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Abstract

One of the challenges facing clinical practice today is intra-operative margin detection

in breast conserving surgeries (BCS) or lumpectomy procedures. When a surgeon

removes a breast tumor from a patient during a BCS procedure, the surgically excised

tissue specimen is examined to see whether it contains a margin of healthy tissue

around the tumor. A healthy margin of tissue around the tumor would indicate that

the tumor in its entirety has been removed. On the other hand, if cancerous tissue

is at the surface of the specimen, that would indicate that the tumor may have been

transected during the procedure, leaving some residual cancerous tissue inside the

patient. The most effective intra-operative real-time margin detection techniques

currently used in clinical practice are frozen section analysis (FSA) and touch-prep

cytology. These methods have been shown to possess inconsistent accuracy, which

result in 20% to 30% of BCS patients being called back for a repeat BCS procedure

to remove the residual tumor tissue. In addition these techniques have been shown

to be time-consuming–requiring the operating room team to have to wait at least 20

minutes for the results. Therefore, there is a need for accurate and faster technology

for intra-operative margin detection.

In this dissertation, we describe an x-ray coherent scatter imaging technique for

intra-operative margin detection with greater accuracy and speed than currently

available techniques. The method is based on cross-sectional imaging of the differ-

ential coherent scatter cross section in the sample. We first develop and validate
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a Monte Carlo simulation of coherent scattering. Then we use that simulation to

design and test coherent scatter computed tomography (CSCT) and coded aper-

ture coherent scatter spectral imaging (CACSSI) for cancerous voxel detection and

for intra-operative margin detection using (virtual) clinical trials. Finally, we experi-

mentally implement a CACSSI system and determine its accuracy in cancer detection

using tissue histology.

We find that CSCT and CACSSI are able to accurately detect cancerous voxels

inside of breast tissue specimens and accurately perform intra-operative margin de-

tection. Specifically, for the task of individual cancerous voxel detection, we show

that CSCT and CACSSI have AUC values of 0.97 and 0.94, respectively. Whereas

for the task of intra-operative margin detection, the results of our virtual clinical tri-

als show that CSCT and CACSSI have AUC values of 0.975 and 0.741, respectively.

The gap in spatial resolution between CSCT and CACSSI affects the results of intra-

operative margin detection much more than it does the task of individual cancerous

voxel detection. Finally, we also show that CSCT would require on the order of 30

minutes to create a 3D image of a breast cancer specimen, whereas CACSSI would

require on the order of 3 minutes.

These results of this work show that coherent scatter imaging has the potential to

provide more accurate intra-operative margin detection than currently used clinical

techniques. In addition, the speed (and therefore low scan duration: 3 min) of

CACSSI, along with its ability to automatically classify cancerous tissue for margin

detection means that coherent scatter imaging would be much more cost-effective

than the clinical techniques that require up to 20 minutes and a trained pathologist.

With the cancerous voxel detection accuracy of a 0.94 AUC and scan time of on the

order of 3 minutes demonstrated for coherent scatter imaging in this work, coherent

scatter imaging has the potential to reduce healthcare costs for BCS procedures

and rates of repeat BCS surgeries. The accuracy for CACSSI can be considerably

v



improved to match CSCT accuracy by improving its spatial resolution through a

number of techniques: incorporating into the CACSSI reconstruction algorithm the

ability to differentiate noise from high frequency signal so that we can image with

higher frequency coded aperture masks; implementing a 2D coded aperture mask

with a 2D detector; or acquiring additional angles of projection data.
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Some people see things as they are and say why?

I dream things that never were and say, why not?

—Robert F. Kennedy, 1968
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Introduction

Parts of the text in this chapter have been published in Physics in Medicine and

Biology, 60(16): 63355, 2015 [11] and Nuclear Instruments and Methods in Physics

Research, Section B, 335: 31-38, 2014 [12].

In the United States, about one in eight women will develop invasive breast

cancer and about one in thirty-six will die of it [13], making its treatment an utmost

concern and making it one of the most commonly treated and researched diseases.

Because such a large number of patients are treated for breast cancer, innovations in

breast cancer treatment have tremendous potential for impact. The diagnosis and

imaging of breast cancer is one of the most challenging clinical tasks because of (1)

the limited contrast between cancerous tissue and dense healthy breast tissue; and

(2) the irregular spiculated shapes of breast tumors that make it difficult to identify

the total extent of disease. As a result, there is a pressing need for innovations in

breast cancer diagnosis and treatment to improve efficiency at all stages of breast

cancer treatment: screening, diagnosis, surgery, and therapy. In this dissertation, we

focus on developing a breast cancer imaging technology to improve the efficiency of

surgical treatment of breast cancer.
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1.1 Clinical problem

In this section, we review the current clinical standard of care for breast cancer

surgical therapy, its limitations, and alternative proposed technologies to overcome

these limitations.

1.1.1 Current clinical practice

Once a breast tumor is detected in a patient, treatment can include a multitude of op-

tions, e.g., chemotherapy, radiation treatment, surgery, or any combination of these.

In cases of surgical interventions, surgery may be of one of two types: (a) breast-

conserving surgery (BCS)–in which only the tumor along with some surrounding

healthy tissue is removed; or (b) mastectomy–in which the entire cancerous breast is

removed. In most cases, unless the cancer is late stage, both treatment options are

available to the patient. Patients often choose BCS (59% of the time [14]) over mas-

tectomy (chosen in 36% of cases) because of its better cosmetic results and because

it provides survival rates as high as mastectomy [13, 15].

During a BCS procedure, the surgeon removes a piece of tissue containing the

tumor and a minimal amount of surrounding healthy tissue as a safety margin. This

safety margin is to ensure that no cancer cells were left behind in the breast. In a

BCS procedure, once the surgeon has removed the affected region of breast tissue, the

removed tissue specimen must be analyzed–either by the surgeon visually or through

some other technique such as frozen section analysis (discussed below) or touch-prep

cytology–in order to confirm that all cancerous tissue has been successfully removed

from the patient, i.e., the surgeon must ensure that the margin of the tumor contains

no cancerous cells at the edge of the specimen (a negative margin). The presence

of cancerous cells at the edges of the specimen (a positive margin) indicates that

more cancerous tissue may still remain in the patient and that the patient must
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undergo a re-excision of tissue in order to ensure that the entire tumor has been

removed. This process involves performing a repeat follow-up surgery that poses

risk and complications for the patient. In contrast, if the specimen has negative

margins (i.e., no cancerous cells are present at the edges), no re-excision is necessary

and the BCS procedure can be deemed complete.

The gold standard for evaluating margins is histology analysis of the tissue by

a pathologist. This analysis typically entails a hematoxylin and eosin (H&E) stain

performed on paraffin-embedded tissue sectioned serially [16]. The H&E staining is

performed post-operatively to determine whether the surgically resected tissue con-

tains negative or positive margins. The processed tissue slides are analyzed by a

pathologist, who seeks to confirm the presence of the tumor in the resected tissue

section surrounded by a non-cancerous margin. “Negative margins (sometimes al-

ternatively called “clear margins”) imply that the entire tumor was removed from

the patient, whereas “positive margins” imply that the tumor may not have been

removed in entirety. While the H&E staining method is effective, the processing time

for the technique ranges from several days to over a week [17]. Hence, it cannot be

performed intra-operatively and must be performed in the days following surgery.

If the pathologist reports positive margins, the surgeon must recall the patient for

another BCS procedure to ensure complete removal of tumor tissue.

Repeat surgeries are a pressing clinical problem because they occur often and

carry serious consequences for the patient and for the payer. Studies have reported

that between 20% to 30% of BCS patients require repeat surgeries [18]. Perform-

ing multiple BCS procedures is not only costly in terms of resources to healthcare

providers, but is taxing on the patient: repeat procedures can cause for the patient

additional discomfort, additional surgical complications, worsened cosmetic outcomes

for the breast, and they have been associated with driving patients to pursue bilateral

mastectomy [19]. They can also cause additional emotional stress for the families of
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the patients [19,20]. If an accurate margin assessment process could be performed in

real time, i.e., during the original BCS procedure, then the surgeon could better en-

sure removal of all tumor tissue in a single surgery, potentially reducing the number

of repeat surgeries and associated consequences.

1.1.2 Limitations of existing clinical intra-operative margin detection techniques

For intra-operative evaluation of margins, two clinical methods are currently prac-

ticed:

1. frozen-section analysis (FSA) [16], in which the specimen is frozen and thin

sections are cut for pathological assessment, and

2. touch-prep cytology [21], in which glass slides are touched to the specimen and

are then stained for pathological analysis.

