the pre-established “true” tissue type of three neighboring voxels (two in-
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plane voxels in the x- and y-direction and one voxel above in the z-direction) and the 

value of the current voxel were noted and added to the HMM’s probability transition 

matrix (PTM) as depicted in Figure 23. 

 

Figure 23: Illustration of how the probability transition matrix is formed in the 
training step, with an ‘A’ or a ‘G’ entered into the corresponding position in the above 

matrix from the “true” tissue type (predetermined from MRIs ). 

After the entire image was traversed in this manner, the total number of voxels chosen 

to be glandular for each position in the PTM was simply divided by the total number of 

occurrences of that combination of value and previous state. Therefore, mathematically 

each position in the probability transition matrix is defined in training in Equation ( 13 ): 

€ 

P π i = l  xi = b,  π i - 1 = k( ) =
P xi = b,  π i - 1 = k,  π i = l( )
P xi = b,  π i - 1 = k,  π i = l( )

π i

∑
. 

( 13 ) 

This HMM is very simple in that it only has two possible current states (adipose or 

glandular) for each individual voxel. Incorporating three neighboring voxels (2 in-plane 

and 1 above) makes the model simple yet still truly three-dimensional.  

To test the HMM, once the current state has been decided based on the transition 

probability given the current voxel value and the previous state, the next voxel is able to 

be analyzed in the same fashion, and so on throughout the entire 3D image stack. For 
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this model, each voxel is set to adipose or glandular by drawing a 1 or a zero as clarified 

by: 

€ 

π i = l =
0 :     Adipose
1 :Glandular

.
⎧ 
⎨ 
⎩ 

 

( 14 ) 

Using prior general knowledge of breast anatomy, the states of the first voxels (i.e. the 

outermost planes in the volume) were initialized to be adipose (set to zero according to 

Equation ( 14 )). Once the model was initialized, the voxel values in the remaining 283 

test volumes can be traversed, determining the probability of each voxel being in a 

certain state from the transition matrix defined during training by Equation ( 13 ). A 

simpler form of Equation ( 13 ) may be derived with the knowledge that there are only 

two states possible for each voxel; each entry in the training probability matrix is 

represented by Equation ( 15 ): 

€ 

pbk = P π i = l  xi = b,  π i - 1 = k( ) =
P xi = b,  π i - 1 = k,  π i = l( )

P xi = b,  π i - 1 = k,  π i = 1( ) + P xi = b,  π i - 1 = k,  π i = 0( )
, 

( 15 ) 

where 

€ 

pbk  is the value in row b and column k of the training probability matrix. For the 

case defined in Equation ( 15 ), 

€ 

pbk  is the probability that the current voxel is glandular, 

given its previous state and current voxel value. Finally, that probability is translated 

into the current state of each voxel by drawing from a Bernoulli distribution with 

probability of success (i.e. probability that the voxel is glandular) 

€ 

pbk , as in Equation ( 16 

) below: 

€ 

π i ~ Binom N = 1, pbk( ). 

( 16 ) 

Once the decisions have been made, an image of the voxels labeled glandular can be 

viewed simultaneously with the original image to assess qualitative accuracy. 
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Quantitative accuracy for the model validation step was assessed by calculating the 

differences between the volumetric density measured for each breast MRI with 

thresholding and that measured with the HMM. 

3.2.2.2 Results of HMM validation 

For the 283 breast MRIs tested with the HMM trained on 10 breast images, breast 

density matched within + 5% between iterative thresholding and HMM for 70/214 

breasts and matched +10% for 127/214 breasts. All data-points are seen plotted in Figure 

24. 

 

Figure 24: Breast density scatter-plot with solid line to indicate exact match of 
threshold and HMM densities. Black dashed lines indicate match within 5%, and gray 

dashed lines indicate match within 10%. 

Most disagreement resulted from MRI slices at the inferior and superior ends of the 

sequence being misidentified as very dense in the simple threshold model; this issue was 

not encountered with the 3D HMM as depicted in Figure 25. 
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 Given the high agreement between the threshold and HMM segmented MRI 

densities, the next portion of this project, segmentation and density estimation for breast 

tomo images, was able to proceed. 

 

Figure 25: One example showing superior performance of HMM segmentation. 
Black is background (outside breast area), gray is adipose tissue, and white is 

glandular tissue. In this example, the thresholding technique over-estimated density 
considerably due to MRI enhancement nonuniformities and artifacts. 

3.2.3 Model testing on breast tomosynthesis 

3.2.3.1 Modification of MRI training methods for tomosynthesis testing 

Training and verification of the HMM segmentation algorithm was carried out 

on breast MRIs because adipose and glandular tissue are easily differentiable [7]; the 
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underlying gray value histogram within the breast has one distinct mode for each tissue 

type as portrayed in Figure 26. 

 

Figure 26: Example showing the bimodal gray value histogram (Right) of a 
sampled circular region-of-interest within the breast area from one MRI slice (Left). 

However, it was a major goal of this study to apply the trained HMM to breast 

tomo image segmentation. As mentioned previously, the angular undersampling 

introduces loss of information and image artifacts rendering tissue differentiation non-

trivial in tomo. As seen in Figure 27, the underlying gray value histogram does not have 

distinct modes for each tissue type. 

 

Figure 27: Example showing the gray value histogram (Right) of an ellipsoidal 
region-of-interest within the breast area from a tomo image slice (Left). Figure 26 and 

(Left) are the same breasts of the same subject. 

From our cohort of 383 subjects in the tomosynthesis trial, we retrospectively identified 

26 of the women with existing MRIs taken within one year of breast tomo. The one year 
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time span was selected to ensure breast density would be comparable between the two 

modalities. Analysis was limited to CC views for this preliminary study in order to 

avoid segmentation problems associated with the pectoralis muscle that is prominent in 

the MLO view. Moreover, each breast were analyzed independently, yielding 44 breast 

tomo volumes. Tomo images were obtained with a either the aforementioned Siemens 

Mammomat NovationTOMO prototype or the newer Siemens Mammomat Inspiration 

prototype with 25 projection images acquired over a 45o angular span (24cm x 30cm 

amorphous selenium detector, 0.085mm pixels).1 Filtered backprojection (Siemens 

TomoEngine version 9 software) was used to reconstruct the images into a volume of 1 

mm thick slices. Siemens’ automatic breast-air segmentation was used to set all voxels 

outside of the breast to zero for initial proof of concept testing. 

Because of this unique cross-modality paradigm of training the model on MRI 

and then testing on tomo, both modalities underwent several additional image 

processing steps. First, since current voxel value was one variable included directly in 

this HMM as described in Section 3.2.2, the training of the HMM was redone with MRIs 

processed to appear more like tomo images in terms of the gray level histograms. 

Because there was no way to ‘match’ the MRI histograms to all tomo image histograms, 

the MRI histograms were made more general and thus more representative of a range of 

tomo images by equalizing each of the breast MRI histograms before training. As 

mentioned previously, all images in this study were linearly rescaled for the maximum 

and minimum voxel values throughout each volume were 300 and 1, respectively. 

Additionally, to minimize the biasing effect of extreme voxel values corresponding to 

background or artifact, the highest and lowest 0.5% of voxels were re-set to the 

                                                        

1 The information about this device is preliminary. The safety and effectiveness of the devices for 
the uses discussed have not been established. The devices is under development and not 
commercially available in the United States; and its future availability cannot be ensured. 
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minimum and maximum gray values (1 and 300), and the remaining 99% of values in 

the volume were linearly rescaled from 2 to 299. After this linear rescaling, the 

histogram was computed for each breast image volume using 10 bins. For each bin i, the 

relative frequency rfi was found simply by dividing the number of values in each bin fi 

by the total number of values in each breast over all 10 bins, as in Equation ( 17 ). 