Given their associated costs, both techniques have had limited effectiveness, with

more than 95% of hospitals (including Duke, and MD Anderson Cancer Center)

opting not to use them routinely. Most hospitals instead have the surgeon visually

inspect the resected specimen, a technique found to be inaccurate in at least 25% of

cases [22]. The specificity and sensitivity with which FSA and touch-prep cytology

gauge margins as reported in the literature are: 65 to 91% sensitivity and 86 to 100%

specificity for FSA, and 38 to 100% sensitivity and 85 to 100% specificity for touch-

prep cytology [21]. This large variability in the accuracies obtained with touch-prep

cytology likely exists because it is unable to identify close margins [23]. The large

variability in the accuracies obtained with FSA likely exists because it performs

poorly with fatty breast tissue, suffers from freezing artifacts in adipose tissues, and

it samples only a small portion of the surgical margin [24,25]. The small percentage

of hospitals even attempting intra-operative margin evaluation, along with the wide
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ranging accuracies reported for the techniques, explains the large percentage (20 to

30%) of BCS patients requiring repeat surgery [18].

Furthermore, the time and resources that these techniques require are significant,

with a turn-around time that includes 17-20 minutes for the procedure plus wait time

for an available pathologist [13,26]. There is a pressing need for a more accurate and

faster margin detection technique during BCS procedures.

1.1.3 Alternative proposed margin detection techniques

In order to be effective for margin detection, an imaging technique should be able to

clearly delineate healthy and malignant tissue with sub-millimeter spatial resolution

in order to visualize margins. The challenge for an imaging technique in identifying

tissue as either healthy or malignant lies in the considerable degree of heterogene-

ity present in healthy breast tissue as well as the irregular shapes of tumors (e.g.,

spiculated tumor shape in Fig. 1.37 in Ref. [27]).

Several new diagnostic techniques are being developed for margin detection, in-

cluding the application of radio waves to measure electromagnetic properties [28]

and several optical imaging methods [24, 29–31]. However, radio waves have not

been used for image reconstruction, and optical photons lack penetrating power. As

a result, these techniques are not able to reconstruct full three-dimensional images

of the tissue sample, but instead are only able to provide information to a depth of a

few millimeters into the specimen. Although the penetration depth of optical imag-

ing methods would be sufficient to detect the negative margins in most scenarios, the

lack of penetration depth precludes the ability to confirm the presence of the tumor

within the resected section (a particular concern in the case of multi-focal disease).

An ability to visualize a three-dimensional representation of the entire tumor inside

the resected tissue would provide the surgeons strong confirmation on the outcome

of the surgery, even in cases of multi-focal disease.
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Another x-ray imaging technique that has been shown to potentially aid conven-

tional x-ray imaging in cancer is x-ray phase contrast imaging (XPCI): the phase

shift cross section in XPCI is nearly one thousand times larger than the x-ray ab-

sorption cross section for light elements such as those in biological tissue [32]. XPCI

therefore has the potential to observe structure inside soft tissue with greater con-

trast than is possible by measuring transmitted x-rays. Specialized implementations

of XPCI such as grating based phase contrast imaging [33] makes it possible to per-

form XPCI using conventional x-ray tubes, and analyzer-based scatter imaging [34],

which employs phase contrast with ultra-small-angle x-ray scattering, also improves

contrast in soft tissue. However XPCI only provides contrast at boundaries and is

unable to provide material-specific signatures over large volumes and a broad range

of material types [35].

Current methods of margin assessment therefore suffer from the following limita-

tions:

1. wide-ranging sensitivity and specificity values;

2. limited depth of tissue penetration;

3. 20%-30% call-back rates; and

4. moderately long wait times (17-20 minutes).

In order to address the limitations of these margin detection techniques, we propose

to develop and demonstrate in this dissertation a coherent scatter imaging system

for cancerous tissue identification that provides three-dimensional images of the dis-

tribution of cancerous tissue inside of surgically removed tissue for margin detection.
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1.2 Coherent scatter imaging

The technology that we develop in this dissertation uses the signal from x-ray coher-

ent scattering in order to reconstruct cross-sectional images of the sample. Therefore,

in this section we review the physics of coherent scattering, its various medical and

non-medical applications, its applicability for breast cancer detection, its specific

applicability for intra-operative margin detection, and the potential impact it could

have on breast cancer treatment.

1.2.1 Physics of coherent scattering

The utility of scattered x-rays was discovered when Friedrich et al. [36] and Bragg &

Bragg [37] were able to show that because the interatomic spacing of solids coincides

with the wavelength range of x-rays (on the order of angstroms), the interference of

x-rays reflected off the atoms in a given solid produces an intensity pattern that can

be used to investigate the structure of the solid. This interference of reflected electro-

magnetic waves by a solid is commonly referred to as Bragg diffraction. Shortly after

1914, Bragg diffraction led to the birth of x-ray crystallography for determining the

atomic and molecular structures of small homogenous samples, e.g., work by Wat-

son et al. [38] in determining the double-helix structure of DNA that revolutionized

molecular biology.

However, x-ray crystallography cannot be directly applied for medical applica-

tions because it requires the sample to be crystallized, i.e., in the form of a well-

ordered crystal and free from any contaminants. Debye & Scherrer [39], and Hull [40]

showed that diffraction could be used to probe information about non-crystallized

samples as well, introducing the concept of powder diffraction. If a sample, even

a non-ordered-crystal, is instead present in a random powdered or amorphous form

such as human tissue, then due to the random orientation of the microcrystalline
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structures in the sample with respect to each other, the orientational averaging leads

to symmetry in the azimuthal angle of the diffracted x-rays. In contrast, the proba-

bility distribution of scattering in the polar angle is unique to the sample and depends

on its structural properties. Due to this circular symmetry in the azimuthal angle,

the diffracted x-rays come off the sample as concentric cones of radiation that ap-

pear as a ring pattern when measured on a piece of film or on a flat detector. The

radii and intensity of the rings are unique to the scattering sample. Thus, powder

diffraction patterns have been studied extensively for use as a potential diagnostic

tool in medical imaging, the results of which will be discussed in the next subsection.

1.2.2 Applications of coherent scatter measurements

These power diffraction patterns have been investigated for material identification

for medical [41–43] and homeland security [44, 45] applications. These studies have

shown that scattered x-rays can provide higher signal-to-noise ratios (SNR) in identi-

fying certain tissue types (medical) and sensitive materials (homeland security) than

is currently possible using transmitted x-rays.

In homeland security applications, Madden et al. [45] and Harding [46] proposed

systems for explosives detection in suitcases that first acquired a transmission image

of the suitcase, followed by an x-ray diffraction image of objects that raised suspicion

in the transmission image. They argued that x-ray diffraction provided orthogonal

information to transmission measurements and therefore x-ray diffraction could be

used as a second automatic screening in order to reduce the number of bags that

needed to be manually opened and inspected. There are also several clinical applica-

tions where coherent scatter imaging could prove beneficial because of its ability to

image molecular structure. In medical applications, several studies [2, 4, 47, 48] have

shown that there exist significant differences in the scatter signatures from cancerous

and healthy tissue, for example in the blood [42] and bone [49]. However, the appli-
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cation where the contrast in coherent signal is strongest is for differentiating healthy

and cancerous breast tissue, which is the subject of a far greater number of coherent

scatter studies.

1.2.3 Coherent scatter signal from breast cancer

Several studies [1, 2, 47, 50, 51] have measured the coherent scatter signals from adi-

pose, fibroglandular, normal (i.e., 50/50 adipose/fibroglandular mix) and carcinoma

breast tissues. All of these studies have found that the differential coherent scatter

cross section (dσcohpqq{dΩ) curves differ considerably between the four tissue-types

(see Fig.1.1) due to variations at the molecular level (discussed below). The dif-

ferences in dσcohpqq{dΩ are large enough to allow differentiation of adipose, fibrog-

landular, normal and cancerous tissue samples based on the angular distribution of

coherent scattering measured from them [2–8].

Lewis et al. [52] and Theodorakou & Farquharson [53] speculate that healthy and

cancerous tissue exhibit different coherent scatter properties because of the extracel-

lular matrix (ECM) in the tissue. The ECM has been shown to give characteristic

coherent scatter patterns due to its well-ordered structure. Specifically, when col-

lagen molecules pack into bundles called fibrils, its structure has a periodic pattern

with period (sometimes referred to as the d-spacing) of 65 nm [53, 54]. The disrup-

tion of the structure of the ECM has a known association with cancer. In the case

of breast cancer, tumor invasion has been shown to be associated with increased

synthesis of fibrils and a much less regular organization of these fibrils [53, 55].