€ 

rfi =
f i

f j
j=1

10

∑
 

( 17 ) 

From Equation ( 17 ), the cumulative frequency cdfi is found for each bin i as follows: 

€ 

cdfi = rf j
j=i

10

∑ . 

( 18 ) 

After Equation ( 18 ) was used to calculate the cdfi for each bin of the unprocessed image, 

the corresponding range of values for each bin of the histogram for image I was 

calculated with: 

€ 

Vmax_ i = max(I) −min(I)( )cdfi  

( 19 ) 

where Vmax_i is the maximum value for bin i. By definition, the equalized bins for a 10-bin 

histogram were in increments of 30 from the minimum to the maximum value in the 

image. For this study, for example, the first bin contains values 1 to 30, and the final bin 

contains values 271 to 300. From this point, having established the bin boundaries in the 

unequalized vs. equalized histograms, the voxel values in each unequalized bin were 

linearly rescaled to match those of the equalized bin. One example of this histogram 

equalization scheme for one breast MRI is seen in Figure 28. 
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Figure 28: Example of (top) original MRI slice, (center) same slice boundary-
segmented and central 99% values linearly rescaled, and (right) same rescaled slice 

with histogram equalization applied. 

After histogram equalization, the MRIs were ready for the HMM training. To 

form a PTM that will be tested on tomo images, complexity was added by increasing the 

number of adjacent neighboring voxels to include in the previous state of each step in 

the Markov chain. For the cross-modality training and testing of the segmentation 

HMM, the model was expanded from three to seven adjacent neighboring voxels that 

were considered for each previous state. The updated PTM visualization is seen in 

Figure 29. 
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Figure 29: Visualization of how the PTM is built with added adjacent neighbor 
complexity for cross-modality testing. ‘A’ refers to an adipose-labeled neighboring 

voxel, and ‘G’ refers to a glandular-labeled neighboring voxel 

The previous, simplified PTM represented in Figure 23 only considers three adjacent 

neighbors, so it has only 23 = 8 columns. Adding neighbors, while making the model 

more sophisticated and thus likely to be more accurate for segmentation, adds to the 

required memory and computation time quickly. The PTM in Figure 29, though it only 

adds four adjacent neighbors, has 27 = 128 columns. Adding more PTM columns 

requires more training images to populate more possible voxel value and adjacent 

neighbor tissue combinations. We therefore selected 100 breasts (comprised of the 

previously used 20 breasts plus an additional 80 breasts) from 54 subjects. As before, 

each breast was analyzed independently. To avoid training on common threshold-

segmentation artifacts such as the overestimation of density seen at the superior and 

inferior ends of each image stack (Figure 25 center), image slice ranges to be used for 

training were manually selected and typically constituted over 50% of each training 

image volume. 

 To account for missing data in the PTM, i.e., combinations of voxel values and 

tissue types of adjacent neighbors that were not encountered during training, linear 

discriminant analysis (LDA) was used to model a fully populated PTM. The voxel value 
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and adjacent neighbor combinations that were encountered at least twice throughout the 

training and the corresponding probabilities were used to create a linear model. The 

model was then applied to the voxel value and adjacent neighbor combinations that 

were encountered only once or were not encountered at all for all training images to 

estimate a probability of that combination being glandular. For the PTM trained on 100 

breasts, out of the 300*128 = 38400 possible voxel value and 7 adjacent neighbor tissue 

combinations, 2457 (6.4%) of the PTM places were not represented in the training set. 

The LDA model was used to calculate a probability for those 2457 combinations based 

on the remaining 35943 training combinations. A visualization of the resulting PTM is 

seen in Figure 30. 

 

Figure 30: PTM with false color scale applied (legend on right). X-axis 
represents the 128 possible neighborhood states, while Y-axis represents the voxel 

value. Dark blue as seen mostly across top row (voxel value = 1) is zero, or no 
probability of being glandular. The highest probability range is seen as dark red 

(near voxel value 300 and all glandular neighbors at column 128) with probability of 
being glandular equal to one. 
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3.2.3.2 Methods for testing HMM on tomosynthesis volumes (segmentation and 
density estimation) 

After creating the PTM , the tomo images were likewise histogram equalized 

such that their voxels values correspond to the PTM rows. As mentioned previously, all 

tomo images were taken on one of two Siemens breast tomosynthesis prototypes. The 

Siemens TomoEngine version 9 FBP proprietary reconstruction software package has an 

option for automatic segmentation of the breast from the background, setting all voxels 

defined to be background to zero in the reconstructed slices, as was done for the trained 

MRIs. This software often resulted in segmentation errors; tomo volumes were excluded 

from analysis if improper segmentation was seen in at least 30% of the image slices. One 

such example of poor segmentation is in Figure 31. 

 

Figure 31: Example of poor segmentation, effect is seen in at least 30% of tomo 
slices. Window and level was chosen to show the full range of nonzero values. 

After excluding all tomo volumes with serious segmentation artifacts, the following 

processing steps were carried out for 22 of the original 44 breasts of 14 subjects out of the 

initial 26. 
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Once all clinical subject tomo projection images were reconstructed with 

TomoEngine and its automatic boundary segmentation, each reconstructed 2D slice was 

downsampled by sampling every fifth voxel in both directions, resulting in 0.425 x 0.425 

x 1 mm voxels. This downsampling serves to save computational memory, time, and to 

bring the tomos to more closely resemble training image (MRI) resolution. This 

resolution also defines the types of spatial relationships in neighboring voxels as 

represented in the PTM. Discrete sampling was used rather than average-filtering to 

avoid blurring the slices. 

At visual inspection of the tomo image slices, some images showed skin 

appearing radiographically dense compared to the adjacent subcutaneous fat. This rapid 

change in tissue density results in an artifactual ‘skin line’ (Figure 32). 

 

Figure 32: Tomo slice example with skin artifact pointed out with red arrows. 

The MRI model training set had skin removed, and density ground truth was 

established with skin exluded. Therefore, measures were taken to remove the skin line 

from tomo images as well. To achieve this effect, the skin was assumed to be radially 
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increasing in thickness from the nipple to the lateral edges of the image as can be seen in 

Figure 32. Along the breast-air boundary in each slice, a skin exclusion region was 

defined that starts at 5 voxels at the nipple and then increases to 20 voxels at maximum 

radial distance from the nipple. This skin exclusion region was assigned to the 

background and not considered for segmentation. For simplification and to keep the 

segmentation fully automatic, the skin was assumed to be the same thickness for all 

image slices over all images in the testing set. A simple visual inspection was used to 

verify that these skin thickness assumptions were sufficient for most tomosynthesis 

volumes tested. 

Another step to further process the tomo images before HMM testing was to 

employ an image intensity equalization scheme in the margin of unequal compressed 

breast thickness (Figure 33) as done by Byng et al for mammograms [128]. 

 

Figure 33: Schematic compressed breast between paddle and detector. Margin 
of unequal thickness is shown to the right of the dashed line. 