Although many studies have used coherent scatter measurements to differentiate

healthy and cancerous breast tissue samples, the problem of intra-operative margin

detection and most other clinical breast imaging problems require the ability to

image the distribution of healthy and malignant tissue within the specimen in 3D.

In such cases, the ability to spatially resolve the origin of the scatter signal to a
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Figure 1.1: Using data taken from [1], we show the differential coherent scatter
curves (scaled to have a maximum value of unity) as a function of q (i.e., momentum
transfer, which is introduced in Chapter 2) for the four types of breast tissue modeled
in this work. (Normal tissue is defined as a 50/50 adipose/fibroglandular mix). The
scatter curves for all four types of tissue are significantly and reproducibly different
from each other and have been successfully used in prior studies [2–8] to consistently
classify cancerous and healthy tissue samples.

point within the sample would allow one to reconstruct an image of the sample that

can be used for spatially-resolved tissue discrimination. Studies have shown that

scatter imaging can be used to spatially resolve different materials using computed

tomography techniques [56, 57] or coded apertures [58].

1.2.4 Suitability of x-ray coherent scatter imaging for margin detection

The application of coherent scatter imaging to the clinical problem of intra-operative

margin detection is suitable for the following three reasons.

1. The relatively small size of resected breast specimens provides the ability to

generate a low-noise image using coherent scatter. A source of noise in coherent

scatter imaging that must be considered is multiple scattering. Based on the

approximations made in the theoretical development of coherent scatter image

reconstruction, multiple scattering can be neglected if the object size is limited

to less than three half-value layers [59], which for the case of diagnostic x-rays

and human tissue is �10 cm. Resected breast specimens in BCS procedures
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are less than 10 cm in size, making noise from multiple scattering in coherent

scatter imaging negligible.

2. The 0.5mm resolution of coherent scatter imaging (see Section 1.3.1 below)

makes it well-suited for the task of margin detection since desirable tumor

margins are on the order of �2mm.

3. The margin detection techniques currently being used in hospitals have a wide

range of variability in their levels of accuracy, as discussed previously in Section

1.1.2.

1.2.5 Potential impact of coherent scattering imaging for intra-operative margin
detection

This project proposes to develop a coherent scatter imaging technique to improve

intra-operative margin detection during breast conserving surgery (BCS). Such tech-

nology could result in reduced rates of re-operations in BCS patients, thereby saving

valuable time and resources for patients and the healthcare system.

The use of a compact coherent scatter imaging device that would perform accurate

margin detection would substantially reduce the costs involved in treating breast

cancers and improve patient experience. An imaging device for margin detection–

even if it only gave the same level of accuracy as current margin detection techniques

(e.g., FSA)–would provide results to the surgeon more quickly and at a lower cost

than FSA and touch-prep cytology because using an imaging device would not require

tissue processing nor the manual analysis of an on-site trained pathologist, both of

which come with considerable time and monetary costs.

In addition to reducing time and monetary costs, coherent scatter imaging has

the potential to provide improved accuracy beyond the wide-ranging accuracies of

FSA and touch-prep cytology that was discussed previously in Section 1.1.2. Because

coherent scatter imaging has the potential to generate sub-millimeter cross-sectional
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images of the resected specimen, it can be used to sample the entire surgical mar-

gin, resulting in improved margin detection accuracy and reduced need for repeat

surgeries.

Alternatively, this device could be used to supplement and confirm staining mar-

gin detection techniques (e.g., FSA and touch-prep cytology), in which case the

device would improve margin detection accuracies while not reducing the overall

wait time for margin detection results during the surgery. This improved accuracy

would reduce the rate for repeat surgeries and therefore it would still reduce the

average cost of breast cancer treatment per patient that a hospital incurs.

In the next section, we review the different coherent scatter imaging techniques

available for development for intra-operative margin detection.

1.3 Coherent scatter imaging techniques

The coherent scatter signal from healthy and cancerous breast tissue samples are

significantly and reproducibly different from each other as pointed out in the previous

section. Therefore, we propose to develop coherent scatter imaging systems that can

delineate (through a 2D or 3D image) the presence of healthy and cancerous tissue

inside small samples such as those removed in BCS procedures. In this section, we

review the two major categories of techniques available for using coherent scattering

for cross-sectional imaging: (a) those that use computed tomography techniques, and

(b) those that use coded apertures. In the first category of computed tomography,

we choose to pursue coherent scatter computed tomography (CSCT). CSCT is the

most fundamental volumetric coherent scatter imaging technique (e.g., analogous to

first generation x-ray CT) and therefore its effectiveness for breast cancer imaging

must be studied and assessed before attempting to implement more complex coherent

scatter imaging designs (e.g., coded aperture techniques, fan beam geometries, etc.).

We pursue the second category of using coded apertures because they would provide
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a speedup over CSCT by an order of magnitude by eliminating the need to rotate the

sample, and would therefore make coherent scatter imaging a fast imaging technique

in the operating room.

1.3.1 Coherent scatter computed tomography (CSCT)

CSCT was the first coherent scatter imaging technique implemented in 1985 by

Harding et al. [60] when they showed that it can provide contrast between materials

that otherwise would not show contrast in conventional CT imaging. In recent years,

CSCT has been shown to provide contrast between healthy and cancerous breast

tissues in simple-geometry breast cancer models [61] and very low-resolution images

have been generated of real breast cancer specimens [6].

Giffiths et al. [62] studied the spatial resolution of a CSCT system and were able

to achieve 500-µm resolution. They also concluded that the spatial resolution can

certainly be improved below 500µm through the use of finer collimation. The spatial

resolution of CSCT, its demonstrated ability for material identification [63–65] and

its development for medical imaging in a number of prior studies [66] make it a

natural choice for initial coherent scatter imaging development for a new clinical

application such as intra-operative margin detection.

However, what may be the most concerning limitation of CSCT as a clinically

feasible imaging technique is scan time. In order to maximize the ratio of coherent

scatter signal to x-ray flux incident upon the sample, CSCT data acquisition must be

performed using a first-generation raster scan using a pencil beam. Raster scanning

a pencil beam across a sample and then repeating for a series of projection angles and

tomographic slices in order to reconstruct a three-dimensional image of the sample

may not be possible within the time constraints for a given clinical application.

On the other hand, coded aperture coherent scatter imaging techniques provide the

capability of single-angle cross-sectional imaging, thereby reducing the overall scan
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time.

1.3.2 Coded aperture coherent scatter spectral imaging (CACSSI)

Other research groups have investigated a number of ways for reducing the scan

time: fan-beam CSCT [63, 64, 67], selected volume tomography (SVT) [68], kinetic

depth effect x-ray diffraction (KDEXRD) [69], coded aperture x-ray scatter imaging

(CAXSI) [70], structured illumination coherent scatter imaging (SICSI) [35], and

coded aperture coherent scatter spectral imaging (CACSSI) [71]. Of these tech-

niques, those that employ a coded aperture (i.e., CAXSI, SICSI and CACSSI) are

the only techniques for which real-time volumetric imaging through a single snapshot

is possible, whereas the other techniques (i.e., fan-beam CSCT, SVT, and KDEXRD)

require the acquisition of multiple measurements. When a coded aperture is placed

in between the sample and the detector, it spatially modulates the scattered X-rays

by a frequency dependent on the location of the scatter origin. By identifying the

origin of scatter along the pencil beam, the coded aperture enables reconstruction of

images of the sample without any need for tomographic rotation. Therefore, investi-

gating and comparing a coded aperture technique with respect to CSCT for reduced

scan time can guide the development of a clinical coherent scatter system with high

levels of accuracy and short scan times.

Among the three coded aperture techniques, CACSSI may be the best suited for

clinical development. CACSSI has been shown to give superior spectral resolution

(i.e., material discrimination ability) compared to CAXSI [71], which is a critical

system strength for the task of differentiating cancerous and healthy breast tissue

with a high level of accuracy. In addition, the SICSI technique requires the sample to

be translated a single time across the field-of-view at a fixed velocity, which provides

additional constraints to the imaging system design, constraints that are more suited

to conditions involving a piece of luggage moving across a conveyor belt rather than
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for clinical applications [35]. Therefore, the flexibility in the CACSSI design makes

it better suited for application in a clinical system than SICSI. As a result, CACSSI

is the snapshot imaging technique that will be investigated in this dissertation. Next

we discuss the simulation tool that we use for preliminary investigations into these

imaging systems.