In the central region of constant compressed thickness, the detected signal depends only 

on breast composition, but in the peripheral margin the x-ray attenuation depends on 

both the breast composition and the breast thickness. For simplicity, the peripheral 

margin of unequal thickness was defined to be a constant fraction of the width (number 

of columns) of the image; this amount was empirically determined to be 0.2.  Each axial 

tomo slice was traversed one row (from nipple to chest wall) at a time to perform a one-

dimensional version of thickness equalization. For the smoothed intensity map of each 
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image slice, a 10-voxel averaging filter was applied to each row individually to yield a 

smoothed image that is only affected by the thickness variation rather than anatomy. For 

each row, peripheral voxel values were rescaled to the value of a 5x5 region of interest 

just inside the margin, thus ensuring a smooth transition at the margin boundary for the 

thickness-equalized image. 

The final processing step done for the tomo images before segmentation was to 

re-bin the highest and lowest 5% of all values in the volume to 300 and 1, respectively. 

Rather than re-bin 0.5% of the highest and lowest values as was done for the MRIs, 5% 

were re-binned for the tomos because of the presence of image artifacts that often appear 

as extremely dark/bright in the tomo images due to angular undersampling. All other 

remaining tomo values are rescaled linearly to range from 2 to 299, as was done for the 

MRIs. 

Before the HMM was applied to the tomo volumes for tissue segmentation and 

density estimation, the results from the image preprocessing (skin removal, thickness 

equalization, and re-binning and rescaling of values) were evaluated qualitatively for a 

random selection of the 22 images. A different image volume slice demonstrating the 

effect of thickness equalization is seen in Figure 34. A different image volume slice 

demonstrating the effect of thickness equalization is seen in Figure 35. The density 

differences between tissue in the breast margin are much more distinguishable in the 

thickness equalized image, whereas the entire region in the original image slice appears 

too dark to differentiate between adipose and glandular. 
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Figure 34: (Left) Same tomo slice example shown in Figure 32 with (Right) 
resulting image after skin removal applied. 

Differences in the relative appearance of adipose, glandular, and skin tissues 

seen between Figure 34 and Figure 35 were attributed to the fact that the tomo volume 

seen in Figure 34 was imaged on the Inspiration prototype, whereas the image seen in 

and Figure 35 was imaged on the previous Novation prototype. 
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Figure 35: (Left) Tomo slice example before processing, and (Right) same tomo 
slice after skin removal and thickness equalization applied. Thickness equalization is 

especially noticeable in boxed regions near the nipple and along the periphery. 
Enlarged boxed regions are viewed below each full slice.   

After all preprocessing steps were performed on the 22 breast tomo images, the 

HMM trained on 100 breast MRIs was used to segment each image into adipose and 

glandular tissue voxels. The volumetric breast density was easily calculated from the 

segmented images as the ratio of glandular-labeled voxels to all in-breast voxels for each 

breast tomo volume. To assess the accuracy of the segmentation scheme, the HMM-

segmented tomo density for each breast was compared to the threshold-segmented MRI 
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density for each breast of the same subject. For a basis of comparison for tomo 

segmentation, both a single and a double threshold segmentation scheme was applied to 

the preprocessed images. The single threshold method is identical to that used for the 

MRI segmentation outlined in Section 3.1. Because this method almost consistently 

overestimated the breast density, a novel double threshold method was applied for 

further comparison. The first histogram mode-separating threshold was found 

according to the methods in Section 3.1. Then, a second mode-separating threshold was 

determined to classify all voxels above that threshold as glandular. All voxels below the 

first and second thresholds were labeled as adipose. Densities of the 22 breasts were 

compared between ground truth MRI and each tomo segmentation scheme to evaluate 

the accuracy of our tomo segmentation methods. 

3.2.4 HMM tomosynthesis testing results  

 After using the HMM, single-threshold, and double-threshold segmentation 

schemes to estimate the breast density for 22 tomo images from 14 subjects selected 

based on the initial breast-air segmentation result, the differences in density between the 

gold standard threshold-segmented MRIs and each of the three different tomo 

segmentation schemes were evaluated. A paired t-test comparing density estimates for 

each tomo breast with its MRI equivalent revealed the difference in means to be 

statistically significantly for the single-threshold scheme (p < 10-7) and just short of 

significant for the double-threshold scheme (p = 0.07, respectively). When comparing the 

HMM segmented tomo density values with their corresponding MRI densities, the 

difference in means was not significantly different from zero (p > 0.90). The relative 

distributions of these density differences from ground truth are seen in Figure 36, Figure 

37, and Figure 38. 



 

 63 

 

Figure 36: Density difference histogram for HMM tomo segmentation 

 

Figure 37: Density difference histogram for single-threshold tomo 
segmentation 



 

 64 

 

Figure 38: Density difference histogram for double-threshold tomo 
segmentation 

 To compare the mean density differences from ground truth between tomo 

segmentation techniques, paired t-tests revealed statistically significant differences (p < 

0.020) between all three segmentation techniques. The results from the above 

comparisons are summarized in terms of their averages and standard deviations in 

Table 12 for ease of comparison between tomo segmentation schemes. 

Table 12: Summary of comparison between ground truth MRI density and 
tomo density under different segmentation schemes: mean and standard deviations 

from difference distributions shown in Figure 36 to Figure 38. 
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One representitive qualitative image segmentation example is shown in Figure 

39 and Figure 40. The ground truth MRI slice shown in Figure 39 was chosen to best 

reflect the anatomy seen in the tomo slice (Figure 40). Figure 40 also displays the three 

tomo segmentation scheme results. Density estimates from threshold MRI (gold 

standard), HMM tomo, single-threshold tomo, and double-threshold tomo were 20%, 

14%, 65%, and 57%, respectively.  

 

Figure 39: (Left) One breast from original MRI slice image and (Right) same 
MRI slice segmented, to be treated as ground truth. Tomo slices for the same subject 
are in Figure 40. For this and future segmented figures, background is black, adipose 

tissue is gray, and glandular tissue is displayed as white. 
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Figure 40: (From left to right) Original, HMM segmented, double-threshold 
segmented, and single-threshold segmented tomo slice images. Approximation of 

corresponding ground truth MRI slice in Figure 39. 

Merely comparing the distributions of differences from ground truth does not 

fully convey the actual spread of density measurements obtained for each technique. To 

compare the distributions of density estimates collected for the study population for 

each different modality and segmentation scheme (unpaired), boxplots are presented in 

Figure 41. 
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Figure 41: Boxplots showing density estimates for each modality and 
technique (different only for tomo)  

Note that the HMM and double-threshold tomo density distributions have similar 

means, but the double-threshold scheme has a much wider variance. This distinction 

was visualized in Figure 42, which compares the tomo vs. MRI densities for these two 

segmentation techniques. 
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Figure 42: Scatter-plot comparing each estimated tomo density to its MRI ground 
truth. For each segmentation scheme, the data, least-squares fit line, best-fit line 

equation, and correlation coefficient are seen in the same color. 