1.4 Dissertation outline

Chapter 2 of this thesis will focus on developing an accurate MC simulation that

incorporates coherent scattering physics for use in subsequent chapters for the de-

velopment of coherent scatter imaging. In that chapter we also present validation of

the simulation using experimentally acquired data.

Chapters 3 and 4 The following two chapters will focus on developing and op-

timizing CSCT and CACSSI imaging systems using MC simulations for cancerous

voxel classification.

Chapter 5 will focus on testing the optimized imaging systems for intra-operative

margin detection through virtual clinical trials. The virtual clinical trials comprised

generating a population of realistic virtual tissue samples and imaging them using MC

simulations and analyzing the results using receiver-operator characteristics (ROC)

statistical analysis.

Chapter 6 will focus on imaging a cancerous breast tissue specimen in experiment

using coherent scatter imaging and validate the imaging results using tissue histology

as a form of validation of the MC simulations in the preceding chapters. This disser-

tation provides the medical imaging community with a CSCT and coded aperture

imaging design that can effectively distinguish cancerous tissue in realistic homoge-

neous distributions of breast tissue for intra-operative margin detection and that can

be adapted to other breast cancer imaging applications such as mammography.
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2

Development and validation of a Monte Carlo
(MC) simulation for coherent scatter imaging

Parts of the work presented in this chapter were published in Nuclear Instruments

and Methods in Physics Research, Section B, 335: 31-38, 2014 [12].

In this chapter, we describe the development and validation of an MC simulation

for accurate modeling of coherent scatter physics. The accuracy of this simulation

that we were able to demonstrate in this chapter allows us to proceed with using

MC simulations for developing the coherent scatter imaging systems in subsequent

chapters.

2.1 Introduction

In this study, we use Monte Carlo (MC) simulations in addition to experimental

work to investigate coherent scatter imaging systems. MC simulations take into

account sources of noise and artifacts that are present in an experimental scenario,

such as x-ray source and detector-related effects, statistical noise associated with

the detection process, and realistic physics interactions such as Compton scattering,
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multiple scattering and self-attenuation. The key difference between MC simulations

and experiments is that necessary experimental apparatus such as x-ray detectors

and x-ray sources and the tissue sample itself can be modeled virtually, without any

resource limitations associated with equipment setup and geometry, making this an

attractive approach for preliminary investigations.

Currently, none of the commonly used MC codes for radiation transport, e.g.,

Geant4 [72, 73], Penelope [74, 75], or MCPNX [76, 77] model the interference of

coherent scattered photons in diffraction that would allow one to image the molecular

structure of the sample. Coherent scatter diffraction is not modeled in most MC

simulations for two reasons: First, the interatomic spacing or configuration of atoms

in the materials is not a single default value; and second, in many MC codes such as

Geant4, photons are tracked one at a time in the simulation, so interference between

photons or electromagnetic waves cannot be modeled readily. Therefore, developing

a MC simulation that can accurately model coherent scattering is a significant part

of this dissertation. This chapter describes the development of such a simulation in

GEANT4 for use in subsequent sections of the research.

We choose to use the Geant4 [72] MC toolkit because we have used it in the

past for the development of medical imaging systems [78, 79], we have validated its

electromagnetic physics against experiment [80, 81], and it is open source, making

it possible for us to make the modifications discussed in this chapter. Geant4

models coherent and incoherent scattering using re-engineered implementations of

the Penelope MC code [74, 75].

The models for both types of scattering use the independent atomic approxima-

tion (IAA) for scattering [82], which neglects interference between electromagnetic

waves scattering off of electrons or atoms near each other in a medium. The IAA

is used in MC simulations because the inherent structure of MC simulations is in-

compatible with how electromagnetic interference needs to be modeled, which is the

17



case for two reasons: (a) MC simulations inherently track photons one at a time

and independent of each other, whereas electromagnetic interference involves inter-

actions between different photons; and (b) MC simulations model materials based

on their density and atomic composition, whereas the modeling of electromagnetic

interference involves the spatial structure. While the IAA is accurate for radiation

scattered through large angles, it breaks down for small angles at which diffraction

is most observable. Coherent scatter radiation is most intense in this small-angle

range.

Other MC packages such as EGSnrc [83] allow the user to provide and specify

the angular distribution for coherent scatter diffraction for materials. While the

ability is useful, successful modeling of the angular distribution requires that it be

known precisely for a given material–either through experimental measurement, or

obtained from the literature if it has already been measured.

The lack of diffraction modeling in the coherent scattering implementations of

MC simulations is typically ignored in most studies for three reasons: first, the cross

section for coherent scattering is smaller (usually by at least an order of magni-

tude) than the cross sections for incoherent scattering; second, there once existed

the misconception that diffraction effects only occurred for the case of crystals (i.e.,

Bragg diffraction) and not for amorphous materials; and finally, because diffraction

patterns are not so easily observed for non-collimated (e.g., parallel- or cone- beam)

geometries that are most often used in radiographic x-ray imaging [82].

A number of simulation studies have focused on quantifying the effects of coherent

scatter diffraction signals as noise in x-ray radiography measurements [84–87] and

for using coherent scatter in diagnosing breast cancer [88–90]. However, as a result

of the limited resources for the simulation of coherent scatter diffraction, no studies

prior to ours have simulated an x-ray scatter imaging system. We have done so by

modifying the source code in Geant4 to accurately model coherent scattering as
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detailed in Section 2.2.

2.2 Methods

In this section we first describe the development of the coherent scatter MC simula-

tion and then how it was validated experimentally.

2.2.1 Implementation of Diffraction Modeling in Geant4

TheGeant4 implementation for coherent scattering models the angular distribution

of coherent scattered x-rays using the following equation [74]:

ΦpE, θq � FF 2pqqp1� cos2 θq sin θ , (2.1)

where FF pqq is the form factor, which is equal to the Fourier transform of the

electron charge distribution in the scatterer [59]; q is the momentum transfer, which

is related to the scatter angle θ and the x-ray energy E through q � pE{hcq sin pθ{2q;
and h and c are Planck’s constant and the speed of light in vacuum, respectively.

Geant4 and Penelope use the form factors for coherent scatter based on indi-

vidual atoms (e.g., absent interference effects) from EPDL97 [91] (EPDL Evaluated

Photon Data Library, 1997 version), which are the non-relativistic values calculated

by Hubbell [92]. Therefore, implementation of coherent scatter diffraction modeling

in Geant4 requires enabling the simulation to use form factors representative of the

entire material (i.e., with interference effects taken into account) in place of those for

individual atoms in the execution of Eq. (2.1) during the course of the simulation.

Hence, we modified the Geant4 physics code for Rayleigh scattering to utilize

the form factors in the Geant4 data directory based on the material involved in the

photon interactions within a compound rather than based on the individual atoms

involved. Examples of the simulated differential coherent scatter cross sections before
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and after modifying the physics of the simulation to utilize form factors from exper-

imental measurements instead of the IAA has been shown in [82] for lucite, water

and nylon. The authors show that the IAA gives curves that are broad and slowly

varying, whereas the more realistic form factors that incorporate electromagnetic

interference have more high frequency peaks and structures, which is what makes

XRD and coherent scattering useful for material identification. In addition, we de-

veloped a database of form factors for various materials (measured experimentally

as described next) to include into the Geant4 data directory that the simulation

can access at run time for execution of Eq. (2.1).

We measured the form factors for various materials using a Panalytical XPert

PRO HR x-ray diffraction (XRD) system (see Fig. 2.1) with a 1.8-kW sealed ceramic

x-ray source and a Ni 0.125-mm automatic beam attenuator. Incident beam optics

also included 1

2

�
fixed divergence slit and 10-mm mask to define the beam dimension.

The diffracted beam optics included Soller slits to limit axial divergence (0.04 rad)

and a parallel plate collimator with a 0.27 acceptance angle. X-rays were measured

using a sealed proportional detector with 84% efficiency for Cu kα. Samples were�4mm in thickness, secured onto the measurement stage for analysis, as shown

in Fig. 2.1, and measured in reflection mode. Scattering angles from 2� to 120�
were scanned with a step size of 0.05� and 0.5 s time per step. The diffraction

system introduced an intensity spike at q-values near zero due to measurement of the

unattenuated primary incident beam that needed to be removed as a post-processing

step.