As seen from the least-squares best-fit line equations in Figure 42, the tomo 

densities estimated with the HMM and the ground truth MRI densities are highly 

correlated (R2 = 0.80) with slope and intercept closely matching that of the ideal match 

line. Standard error in y (HMM tomo density) was 0.0751. The tomo densities estimated 

with double-thresholding were not well correlated to their corresponding ground truth 

densities (R2 = 0.22) with standard error in y of 0.181 

From Figure 40, it can also be seen that for many images, HMM and double-

threshold gave similar results. Out of the total 22 breast images that were measured and 

analyzed, HMM and double-threshold matched within 5% (absolute) for 9 images, and 

within 10% for 14 images. After visual inspection of a selection of these volumes, for 

many pairs showing similar density estimates, most images had disagreement occurring 
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on the most superior and inferior tomo slices. The double-threshold technique tended to 

overestimate the density for these slices that are mostly adipose, as likewise noticed in 

the HMM MRI validation results in Section 3.2.2.2. One such tomo example is in Figure 

43, despite the fact that, throughout the entire volume, density estimates were quite 

comparable across segmentation schemes: the densities from HMM and double-

threshold segmentation were 21.0% and 20.0%, respectively, and the ground truth MRI 

density was 20.6%.  

 

Figure 43: (From left to right) Original, HMM segmented, and double-
threshold segmented tomo slice images to exemplify superiority of HMM for slices 

consisting of mostly adipose tissue 

3.3 Discussion of results for MRI-trained HMM segmentation 
The HMM thus delivered overall superior performance compared to both single 

and double-threshold results for tomo density estimation. The density differences 

between HMM segmented tomo images and their corresponding ground truth MR 

images were significantly smaller than density differences for the other tomo 

segmentation schemes. Moreover, the lines plotted in Figure 42 indicate no significant 

difference between the ideal match line of tomo to MRI density and the line fitted for 

HMM tomo and MRI densities with small standard error. Therefore, the HMM trained 
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on segmented MRIs has been shown to accurately measure breast density for tomo to 

closely match ground truth MRI density. Additionally, from Figure 43, it can be 

presumed that, in the presence of voxel-level ground truth, the HMM will outperform 

threshold-based methods even when the two give similar overall density results. 

However, despite these very promising results, some limitations were 

encountered. As mentioned previously, improper segmentation in over 30% of slices 

was a criterion for excluding image volumes from evaluation of the density estimation 

results. A selection of these images was still processed and segmented to determine 

whether the improper segmentation would indeed affect the density estimation as 

expected. Because of the chosen methods for linearly rescaling the image values based 

on the distribution of values throughout the entire volume, the extraneous dark voxels 

outside the breast due to poor initial breast-boundary segmentation had the effect of 

narrowing the dynamic range within the breast, as illustrated in Figure 44. 

 

Figure 44: (Left) Original tomo slice with breast-air segmentation artifact 
pointed out and (Right) Large ROI drawn in red within breast area of processed slice 
with measurements shown. Note the narrow range of values in the ROI that should 
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contain a mixture of adipose and glandular tissue. Window and level were chosen to 
display the full dynamic range of each image slice. 

The HMM grossly overestimated the density of this breast and others with similar edge 

artifacts by labeling almost all in-breast values as glandular based on their very high 

values and given the structure of the PTM in Figure 30. As mentioned previously, to 

avoid artifacts in breast-air segmentation that have a non-anatomical effect on our 

density estimations, an in-house segmentation scheme should be developed to enable 

accurate measurements of more tomo volumes. Because the artifacts as seen in Figure 44 

appear similar to other cases exhibiting poor boundary segmentation, it is reasonable to 

assume that an automatic algorithm to detect this kind of abnormality in breast shape 

can be developed to run on tomo image volume slices after the Siemens TomoEngine 

reconstruction and boundary segmentation. 

Moreover, for some cases, there was considerable background nonuniformity in 

the reconstructed images, which may be caused by heel effect or scatter. As illustrated in 

Figure 45, this change in voxel intensity from the chest wall to the breast periphery 

dominated over changes in signal due to anatomy, especially for very large breasts. 



 

 72 

 

Figure 45: (Left) Original central tomo slice and (Right) Processed tomo slice. 
Extreme heel effect (very large breast) and improper segmentation in most superior 

30% or more of slices caused most of the image dynamic range to depend on distance 
from the chest wall rather than on changes in tissue density. 

The resulting density estimates (Figure 46) for these images dominated by background 

nonuniformities counted most of the bright voxels in the periphery as glandular and all 

others as adipose, which gave a density measurement that did not reflect breast 

anatomy. Thus, especially for larger breasts, a more aggressive thickness equalization 

scheme must be used. The thickness equalization should perhaps be used in conjunction 

with an image-dependent heel effect correction technique that will likely require manual 

selection of adipose ROIs at the chest wall and the periphery to create an adipose-only 

image like that simulated as described in Section 2.3.2. However, for patient images, 

manual selection of adipose ROIs will ensure that resulting heel-effect correction map 

contains uniform tissue with signal changes caused only by heel-effect and not by 

anatomy.  



 

 73 

 

Figure 46: (Left) HMM and (Right) Double-threshold segmented tomo slices of 
image in Figure 45. 

The thickness equalization scheme itself also has much room for improvement 

and added sophistication. The 1D method could be expanded to 2D area-based 

equalization to result in a smoother equalized image not dependent on local variations 

in anatomy between rows in the image. Moreover, rather than determine the size of the 

unequal thickness breast margin based on the image volume size, an algorithm can be 

devised to detect where the margin is most likely to begin. The method can be based on 

that previously done for mammography in [128] but modified for tomo in a way that is 

able to distinguish change-in-thickness effects from image artifacts and change-in-

anatomy effects. 

The HMM segmentation result displayed in Figure 40 bears similarity to many 

other images analyzed in this study. Although much of the glandular tissue is identified 

as such, there are many small groups of voxels spread throughout the adipose tissue 

that are being identified as glandular, giving a grainy appearance to much of the breast 

area that most likely does not reflect the anatomy. Adding neighbors to the PTM is one 
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way to start alleviating this issue because each continuous collection of voxels would be 

larger; in other words, glandular tissue would appear in larger ‘clumps’ rather than in 

small ‘grains’ as in this study. However, increasing the number of neighboring voxels is 

a nontrivial task because, for each voxel added to the neighborhood, the size of the PTM 

increases by a power of 2. Merely increasing from the current model of one adjacent 

voxel in each direction (seen in Figure 29; PTM size of 27 = 128 columns) to two voxels 

would require 214 = 16,384 columns. This type of added model sophistication would also 

require many more training cases to populate this much larger PTM, and the entire 

process of training and testing would have greater time and memory requirements.  One 

approach might be to combine several voxel states into one measurement per direction; 

i.e. perform a fusion of several sub-image models using a multiscale approach [45,129]. 

Care must be taken to consider as many neighboring voxels as can be done while 

keeping computational time and memory requirements in mind. 

Because accuracy was measured entirely by comparing one density 

measurement per image volume containing millions of voxels, assessing any location- or 

anatomy-dependent limitations of the model is not possible, other than a simple visual 

qualitative review of the volumes side-by-side with the MRI. Because so many advances 

in mathematical anthropomorphic phantoms have been made of late [117,130], Monte 

Carlo simulations would allow us to evaluate the voxel-by-voxel accuracy of each tomo 

segmentation method. Specific improvements to the model can then be made based on 

the trends in voxel-level error distribution throughout each volume. 

3.4 Conclusions from 3D probabilistic approach to 
tomosynthesis image segmentation and density estimation 

The 3D HMM we used to segment tomo images delivered superior performance 

in breast density estimation when compared to two other threshold-based segmentation 



 

 75 

techniques. Model accuracy was assessed by comparing the density estimated with each 

tomo segmentation scheme to the density obtained from threshold-segmented MRIs of 

the same breast imaged within one year. Have only seven adjacent neighbors rendered 

the model simple and efficient in terms of computation time and memory. Encouraging 

results thus show that this model has much potential in the realm of tomo density 

estimation. Because this probabilistic model is easily amenable to modifications, many 

future studies can now be conducted to further improve the HMM’s performance. 

Adding error calculations based on voxel-level ground truth gained from 

anthropomorphic phantom images will also aid in formulating specific improvements to 

our model and assessing the voxel-by-voxel accuracy of all newly developed model 

renditions. 

Along with the need for evaluating voxel-level accuracy of the model, this study 

had several limitations despite its encouraging despite very positive results. Before the 

segmentation scheme is applied, the tomo input images need additional improvement. 

After using the FBP reconstruction software, the tomo slices must be processed to 

remove any ringing artifacts occurring outside of the breast area. A more aggressive 

image-dependent area-based thickness-equalization scheme with specialized heel effect 

correction needs also to be developed for future HMM tomo segmentation studies. 

Many future directions for this research exist because our HMM is so amenable to 

modifications; more sophisticated models can be developed for improved segmentation 

results, especially models that are able to exploit the addition of nearest neighbors 

without increasing the size of the PTM by a power of two per neighbor.
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CHAPTER 4. Aim 3: Evaluate ability of quantitative 3D 
image features to predict cytological response to 
chemoprevention in a young high-risk cohort 

The previous chapters described estimation of breast density using phantoms as 

well as patient data. One of the key motivations to measure density is to assess risk for 

developing breast cancer. This portion of the study involved studying the ability of 

imaging biomarkers, such as breast density, to predict response to chemoprevention. 

Studies have shown differences in density changes for women on and off 

chemoprevention [99-102], so density was initially studied alone in conjunction with 

response to chemoprevention. After density alone did not achieve statistical significance, 

additional biomarkers were added to the final analysis for our small study cohort. 

4.1 Subject selection 
This portion of the study was approved by the Human Subjects Committee and 

Institutional Review Board at Duke University Medical Center in accordance with 

assurances filed with and approved by the Department of Health and Human Services. 

Subjects were sequentially recruited on entry to the Duke University High-Risk Clinic. 

Women were initially approached by Dr. Victoria Seewaldt or her Physician Assistant 

and then consented by a Study Nurse or Coordinator. Women were required to have at 

least one of the following risk factors for breast cancer: 5-year Gail risk ≥1.7%,1 a prior 

excisional biopsy showing either atypical hyperplasia, lobular carcinoma in situ, or 

ductal carcinoma in situ [131]. Additionally, women were required to be 35 to 55 years 

old and to have a mammogram read as extremely or heterogeneously dense. Patients 

were excluded for prior mastectomy, breast radiation, or invasive breast cancer. 

Demographic data were collected from study participants by patient interview. 
                                                        

1 Breast Cancer Risk Assessment Tool is available at http://www.cancer.gov/bcrisktool 
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Information obtained about family history included history of breast, ovarian, and other 

(colon, prostate, pancreatic, brain, lung, esophageal, head and neck, 

leukemia/lymphoma) cancers in parents, siblings, grandparents, paternal/maternal 

aunts/uncles, and paternal/maternal cousins.  

As described previously in Chapter 1, random periareolar fine needle aspiration 

(RPFNA) is a technique to acquire cytological samples from the breast. RPFNA was 

performed as previously published [84-89,132] in accordance with methods established 

and validated by Fabian et al [82]. Each RPFNA sample consists of a pool of 10 needle 

aspirates from a single, unaffected breast; that is, 1 to 2 RPFNA samples were collected 

per woman. A minimum of one epithelial cell cluster with at least ten epithelial cells was 

required to sufficiently determine pathology; the most atypical cell cluster was 

examined and scored. Cells were classified qualitatively as non-proliferative, 

hyperplasia, or hyperplasia with atypia. Cytology preparations were also given a semi-

quantitative index score through evaluation by the Masood Cytology Index [82,84-

89,132]. As previously described, cells were given a score of 1-4 points for each of six 

morphological characteristics that include cell arrangement, pleomorphism, number of 

myoepithelial cells, anisonucleosis, nucleoli, and chromatin clumping; the sum of these 

points computed the Masood score (Table 13) [133,134]. 

Table 13: Cytological descriptions for each Masood score 

Score Description 
< 10 non-proliferative (normal) 
11-13 hyperplasia 
14-17 atypia 
>17 suspicious cytology 

 

The number of epithelial cells was quantified and classified as <10 cells (insufficient 

quantity for cytological analysis), 10-100 cells, 100-500 cells, 500-1,000 cells, 1,000-5,000 
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cells, and >5,000 cells [133,134]. Morphological assessment, Masood Cytology Index 

scores, and cell count were assigned by a blinded, single dedicated pathologist. 

Of the entire multi-site cohort of 490 high-risk women, 68 have undergone serial 

RPFNA and 3.0 Tesla MRIs over the past eight years. These women underwent initial 

RPFNA between August 2003 and October 2006 and initial MR imaging between 

February 2003 and January 2008.  Only one subject had a known BRCA1 mutation. 

Thirty-seven subjects had 5-year Gail risk calculated, and 27/37 (73%) had said risk of > 

1.7%. Of the 68 subjects, 25 began receiving chemoprevention treatment between March 

2004 and March 2008. The high risk nature of this group is underscored by the fact that 8 

of these 68 women have developed breast cancer during the study. Each subject’s 

breast’s chemoprevention response was recorded according to changes in Masood Index 

score over the course of the study. 

Because the response to chemoprevention was the decision variable to be 

predicted using imaging biomarkers in this study, image analysis was restricted to the 

24 breasts of 15 subjects with at least one MRI during chemoprevention treatment and at 

least one MRI either before starting or after cessation of treatment. Eleven of the 24 

breasts (46%) from seven subjects were categorized as having responded to 

chemoprevention. The remaining 13 breasts from ten subjects were categorized as non-

responders. For two of the 15 subjects, only one breast responded to chemoprevention. 

Demographics for this 15-subject subset are summarized in Table 14. 
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Table 14: Summary of study patient demographics. Age indicates the patient’s 
age when the first image included in this study was acquired. 

 

 

4.2 Univariate analysis of MRI breast density and response to 
chemoprevention 

Because many studies have shown that, over time, density for women on 

tamoxifen and other chemoprevention drugs changes differently from that for women 

not on chemoprevention [99-102], breast density will first be studied alone in 

conjunction with chemoprevention response for this unique high-risk cohort. 

4.2.1 Methods for developing the univariate model 

Volumetric density was measured using techniques described previously in 

Chapter 3, comparing one MRI taken while the subject was on chemoprevention versus 

one MRI taken while the subject was not on chemoprevention. Change in density 

between images with and without chemoprevention was calculated according to 

Equation ( 20 ): 
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€ 

ΔD = DChemo −DNoChemo , 

( 20 ) 

where ΔD is the change in MRI breast density in the presence of chemoprevention, DChemo 

is the breast density for the subject’s image taken while on chemoprevention, and 

DNoChemo is the breast density for the subject’s image taken while not on chemoprevention. 

Each of the 11 responders and 13 non-responders had one ΔD measurement. Assigning 

responders a true outcome value of 1 and non-responders a true outcome value of 0 

allowed us to proceed as though conducting a Bernoulli trial. 