2.2.2 Validation of MC simulation against experiment

Next, the experimental data to use for validation of the MC simulation was acquired

using our CACSSI experimental setup that we describe in Section 6.2.1, and for

which the MC simulations we describe in Section 4.2.1. However, instead of breast
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(a) Sample (b) Diffraction System

Figure 2.1: Figures showing the (a) sample and (b) Panalytical XPert PRO HR
diffraction system used for measuring the form factors. The sample has been secured
onto the measurement stage of the diffraction system for analysis in (b).

samples, validation is performed using three simple targets materials placed inside a

10-mm vial: (1) table salt (i.e., NaCl), (2) aluminum and (3) polyester.

After the coherent scatter data are acquired–measured as a function of E and θ–

from the experiment and MC simulation, the data are used to reconstruct the sample

form factor–which is a function of momentum transfer q. The form factor is then

directly compared to the form factor measured using the XRD system described in

the previous subsection. The reconstruction was performed using the CACSSI recon-

struction algorithm described in Section 4.2.2. The match between the experimental

and simulation data was evaluated by calculating the Pearson’s linear correlation

coefficient between the two.

2.3 Results

Comparison of the reconstructed form factors between XRD, experiment and the

MC simulation are shown in Fig. 2.2. The XRD data is included in the figure

order to demonstrate how the various differences between the XRD system and the

CACSSI imaging system affect the reconstructed form factor. The differences in the
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Figure 2.2: Results of the reconstructed form factor for (a) table salt, (b) aluminum
and (c) polyester from XRD measurements, MC simulations and experimental mea-
surements. The match between the MC simulation and the experiment validates the
accuracy of the MC simulation.

reconstructions between the XRD and CACSSI results (i.e., the MC simulation and

the experiment) are caused by the less fine precision in the CACSSI system: the

greater thickness of the samples that were used, the broader energy spectrum in the

incident x-ray beam, and the larger pixel sizes in the detector. The excellent match

(correlation coefficient of 0.84) between the MC simulations and the experiments–

especially in contrast to the XRD results–serves to validate the MC simulations.

2.4 Discussion

The correlation coefficient between the reconstructed form factors from experimental

and simulation being 0.84 instead of unity is likely caused by a combination of (a)
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differences between the actual and simulated incident x-ray spectrum, (b) scattering

off of the pinhole collimators in the experiment, and (c) the electronics in the photon

counting detector.

The simulated incident spectrum was generated using the XSPECT software

[93–95] based on the known x-ray tube anode material, filtering and voltage used in

the experiment. However, the actual energy spectrum of the x-ray produced from

the tube could differ from that generated using XSPECT due to the aging of the

tube which could cause a decrease in the quality of the generated x-ray beam and

changes in its energy spectrum and intensity.

The pinhole collimators used in the experiment are also known to generate scatter

which would not be present in the MC simulation because in the simulation the

pencil beam was simulated directly instead of through pinhole collimation. Finally,

the x-ray pulse-height spectrum produced in photon counting detectors using finite-

element and MC modeling of the crystals themselves is an area of active research

[96]. Therefore our simplified modeling of the photon counting detector as only

having (a) some spatial binning and (b) a Gaussian energy response will cause some

disagreements between the MC and experimental results.

2.5 Conclusion

Despite the minor differences between the MC and experiment, the strength of the

match between the two in Fig. 2.2 allows us to use MC simulation to model the

coherent scatter imaging systems in the rest of this dissertation with a high degree

of confidence that the conclusions we draw from the simulations can be extrapolated

to an experimental setting.
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3

Coherent scatter computed tomography (CSCT)
imaging of cancer in resected breast tissue: a Monte

Carlo study

The work presented in this chapter was published in the Proceedings of the SPIE 2014

Medical Imaging, 9033 [97] and in Physics in Medicine and Biology, 60(16): 63355,

2015 [11].

The following chapter describes a tumor margin assessment method based on

X-ray coherent scatter computed tomography (CSCT) imaging and demonstrate its

utility in surgical margin assessment using Monte Carlo simulations. The resulting

volume-rendered images were found to distinguish cancerous tumors embedded in

complex distributions of adipose and fibroglandular breast tissue (as is expected in

the breast). The images exhibited sufficient spatial and spectral (i.e., momentum

transfer) resolution to classify the tissue in any given voxel as healthy or cancerous.

ROC analysis of the classification accuracy revealed an area under the curve (AUC)

of up to 0.97. These results indicate that coherent scatter imaging is promising as a

possible fast and accurate surgical margin assessment technique.
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3.1 CSCT Implementation & Reconstruction

CSCT differs from conventional transmission CT in one key way – instead of the

transmitted X-rays being detected and reconstructed to form an image as in con-

ventional CT, the CSCT method relies on scattered X-rays to generate images. The

concept was introduced in [98], in which CSCT was implemented based on a first-

generation conventional CT scanner setup: a pencil beam of X-rays was translated

and rotated relative to the sample with one modification to the standard CT setup to

enable measurement of the scattered X-rays at specific scattering angles. A similar

scanner setup was envisioned in our work.

In CSCT, the number of scattered X-rays Ns is measured at angle θ with energy

E. Let △Ωpθq be the solid angle subtended by the pixels at angle θ, and Nt be

the number of transmitted X-rays measured at energy E. Using the inverse radon

transform R�1tu, we can reconstruct a cross-sectional image of the product of the

electron density n0px, yq of the sample and the differential coherent scatter cross

section dσcoh{dΩ of the sample as [98]:

R�1

"
Nspθ, Eq

△ΩpθqNtpEq* � n0px, yqdσcohrx, y, qpθ, Eqs
dΩ

. (3.1)

On the right-hand side of Eq. (3.1), dσcoh{dΩ for a given point (x, y) in the sample

depends on the momentum transfer, q. The momentum transfer is defined in terms

of the incident X-ray energy E and the scatter angle θ: q � E sin pθ{2q{hc. The

differential coherent scatter cross section dσcoh{dΩ, which is a function of q, is pro-

portional to the form factor, which we discussed in Chapter 1 has been shown to be

significantly and reproducibly different for the different breast tissues.
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3.2 Methods

The modeling of this study consisted of three components: (a) the modeling of the

CSCT imaging system in the Monte Carlo simulation, (b) the classification technique

used to identify the type of tissue in a given voxel in the reconstructed CSCT images,

and (c) the strategy used to study the optimum imaging system parameters.

3.2.1 Modeling of the Coherent Scatter CT Imaging System

A coherent scatter CT imaging system and the breast tissue phantoms were modeled

in Monte Carlo simulations in order to determine whether CSCT was feasible for

imaging surgically-removed breast tissue. The Monte Carlo simulations were run

on a computer cluster of 300 parallel processors using a technique for distribution

developed in our group [99], which resulted in a 3-hour per 100mAs run time for the

case of a 0.75-mm pencil beam. The modeling included four individual components

to be modeled: (a) the X-ray source, (b) the X-ray detector, (c) the breast tissue

phantom, and (d) the CT gantry.

As we discussed in Section 2.2.1, the form factors for each material in the sim-

ulation has to be defined ahead of time. To do so here, we used the form factors

measured ex vivo for adipose, fibroglandular, normal, and cancerous tissues taken

from [1], [50], [51], [47], and [2].

X-ray source

The X-ray source was modeled as a collimated pencil-beam of X-rays (shown as a

horizontal green line across the middle of Fig. 3.1) with a realistic energy spectrum.

The energies of the X-rays were modeled using the MASMIP [100] code to resemble a

mammography X-ray tube manufactured by Eureka X-ray Tube, Inc.. The tube was

assumed to have a molybdenum anode, with 40 kV applied tube voltage and 0.5mm

beryllium filtration from the X-ray tube window and no added filtration. The source
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Figure 3.1: Shown is the coherent scatter CT imaging system modeled in this
work, made up of four components labeled in the figure: 1) pencil-beam of X-rays;
2) planar X-ray detector; 3) breast tissue phantom; and 4) virtual CT gantry.

was kept stationary for the entire scan while the sample was translated and rotated

through the beam to acquire the CT projection data.

X-ray detector

The detector position, energy-resolution, and spatial-resolution were modeled to re-

semble our experimental system described in Section 6.2.1. The detector was mod-

eled as a flat rectangular detector (shown as the vertical white line at the far right-

hand side of Fig. 3.1) with physical dimensions of 30 cm�40 cm divided into a two-

dimensional pixel array of 384�512 of 0.78mm pixels. The pixels were modeled to

be energy sensitive with typical 6 keV energy resolution. The detector crystal mate-

rial as it relates to quantum efficiency was modeled without the physical properties

of any specific material; instead, it was modeled to report photon flux with perfect

efficiency.

The detector was placed 50 cm from the breast tissue sample. The breast tissue

sample and the center of the detector were both aligned with the pencil-beam. Due
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to this alignment, the central pixel of the detector counted the X-rays transmitted

through the sample (Nt), whereas the remaining surrounding pixels counted the

scattered X-rays (Ns).