 To simulate a training-only paradigm for predicting a binary outcome, the data 

was fit to a logistic regression model as in Equation ( 21 ): 

€ 

P =
1

1+ exp -b1* ΔD − b0[ ]
, 

( 21 ) 

where b1 is the independent variable (ΔD) coefficient, and b0 is the intercept, and P is the 

decision variable obtained by the logistic regression fit to change in density, ΔD. 

 Once each responder’s and each non-responder’s ΔD value was used with 

Equation ( 21 ) to calculate the corresponding P, which will range between 0 and 1, an 

arbitrary threshold value on P was applied to categorize the data into responders and 

non-responders. All subjects with P above the threshold were categorized as responders, 

and all other subjects were categorized as non-responders. For each threshold value, the 

true outcome for each subject was used to calculate the false positive fraction FPF and 

the true positive fraction TPF as follows in Equation ( 22 ) and Equation ( 23 ): 

€ 

FPF =
FP

FP +TN
 

( 22 ) 
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€ 

TPF =
TP

TP + FN
, 

( 23 ) 

where FP is the number of non-responder subjects incorrectly labeled as responders for 

the given threshold value, TN is the number of non-responder subjects correctly labeled 

for the given threshold value, TP is the number of subjects correctly labeled as a 

responder for the threshold, and FN is the number of responder subjects incorrectly 

labeled as non-responders. For each threshold applied throughout the full range of P 

values, FPF and TPF were calculated and then plotted to form a receiver operating 

characteristic (ROC) curve. 

 Because model performance should be based on the cumulative effect of all 

different thresholds applied and the corresponding true positive and false positive 

rages, the area under the ROC curve (AUC) is one way to assess overall performance of 

our univariate density model in predicting response to chemoprevention for our young 

high-cohort. If both categories have complete overlap for the model used, for every 

threshold, FPF and TPF would be identical, and the ROC would be a unit line with AUC 

of 0.5. Thus, as a model’s ROC AUC approaches 0.5, the model’s outcome approaches 

that of chance guessing, and an ROC AUC of 1.0 indicates perfect model performance. 

4.2.2 Results: MRI density model  

Each subject’s breast’s change in density (ΔD) was calculated and shown with 

responder / non-responder status in Figure 47. The mean density change for responders 

was -3.10% ± 9.57%, versus +5.65% ± 10.54% for non-responders. An unpaired two-tailed 

students t-test on the difference in mean density changes between responders and non-

responders just achieved statistical significance with p = 0.046. 
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Figure 47: Density change in response to chemoprevention for 24 breasts (15 
subjects) studied. Color indicates chemoprevention response status. 

The logistic regression fit to the data in Figure 47 (recall Equation ( 21 ) ) yielded 

b1 = -0.104 and b0 = -0.0567 and decision variable (P) averaging 0.548 + 0.200 for 

responders and 0.383 + 0.196 for non-responders. Varying the P threshold from 0 to 1 in 

the manner illustrated in Figure 48 and calculating FPF and TPF as prescribed in 

Equation ( 22 ) and Equation ( 23 ) for each threshold resulted in the ROC curve seen in 

Figure 49. ROC AUC for this model using changes in MR breast density to predict 

response to chemoprevention for a young high-risk cohort was 0.713 + 0.109. Applying a 

binormal fit to the empirical ROC points achieved an AUC of 0.724 + 0.103. 
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Figure 48: Plot of P, the decision variable, for each of the 24 breasts (15 
subjects). P was then thresholded to calculate the ROC curve to quantify model 

performance as illustrated by arbitrary threshold ‘T’ shown. 
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Figure 49: ROC curve showing performance of our univariate analysis of 
change in density to predict chemoprevention response. Empirical and binormal fit 

ROC curves shown. 

4.3 Calculate image texture features as supplemental risk 
biomarkers 

In the previous section, simply relying on density change measurements to 

predict subject response to chemoprevention resulted in relatively poor performance. 

This motivated the investigation of additional image features. Density only describes the 

overall number of glandular voxels relative to the number of all other voxels in each 

breast and thus does not reflect differences in the appearance (i.e. texture) of the relative 

distributions of adipose and glandular tissue, so image texture features were calculated 

for each of the 15 subjects’ 48 breast images (24 breasts, two images per breast) to 

supplement earlier measurements of density changes in the presence of 

chemoprevention. 
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4.3.1 Methods for image texture feature extraction 

Texture features were extracted from square regions of interest (ROIs) for 

centrally located breast MRI slices as similarly done for breast tomo images by Kontos et 

al [71]. The ROIs for each slice were chosen automatically to have only in-breast values 

present (i.e. no zeros) and to be near the estimated nipple location. Images were all 

oriented in the foot-first supine position (vertical reflection of the head-first prone 

position imaged) and centrally divided into right and left breast image volumes, so the 

nipple location was estimated as the highest nonzero voxel in each image volume slice. 

The first row in the image behind the nipple with over 30 nonzero voxels was set as the 

first row in the ROI. The first column in the ROI was defined to be the third nonzero 

voxel in the previously determined ROI row. Once the initial (row, column) coordinates 

for the ROI corner were set, a 20x20 voxels2 ROI was easily extracted. If some values in 

the background were included in an ROI (i.e. if the ROI extended outside of the breast 

area), the ROI was not included in the texture analysis. For 14/15 subjects, 20x20 voxels2 

ROIs covered only in-breast voxels for at least 50% of the 50 central slices. For one of the 

15 subjects, however, smaller 10x10 voxels2 ROIs had to be used. 

For each ROI in each breast image volume, several commonly used texture 

features were calculated for each ROI as described in the following subsections to make 

a vector for each texture feature. The average over all ROIs in each breast volume was 

recorded as the texture feature value for that breast. 

4.3.1.1 Fractal dimension 

Fractal dimension (FD) is a measure of the topography of image intensities; a 

very smooth image would have a low FD, whereas a rough image with high contrast 

objects spread throughout would have a higher FD.  Calculation of FD for each ROI was 

based on the topographical dimension / box-counting technique described by Byng et al 
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for mammograms [65]. For this method, the voxel value v at location (x,y) in an image 

slice is treated as a vertical dimension for each virtual voxel size ε x ε. Four voxel sizes 

were used ranging from 1x1 (full resolution) to 4x4. Larger voxel sizes were obtained by 

averaging that number of adjacent voxels. The surface area for each voxel size, A(ε) was 

calculated as the sum of the area of each voxel (ε2) and the difference in height between 

neighboring voxels, as in Equation ( 24 ): 

€ 

A(ε) = ε 2

x ,y
∑ + ε vε (x, y) − vε (x, y +1) + vε (x, y) − vε (x +1, y)( ).

x ,y
∑  

( 24 ) 

There is assumed to be a linear relationship between log[A(ε)] and log[ε] for the images 

analyzed in this study. The fractal dimension, FD, is calculated for a two-dimensional 

image by: 

€ 

FD = 2− Δ log[A(ε)]
Δ log[ε]

, 

( 25 ) 

as shown by Mandelbrot [135]. After calculating FD for each ROI in each of the image 

slices, the average FD was recorded for the breast volume and used for further 

multivariate analysis. 

4.3.1.2 Skewness 

Histogram skewness is simply another way of characterizing the amount of 

dense tissue in a breast ROI. A very dense breast has a histogram skewed toward higher 

voxel values (negative skewness), whereas a very fatty breast has a histogram skewed 

toward lower voxel values (positive skewness). As done by Byng et al for 

mammograms, the skewness will be measured for each ROI by calculating the 3rd 

moment of its histogram as in Equation ( 26 ): 
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€ 

m3 =

hv (v − v )3
v=0

vmax

∑
N

, 

( 26 ) 

where hv is the number of voxels with value v, vmax is the maximum voxel value, N is the 

number of voxels in the ROI, and 

€ 

v  is the mean voxel value in the ROI.  Once all 50 ROIs 

in a breast volume have had skewness values calculated, the mean skewness will be 

recorded for that volume and used for further analysis.  