Breast tissue phantom

This study aims to evaluate the technology, using realistically-shaped breast tu-

mors embedded in heterogeneous healthy breast tissue. To do so, the breast tissue

phantoms [9] were formed by cropping out a 2.7-cm cube of voxels from a realistic

virtual anthropomorphic breast phantom. The virtual breast phantom was built by

segmenting five classes of healthy breast tissue from high-resolution CT images of

healthy patients. The segmentation was performed by first denoising the images

using a 3D anisotropic diffusion algorithm, then applying histogram thresholding to

produce initial gland and skin segmentations, and finally applying a novel glandular

linking and extension protocol based on a skeletonization of the skin and glandular

segmentations [101]. This approach has been shown to mimic realistic breast phan-

toms in previous studies [9]. Realistic mathematically modeled breast cancer lesions

based on lesions segmented from high resolution tomosynthesis images [102] were

then inserted into these cubes of healthy breast tissue. Single slices of the virtual

anthropomorphic phantoms are shown in Fig. 3.2(a) and (f), and volume renderings

of the cancerous tumors in the virtual phantoms are shown in Fig. 3.3(a) and (c).

The elemental compositions (e.g., % hydrogen, % carbon makeup) of the adi-

pose, fibroglandular, normal and cancerous breast tissues were modeled from litera-

ture [103] reporting the composition of 46 human female breast tumors and healthy

samples (measured through in vivo neutron activation analysis). The densities of adi-

pose, fibroglandular and cancerous tissues were modeled as 0.93 g/cm3, 1.04 g/cm3,

and 1.058 g/cm3, respectively, based on values commonly used in Monte Carlo mod-

eling of breast tissue [104].
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Virtual CT gantry

The virtual CT gantry was modeled to impart translation and rotation to the phan-

tom. It can be seen in Fig. 3.1 as the large rectangle, with solid white lines at its

boundaries containing the breast tissue phantom. The stage “moves” the breast

tissue phantom through the pencil beam in a series of horizontal and vertical trans-

lations, as well as rotations.

For all scans in this work, each tomographic slice in the sample was acquired

using 20 projection angles; 44 translation steps of the pencil beam at each angle;

and 20 tomographic slices or heights in the sample. The tomographic field-of-view

(FOV) or cross-sectional view for a single tomographic slice is shown in Fig. 3.1 as

the small square with white dotted lines.

3.2.2 Tissue Classification in CSCT Images

A surgical margin detection technique must provide appropriate information for clin-

icians to identify whether sufficient healthy tissue margins exist around the tumor.

A margin detection technique should ideally delineate the spatial distributions of

healthy and cancerous tissue in the sample in 3D. Consequently, we sought to iden-

tify the presence of cancerous tissue in the CSCT images based on pixel intensities.

This ability to identify whether a given voxel is cancerous is the most useful feature

of CSCT. Here we describe the technique used in this work to classify the tissue in

each voxel of the CSCT image as being either cancerous or healthy.

Pixel intensity as a function of momentum transfer q can be used to identify the

type of tissue. As shown in Eq. (3.1), the pixel intensity in CSCT is equal to the

differential coherent scatter cross section (dσcoh{dΩ) multiplied by the electron den-

sity n0. Out of these two factors, only the differential coherent scatter cross section

depends on momentum transfer; the electron density does not depend on momentum

transfer. Therefore, if we vary momentum transfer, the intensity of a given pixel in
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the reconstructed CSCT image is directly proportional to the differential coherent

scatter cross section. Recall that the differential coherent scatter cross sections signif-

icantly differ between adipose, fibroglandular, normal and cancerous tissue (Sec. 1.2).

Therefore, since pixel intensity is proportional to differential coherent scatter cross

section, the pixel intensity can be used to determine whether the tissue at that pixel

is adipose, fibroglandular, normal or cancerous.

CSCT images as a function of q can be reconstructed by forming separate sino-

grams for each combination of the two variables upon which q depends: scatter angle

θ and detected X-ray energy E. Summing over all sinograms for a given q value and

reconstructing using Eq. (3.1) provides the CSCT image with that q value. For the

image reconstruction operation R�1tu in Eq. (3.1), we used the inverse radon trans-

form function with the Ram-Lak filter in Matlab [105]. We choose the Ram-Lak

filter because the image reconstructions are being performed in the spatial domain

where the data is less susceptible to noise and where it is desirable to preserve high

frequency features for margin detection. There is noise present in CSCT images, but

it is more prevalent in the signal as a function of momentum transfer or q. Because

the image reconstruction is performed independently for each q-value, the choice of

reconstruction filter would have no bearing on the noise in the signal as a function

q.

Each voxel in the reconstructed 3D CSCT image was classified based on its inten-

sity as a function of q. Voxels that exhibited orders of magnitude lower integrated

intensity than the other voxels in the image were classified as being air or empty

space. Otherwise, the voxel intensity curve was normalized to unity, and a binary

classifier was applied to determine whether the voxel contains cancerous tissue or non-

cancerous tissue. The binary classifier first computed the Euclidean (i.e., straight

line) distance–as a metric of separation or difference in a higher dimensional space–

between the voxel intensity curve and the dσcoh{dΩ curve expected for cancerous
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tissue by subtracting one curve from the other and then computing the l2-norm of

the resulting vector. The classification decision was then made based on whether

the computed Euclidean distance is greater than some threshold value. That thresh-

old value of Euclidean distance for binary classification can be treated as a variable

decision criteria as in receiver operator characteristics (ROC) analysis [106]. There-

fore, ROC analysis can be used to quantify the performance of the system as will be

described in Section 3.2.3.

3.2.3 Optimization of Tomographic Acquisition Parameters

Here we describe how various imaging system parameters were varied with the re-

sulting effects on image quality observed using a set of metrics. The method for

varying the imaging system parameters are described first, followed by a description

of the image quality metrics.

Parameters for Optimization

As described in Section 3.2.1, a collimated pencil beam was used to scan the sample.

Because the scan is performed using a finite number of projection angles and beam

steps, the choice of these two tomographic sampling rates (i.e., the angular and

spatial sampling rates) is critical to the resulting quality of the reconstructed image.

Specifically, the spatial sampling rate determines the voxel size of the reconstructed

image. Because the total scan time and X-ray tube heating are proportional to the

number of projection angles and beam steps used, time limitations and tube-current

limitations can impose constraints on the tomographic sampling rates that can be

used. In addition, the incident X-ray tube mAs (i.e., the X-ray tube current-product)

used at each position must be carefully chosen in order to obtain sufficient signal

given time and tube-current limitations. In order to optimize these three parameters

(angular sampling rate, voxel size, and mAs), we performed a series of scans varying
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each parameter one at a time in order to observe its effects on image quality.

Increasing the voxel size was achieved by increasing the pencil beam width and

stepping the wider beam through fewer steps so that the effective illumination of

the FOV was maintained constant. For example, if we double the beam width, the

number of beam steps would be reduced by a factor of two so that the spacing between

adjacent beams would be doubled. The X-ray tube mAs used for the double-width

beam would be maintained identical to the thinner beam so that the X-ray fluence

(i.e., X-ray exposure per unit area) would be constant regardless of the voxel size.

Image Quality Metrics

For a given CSCT image, the voxels in the image were classified as cancerous if the

Euclidean distance of their reconstructed dσcoh{dΩ intensity curves from the expected

curve for cancerous tissue was greater than a pre-determined threshold value, which

we choose using the method described in the next paragraph. For a given threshold

value, we can compare the resulting classified image when using that threshold value

to the ground truth. From that comparison, we can compute the true and false

positive rates of the classification as well as the true and false negative rates. From

these rates, the sensitivity and specificity can be computed.

However, the sensitivity and specificity, and therefore the overall accuracy, de-

pends on large part on how we choose the pre-determined threshold value. Con-

sequently, we choose to use ROC analysis here because it allows us to treat the

pre-determined threshold value as a variable decision criterion. Namely, ROC analy-

sis allows us to test the diagnostic efficacy of our imaging systems independent of how

we choose this threshold value. By varying the threshold value, the plot of sensitivity

versus p1 � specificityq provides the ROC curve for the voxel classifier, from which

the AUC was computed by integrating. The AUC represents the coherent imaging

system’s inherent ability to discriminate between cancerous and healthy voxels, or
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the probability that a randomly chosen cancerous voxel is rated or ranked as more

likely to be cancerous than a randomly chosen healthy voxel. As a result, the first

metric used for assessment of image quality was the area under the curve (AUC)

from the ROC analysis.

A second metric of a modulation transfer function (MTF) [107] was also com-

puted, representing the degree to which objects of varying frequencies are detected

by an imaging system. We determined the MTF by scanning a cube of graphite of

side-length 12 cm tilted 5.5� counter-clockwise in the imaging plane relative to the

imaging system axes. This technique of imaging a tilted edge, detailed in [108],

allows one to sample the edge spread function (ESF) at a much greater sampling

frequency and considerably reduced noise than when imaging a straight edge. The

curve-fitting technique introduced in [109] was applied to compute the LSF and

subsequently the MTF from the ESF. Recall that in CSCT, separate spatial images

are reconstructed as a function of momentum transfer q. Therefore, the procedure

for computing the MTF in CSCT differs from that for conventional x-ray CT in that

here we choose to compute the MTF only for the reconstructed image corresponding

to the q-value where graphite has maximum signal intensity. We choose that q value

that gives the maximum signal intensity in order to reduce the effects of statistical

noise in the MTF calculations.

3.3 Results

In this section, the CSCT images of a single tomographic slice in the two cancerous

breast tissue phantoms are first presented, along with the result of classifying the

cancerous voxels. Volume renderings of the classified cancerous tumors inside of the

tissue samples are also presented. For the optimization part of the study, the tissue

classification AUC as well as the imaging system MTFs are presented for CSCT

imaging systems with varying numbers of projection angles, voxel sizes and X-ray
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tube mAs.

3.3.1 Tissue Classification in CSCT Images

2D Images

Figures 3.2(a) and (f) show the middle slices (z � 0) of the tissue phantoms with

the following color scheme: pink for fibroglandular, red for normal tissue, blue for

adipose and black for cancerous tissue. Figures 3.2(b), (d) and (g) show the re-

constructed CSCT images for a fixed q value of 1.10 nm�1, where the difference in

scatter intensity between cancerous and fibroglandular tissue is the greatest. The

single-slice CSCT images shown in Fig. 3.2(b) and (g) were acquired using a 0.40mm

voxel size, 90 projection angles, and 27mAs per pencil beam; and for comparison

Fig. 3.2(d) was acquired using one-third the number of projection angles, or 30, in

order to observe the effect on the reconstructed image quality and classification re-

sults. Finally, Fig. 3.2(c), (e) and (h) show the images after the pixels have been

classified. The classifications shown are for using the Euclidean distance threshold

for binary classification that gives the maximum pixel accuracy Amax. (The pixel

accuracy A was defined as A � pTP � TNq{N , where TP is the number of true

positive pixels, TN is the number of true negative pixels, and N is the total number

of pixels in the image.) The performance of the imaging system for classifying voxels

as cancerous can be assessed by comparing the tissue classifications in Fig. 3.2(c),

(e) and (h) to the phantoms in Fig. 3.2(a) and (f).

3D Rendering of Tumor Volumes

Taking the classified cancerous tissue from all of the 2D CSCT slices provides the

volume renderings of the reconstructed tumors (Fig. 3.3(b) and (d)). The volumetric

images shown were acquired using a 0.40mm pixel size, 90 projection angles, 27mAs

per pencil beam, and a 1.25mm slice sampling rate. For comparison, the volume
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Figure 3.2: The first column shows a single slice at z � 0 of the two virtual
tissue phantoms that were placed inside of the imaging system. Pink represents
fibroglandular tissue, red represents normal tissue, blue represents adipose and black
represents cancerous tissue. The second column shows the reconstructed CSCT
images of the slice in the two phantoms for a fixed q-value of 1.10 nm�1. The images
in (b) and (g) were acquired using a 0.40mm voxel size, 90 projection angles, and
27mAs per pencil beam; whereas the image in (d) was acquired using one-third the
number of project angles or 30. The third column shows the images from the second
column after each pixel was automatically classified as being cancerous or healthy.
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(a) Phantom 1 (b) Classification (c) Phantom 2 (d) Classification

Figure 3.3: Subfigures (a) and (c) show true volume renderings of the cancer-
ous tissue inside of the virtual phantoms that were placed in the imaging system.
Subfigures (b) and (d) show the volume renderings of the reconstructed classified tu-
mors from CSCT. The resemblance of the reconstructed volumes from CSCT to the
true tumors show that the CSCT imaging system has the potential to automatically
classify the cancerous tissue inside of a sample. The scans were performed using a
0.40mm pixel size, 90 projection angles, 27mAs per pencil beam, and a 1.25mm
slice sampling rate.

renderings of the true cancerous tumors from the virtual tissue phantoms used for

imaging are shown in Fig. 3.3(a) and (c). The boundaries of the tissue phantoms are

represented by the green lines forming the cubes around the tumors in all four sub-

figures. The volume renderings of the reconstructed tumors from CSCT have shapes

that generally resemble the original phantoms and demonstrate that the imaging sys-

tem has the potential to automatically and accurately render breast tumor volumes

embedded in heterogeneous healthy breast tissue.

3.3.2 Optimization of Tomographic Acquisition Parameters

The pixel classification AUC for Phantom 1 plotted against voxel size, number of

projection angles, and X-ray tube mAs are shown in Fig. 3.4. The AUC of the

highest performing CSCT imaging system in this work is 0.97. The MTFs for the

imaging system for varying number of projection angles and voxel size is shown in

Fig. 3.5. The interpretation of these results will be discussed next.

36



0 1 2 3 4 5
0.65

0.7

0.75

0.8

0.85

0.9

0.95

voxel size (mm)

A
U

C

 

 

26.91 mAs
17.22 mAs
7.53 mAs
2.51 mAs
0.63 mAs

20 40 60 80

0.85

0.9

0.95

# of angles

A
U

C

 

 

0.40 mm voxel size
0.80 mm voxel size
1.59 mm voxel size
3.18 mm voxel size

0 10 20 30
0.4

0.5

0.6

0.7

0.8

0.9

1

mAs per beam

A
U

C

 

 

90 angles
45 angles
30 angles
18 angles
15 angles
10 angles

(a) voxel size (b) # of angles (c) tube current

Figure 3.4: Pixel classification AUC for Phantom 1 plotted against the (a) voxel
size for various X-ray tube mAs and for 30 projection angles, (b) number of projection
angles for various voxel sizes and 7.53mAs per pencil beam, and (c) X-ray tube mAs
per pencil beam for various numbers of projection angles and 0.40mm voxel size.

0 0.2 0.4 0.6 0.8
0

0.2

0.4

0.6

0.8

1

Spatial Frequency (cycles/mm)

M
T

F
(f

)

 

 

90 angles
45 angles
30 angles
18 angles

0 0.2 0.4 0.6 0.8
0

0.2

0.4

0.6

0.8

1

Spatial Frequency (cycles/mm)

M
T

F
(f

)

 

 

0.40 mm voxel size
0.80 mm voxel size
1.59 mm voxel size

(a) MTFs using 0.4mm voxel size (b) MTFs using 90 angles

Figure 3.5: MTFs for the CSCT imaging system when using different numbers of
angles and voxel sizes for the tomographic acquisition.

3.4 Discussion

The imaging results shown in Fig. 3.2 and 3.3 show the potential of the CSCT imaging

system in detecting and classifying malignancy in tissue. As mentioned before, the

cancerous pixel classification shown in the third column of Fig. 3.2 were obtained

by determining the Euclidean distance threshold of the binary classifier (i.e., the

variable decision criteria) that gives the maximum classification accuracy and then
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using that threshold for the binary classification. The volume renderings shown

in Fig. 3.3 were also obtained using a Euclidean binary classifier whose threshold

was selected in the same manner through optimization. In contrast, in a realistic

diagnostic imaging scenario in which the ground truth image is unknown, the ability

to obtain a pixel classification result as accurate as those shown in the third column

of Fig. 3.2 and in Fig. 3.3(b) and (d) would depend on the judgment ability of the

physician or technologist to manually select the classification threshold that gives the

most reasonable result. The physician may instead choose the option of setting the

threshold of the classifier so that the imaging system is more sensitive to cancerous

tissue, at the expense of specificity.