4.3.1.3 Haralick features 

Because the above features do not take spatial dependencies of voxel values into 

consideration, they are combined with other image texture measures initially introduced 

by Haralick et al [66]. Intuitively, these features are a method of quantitatively assessing 

the relationship between image tone and texture. Little variation in gray values in an 

image area means that tone dominates that area, whereas wider variation in the gray 

values of an area translates to texture being the dominant characteristic. For these 

particular tone-texture relationships, the spatial dependencies are quantified by the gray 

level co-occurrence matrix (GLCM), G(i,j). The gray level co-occurrence frequencies were 

calculated symmetrically in each of the four neighboring directions around each voxel; 

the texture features obtained in each of the four directions were then averaged to create 

one texture feature measure per ROI. From the GLCM, up to 14 textural characteristics 

can be extracted that describe image homogeneity, gray-level dependencies (linear 

structure), contrast, number and nature of boundaries present, and the overall image 

complexity [66]. 

Three of the 14 Haralick features – energy, contrast, and homogeneity – that are 

essentially all different measures of local variation in neighboring voxels have been 

measured for mammography and tomo images by Kontos et al [71]. Energy, E, is a 
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measure of texture uniformity in the GLCM and was calculated for each of the four 

directions for a 2D ROI by Equation ( 27 ): 

€ 

E = G (i, j)2
j=0

vmax

∑
i=0

vmax

∑ , 

( 27 ) 

and then the four E values were averaged for one measure of E per ROI. For all 50 ROIs 

in each breast image volume, the 50 distinct E values were also averaged to provide one 

energy measurement per breast. Contrast, C, measures local variations in image voxel 

values. In terms of the GLCM, G(i,j), high contrast is achieved when the highest 

frequencies are concentrated away from the main diagonal. Contrast for each direction 

was calculated with Equation ( 28 ): 

€ 

C = i − j 2G (i, j)
j=0

vmax

∑
i=0

vmax

∑ . 

( 28 ) 

The four directional C values for each ROI were then averaged, and finally all 50 C 

values for all ROIs in a volume were averaged to keep one contrast measure for each 

breast volume. Homogeneity, H, measures image uniformity; an image GLCM with 

mostly high and low frequencies would have a larger H than would an image GLCM 

with an even spread of frequencies. For each of the four directions, homogeneity was 

calculated according to Equation ( 29 ): 

€ 

H =
G (i, j)
1+ i − jj=0

vmax

∑
i=0

vmax

∑ . 

( 29 ) 

Like energy and contrast, one homogeneity value for each breast volume was obtained 

by averaging the four H values calculated for each direction and then averaging all H 

values for the 50 ROIs in the volume. 
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 To compare relative change in a texture feature while on and off 

chemoprevention, a simple subtraction was done for each feature in which the texture 

feature value for a given breast volume not on chemoprevention was subtracted from 

the texture value for that breast on chemoprevention, as similarly done for density in 

Section 4.2.1. 

4.3.1 Results from texture feature extraction 

The average change in each texture feature with unpaired t-test p-values 

comparing the responders and non-responders are in Table 15. 

Table 15: Mean feature change on chemoprevention with t-test results comparing 
responders and non-responders 

 

As seen in Table 15, no significant differences were reported for any individual feature. 

 

  

4.4 Combine MRI density and texture features to model response 
to chemoprevention 

In previous sections, we demonstrated that no single texture feature changed 

significantly for responders versus non-responders to chemoprevention (all p>0.05). 

Density alone just achieved statistical significance with p = 0.046 but failed to deliver 

adequate performance in predicting response to chemoprevention. In this section, all 

image features will be combined to form a combined response prediction model rather 

than relying on each image feature separately. 
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4.4.1 Methods for developing multivariate model  

As was done for density changes alone in Section 4.2.1, a simple all-cases 

training-only paradigm will be carried out for all six image features: density, fractal 

dimension, histogram skewness, GLCM energy, contrast, and homogeneity. The 

collection of features were fitted with a logistic multivariate regression to produce the 

decision variable that was used to generate the ROC curve (AUC). 

4.4.2 Results from combined MRI feature model to predict response 
to chemoprevention  

The resulting spread of logistic regression values, Pall, for each subject is seen in Figure 

50.  

 

Figure 50: Histogram of decision variable values for responders and non-
responders 

The Pall values were thresholded to quantify the multivariate model performance by 

plotting and measuring the area under the ROC curve. The ROC curve itself from 

thresholding the decision variable Pall (Figure 50) is seen in Figure 51 with the binormal 

fit ROC curve. For the multivariate model incorporating changes in breast density and in 

five different image texture features, ROC AUC was 0.804 + 0.094. The binormal fit ROC 
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curve AUC was 0.814 + 0.087. The same ROC curve for the six image features measured 

is seen plotted with the previous ROC curve showing performance of the density-only 

prediction model is in Figure 52. Despite the visual separation seen in Figure 52, there 

was no statistical significance between the two fitted curves (two-tailed paired t-test p = 

0.22). 

 

Figure 51: ROC curve for chemoprevention prediction model based on all 
calculated MRI features. Empirical and binormal fit ROC curves shown. 
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Figure 52: Comparison between ROC curves for texture and density features 
vs. density alone. Empirical and binormal fit ROC curves shown for each feature set. 

4.5 Calculate same texture features for tomosynthesis images  
Because it was shown in Section 3.2.4.2 that using our MRI-trained HMM to 

measure tomo breast density matched the ground truth MRI density, we assumed that 

the above multivariate model for predicting chemoprevention response can be 

developed for tomos as well. However, because tomo and RPFNA subject accrual were 

not coordinated prospectively, it was not possible to compare tomo image features 

against chemoprevention response. Therefore, only the framework for a future 

multivariate tomo feature model was developed. 

4.5.1 Methods for tomosynthesis texture feature extraction  

Density was already measured for tomo images and discussed extensively in 

Chapter 3, so only texture features needed to calculated for the tomo images. Texture 
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information was extracted from square 3.8cm x 3.8cm ROIs in 30 central slices, and 

feature vectors were formed for the 22 breasts of 14 subjects having MRIs and well-

segmented and tomos taken within a year of each other. These same breasts had 

densities compared in Section 3.2.4.2. 

The ROIs for tomo slices were, like MRIs, located automatically. Preprocessing 

was performed in the same way as it was done prior to measuring density: 5 voxel 

down-sampling, removal of bright skin, thickness equalization, and re-binning of values 

as described previously in Section 3.2.3.2. First the tomo images were all oriented such 

that the top and bottom of each image corresponded to the breast nipple and chest wall, 

respectively, so the nipple location was estimated as the highest nonzero voxel in each 

image slice. The first row in the image behind the nipple with over 300 nonzero voxels 

was set as the first row in the ROI. The first column in the ROI was defined to be the 21st 

nonzero voxel in the previously determined ROI row. Once the initial (row, column) 

coordinates for the ROI corner were set, a 90x90 voxels2 ROI was easily extracted. If 

some values in the background were included in an ROI (i.e. if the ROI extended outside 

of the breast area), the ROI was not included in the texture analysis. A total of 30 slices 

were extracted near the center of each tomo volume. 

Fractal dimension, histogram skewness, energy, contrast, and homogeneity were 

calculated for the ROIs in the same fashion as was done for MRIs outlined in Sections 

4.3.1.1 to 4.3.1.3 using Equations ( 24 ) to ( 29 ). The average of each texture feature vector 

calculated over the 30 ROIs was recorded as the texture value for each breast tomo 

image volume. Rather than use the tomo texture to improve predicted response to 

chemoprevention, tomo texture features were calculated and plotted alongside those 

calculated for the same subject MRIs to demonstrate that a framework was developed 
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for measuring image features that have potential to model response to chemoprevention 

for tomo subjects as well. 

4.5.2 Results from tomosynthesis texture features  

Values for tomo texture features calculated from 22 breasts are in Table 16. 

Table 16: Texture features calculated for tomosynthesis images 

Feature Mean + Std. Dev. 
Fractal dimension 3.145 + 0.234 
Skewness -0.0985 + 0.1411 
Energy 1.24 + 1.52 *10-3 
Contrast 1593.8 + 1262.9 
Homogeneity 0.129 + 0.069 

 

4.6 Discussion of combined feature approach  
For any single MR image texture feature, no significant differences in changes 

measured on chemoprevention were observed between responders and non-responders. 

Therefore, it was unlikely to assume that a chemoprevention response prediction model 

based on one image feature alone would achieve permissible performance, especially 

with such a small patient cohort. The two populations’ density measurements had 

means were statistically significantly different with p = 0.046, so density alone was 

considered for a univariate chemoprevention response prediction model. However, this 

model failed to deliver adequate performance. The combined image density and texture 

feature model had significantly better performance, but room exists for improvement, 

such as adding more image-based features or other risk biomarkers. Moreover, cross-

validation methods need to be carried out to develop a more generalized model and to 

more accurately assess said model performance. A small study population was another 

limitation to this analysis. As more women in this high-risk cohort are added to our 
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database and analysis, this prediction model can become more representative of a larger 

spread of patient image characteristics.  

Along with the development of a chemoprevention response prediction model 

based on MRI breast density and texture features, a framework was developed for 

similar model creation based on tomo image features. However, there was no RPFNA 

ground truth to form such a prediction model. Future work will involve recruiting 

women in the high-risk RPFNA cohort to have tomo images taken. 

4.7 Conclusions from combined feature approach to model 
chemoprevention response 

A model based on density and texture features measured from breast MRIs was 

developed to predict chemoprevention response for our high-risk cohort. The ground 

truth response to chemoprevention was measured with another risk biomarker based on 

breast cytology. However, since MRI is quite expensive and lacks the ease of access of 

mammography, we developed a framework for the same density and texture feature-

based prediction model to be developed for breast tomo images. To develop and 

evaluate a tomo feature model, however, we need to recruit women in the high-risk 

RPFNA cohort on chemoprevention to have tomo images taken, perhaps at the same 

clinic visit as their routine mammograms.  

Moreover, to adequately measure model performance for both MRIs and tomos, 

cross-validation methods must be applied, rather than rely solely on our preliminary 

results from a simplified all-cases-trained paradigm. Adding cases to the training would 

likewise benefit model development and performance. Additional texture features, other 

image-based features, and other biomarkers incorporated into the chemoprevention 

prediction model should also improve performance. Despite these limitations, it is our 

hope that with our MRI feature-based prediction model and the tools we developed for 
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measuring the same image biomarkers for breast tomo images that we will be able to 

apply these tools to predicting response to chemoprevention for high-risk patients using 

breast tomo alone. 
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CHAPTER 5. Conclusions and future work 
The overarching goal of this work was to formulate a multi-modality approach to 

3D quantitative breast imaging with a special focus on breast tomosynthesis. After 

developing techniques to make quantitative measurements with MRI and breast 

tomosynthesis, we applied these methods toward the clinically significant tasks of 

measuring breast density and texture and relating these image biomarkers to 

chemoprevention response for high-risk women.  

We initially assessed the quantitative potential of breast tomosynthesis imaging 

using selected two-dimensional slice images from a variety of tissue-equivalent 

phantoms, both simulated and empirical. We found that within a single slice in a simple 

geometric tissue equivalent phantom imaged under several conditions, lesion intensity 

varied linearly with known density. This discovery implied the potential of image 

processing steps to translate voxel values to quantitative units (the tomosynthesis 

equivalent to CT numbers). In other words, quantitative information can likely be 

obtained from reconstructed tomosynthesis images. To move toward more clinically 

relevant measurements done for anatomical backgrounds, we measured breast density 

in a variety of anthropomorphic phantoms. Limitations to this portion of the study 

included a lack of corrections to alleviate out-of-plane contributions and limiting 

analysis to only one reconstructed slice at a time. 

To move from phantom-only imaging toward clinical application and to better 

assuage the inaccuracies caused by out-of-plane contributions from tomosynthesis 

angular undersampling, a more sophisticated and fully 3D probabilistic approach was 

taken to measure breast density from clinical images. The methodology used was a 3D 

hidden Markov model (HMM) trained on clinical breast MRI as ground truth. The MRIs 

were segmented using a simple threshold-based technique to separate each volume into 
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adipose and glandular tissue. Density estimation accuracy for HMM and two other 

threshold-based tomosynthesis segmentation schemes was assessed by comparing the 

estimated density from tomosynthesis to MRI of the same breast imaged within one 

year. The trained HMM we used to segment tomosynthesis images delivered superior 

breast density estimation performance with only 0.2% average error. This encouraging 

result thus showed that our HMM has much potential in the realm of tomosynthesis 

density estimation. Difficulties in this density estimation study included poor image 

processing prior to HMM segmentation and lack of voxel-level ground truth for a more 

comprehensive study of the different sources of estimation error. 

With our abilities to measure density from MR and tomosynthesis images, 

density in conjunction with other image biomarkers were evaluated for their clinically 

relevant ability to predict response to chemoprevention for a young high-risk cohort of 

women. A simple logistic model based on image density in addition to image texture 

features was developed with adequate performance for MRIs alone. The ground truth 

response to chemoprevention was measured with another risk biomarker based on 

breast cytology. However, since we currently lack ground truth chemoprevention 

response for subjects with tomosynthesis images, we developed a framework for the 

development of a similar density and texture feature-based prediction model for this 

modality. Once tomosynthesis images are acquired of women in the high-risk 

chemoprevention cohort, we can develop a biomarker-based chemoprevention 

prediction model for breast tomosynthesis as was done successfully for MRI. 

This study thus establishes the feasibility and introduces clinical applications of 

quantitative breast tomosythesis image measurements. Future work to more accurately 

assess and then improve model performance includes obtaining voxel-level ground 

truth and recruiting more study subjects, especially those in the high-risk 
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chemoprevention cohort with recent MR images. Moreover, before our segmentation 

scheme is applied and evaluated, the tomosynthesis images need additional processing 

to improve breast-air boundary segmentation and background non-uniformity effects 

especially for large breasts. Many future directions for this tomosynthesis density 

estimation research exist because our HMM is so amenable to modifications; 

sophistication can be easily added to add surrounding voxels without vastly increasing 

the computational time or memory requirements. With more cases and improved 

segmentation of breast tomosynthesis images, we should be able to improve the 

performance of our chemoprevention prediction model.  
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