Independent of the task of choosing the threshold value of the binary classifier,

the proximity to unity of many of the AUC values shown in the plots in Fig. 3.4 reflect

the potential robustness of the diagnostic performance of CSCT. Figure 3.4(a) shows

that the diagnostic accuracy is dependent on the X-ray tube mAs for small voxels

(up to 1.5mm in this study), but the effect of mAs is reduced for voxels larger than

1.5mm. Because the mAs increases proportionally with the number of projection

angles, the effect on AUC of the number of projection angles is reduced for voxels

larger than 1.5mm as well. This result indicates that the diagnostic accuracy at

the small voxel sizes is affected by the signal intensity, which may be insufficient

when the voxel size is small. However, as expected, there is an optimal voxel size

where the tradeoff between signal intensity and resolution is balanced to give the

maximum AUC. From Fig. 3.4(b), we can see that the number of projection angles

is important for the AUC mainly when the voxel size is small (less than 1.5mm). As

in the previous case (Fig. 3.4(a)), the accuracy of voxel classification for the smaller

voxels is most likely limited by the signal-to-noise ratio, which increases with the

greater X-ray exposure that accompanies taking projections at additional projection

angles.
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Specifically in Fig. 3.4(b), the curve for the 1.59mm voxel size exhibits the lowest

AUC values for greater than 30 projection angles. The imaging system used to

generate the data in Fig. 3.4(b) used 7.53mAs per pencil beam, and it can be seen

in Fig. 3.4(a) that the curve for 7.53mAs per pencil beam shows a local minimum

at 1.59mm voxel size. Therefore, the curve for the 1.59mm voxel size exhibits

the lowest AUC values. The three subfigures in Fig. 3.4 demonstrate the complex

interdependency of the voxel size, x-ray tube mAs and the number of projection

angles on the AUC of the system.

In both cases (Fig. 3.4(a) and 3.4(b)), voxel sizes of less than 1mm show the

highest variations in AUC and tube current. Therefore, when the AUC is plotted

against X-ray tube mAs in Fig. 3.4(c), it is done for a fixed voxel size of 0.40mm

so that the variation in the AUC with X-ray tube mAs can be observed clearly. In

that plot, we can see that even at 0.40mm, increasing the X-ray tube current beyond

7.53mAs per pencil beam gives little or no improvement in the AUC.

Figure 3.4(b) shows that 3.18mm voxel size gives the maximum AUC across all

angles. This information can be used to guide the design of a CSCT imaging system:

A system designed for greatest detection accuracy should use the larger (3.18mm)

voxel size, whereas a CSCT system designed for best image resolution should use

a smaller (0.40mm) voxel size. Figure 3.5(a) shows that increasing the number of

projection angles beyond 45 does not result in any substantial improvement in the

MTF.

By delineating the presence of cancerous and healthy tissue throughout the surgi-

cally removed tissue section, CSCT can provide sufficient information for determining

whether the removed tissue has positive or negative margins. However, one of the

tumor renderings presented in this work misclassified a cluster of voxels near an edge

of the tissue sample (see Fig. 3.3(b)), which could be interpreted as a true cluster

of cancerous tissue (i.e., a false positive). While the rate of occurrences of such
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misclassified voxels is low, the source of misclassification must be understood and

eliminated, which is an ongoing effort in our group.

From Fig. 3.4, the AUC of the imaging system with optimum parameters is

0.97, demonstrating the potential of CSCT for automatic margin detection in breast

surgery. The challenge for this imaging technique going forward is the scan time. In

order to achieve an AUC above 0.9, one set of imaging parameters that could be used

is 0.80mm voxel size, 10 projection angles, and 7.53mAs per beam (i.e., the least

AUC data point in the 0.80mm voxel (green triangle) curve in Fig. 3.4(b)). Assuming

a typical mammography X-ray tube that generates X-rays at a rate of �100mA, the

time needed to generate 7.53mAs for 10 projection angles and a 0.80mm voxel size

for the scanning of a single slice would be roughly half a minute. To scan an entire

volume using 20 tomographic slices would therefore require 10 minutes. This duration

may be somewhat long for a clinical surgical team to have to wait intra-operatively

with an incised patient under anesthesia on the operating table, and therefore, we

have begun [110] investigating compressive sensing techniques using coded apertures

to potentially reduce the scan time to a few minutes [35, 71].

The simulations presented in this work did not model some effects that would

occur in an experimental system such as the divergence of the beam and the energy-

dependence of the detector efficiency. Experimentally, the beam divergence could be

minimized by moving the source farther away from the pinhole collimator. The effect

of the beam divergence would be that the beam width would be magnified at the

phantom, causing a penumbra effect, which would result in a slight degradation in

spatial resolution (to 1mm instead of 0.40mm achieved here). The energy-dependent

detector efficiency would cause distortions in the reconstructed coherent scatter cross

section as a function of q. However, these distortions are straightforward to correct

by applying a weighting factor to the measured count data as a function of the x-ray

energy based on the known energy-dependent efficiency of the detector crystal.
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3.5 Conclusion

In this chapter, we demonstrated through Monte Carlo simulations that CSCT can

potentially delineate healthy and cancerous tissue in surgically resected breast tissue

specimens with an AUC up to 0.97. The results show the ability to identify the

type of breast tissue in a given group of pixels in the CSCT images by plotting their

intensity as a function of momentum transfer, and then matching the shape of the

plotted curve to the known differential coherent scatter cross section of cancerous

breast tissue.

The ability of a CSCT system to visually delineate healthy and cancerous tissue in

small tissue samples suggests that CSCT is a promising technique for surgical margin

detection that could be an effective aid to a surgical team during a BCS procedure.

This work represents the first results from a CSCT investigation to detect margins

in tumors excised through BCS.
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4

Coded aperture coherent scatter spectral imaging
(CACSSI) of cancer in resected breast tissue: a

Monte Carlo study

Parts of the work presented in this chapter have been submitted for publication in the

Journal of Medical Imaging [111].

In this chapter we describe the application of the coded aperture coherent scatter

spectral imaging technique to reconstruct 3D images of breast tissue samples from

Monte Carlo simulations. We first perform a quantitative assessment of the accuracy

of the cancerous voxel classification of the imaging system and we then optimize the

various parameters in the CACSSI imaging system. From the Monte Carlo simulation

results, we find that coded aperture scatter imaging is able to reconstruct images

of the samples and identify the distribution of cancerous and healthy tissues (i.e.,

fibroglandular, adipose, or a mix of the two) inside of them with a cancerous voxel

identification sensitivity, specificity, accuracy and AUC of 92.4%, 91.9%, 92.0% and

0.94, respectively. These results show that coded aperture scatter imaging has the

potential to provide scatter images that automatically differentiate cancerous and
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healthy tissue inside of ex vivo samples within a time on the order of a minute per

slice; and the optimization results provide us with an imaging system to use for the

virtual clinical trials in the subsequent chapter.

4.1 Introduction

Coherent scatter computed tomography (CSCT) was successfully applied in the pre-

vious chapter to spatially delineate cancerous tissue within heterogeneous distribu-

tions of breast tissue. However, the pencil beam CSCT scans performed required

the beam to be raster scanned along two axes and then rotated about the target

object at multiple projection angles in order to generate a 3D image. This scanning

approach makes it necessary to perform thousands of pencil beam acquisitions. This

process is prohibitively time-consuming and difficult to implement experimentally

with high precision, particularly when volumes as large as a breast or lung must be

imaged. Moreover, X-ray tube heating coupled with the inefficiency of collimating

the source to produce thin pencil beams makes it prohibitive to generate thousands

of pencil beams in a clinical setting. Therefore, we explored an alternative method

of generating 3D coherent scatter images without a need for tomographic rotation of

the sample or of the imaging system.

Here we design and demonstrate the coded aperture coherent scatter spectral

imaging (CACSSI) [71] technique for breast cancer imaging and detection. CACSSI

uses a coded aperture placed in front of the detector to make multiplexed mea-

surements of the scatter. When the coded aperture is placed in front of the X-ray

detector, it spatially modulates the scattered X-rays by a frequency dependent on

the location of the scatter origin. By identifying the origin of scatter along the pencil

beam, the coded aperture enables reconstruction of images of the sample without

any need for tomographic rotation.

To demonstrate the technique, we first performed a quantitative assessment of
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the accuracy of the imaging system in Monte Carlo simulations. After imaging,

the type of breast tissue in each voxel was identified by matching its reconstructed

differential coherent scatter cross section dσcohpqq{dΩ to the known cross sections

of different breast tissue types from literature. Finally, we perform an optimization

of the various parameters in the CACSSI setup for the achievement of the highest

possibly accuracy for cancerous voxel detection in surgically resected breast tissue

specimens.

4.2 Methods

In this section, we first describe the Monte Carlo simulations used to model CACSSI,

we then describe the coded aperture reconstruction algorithm, and finally we describe

the design of the optimization of the CACSSI imaging parameters optimization that

was performed.

4.2.1 Monte Carlo Modeling

As in the previous chapter, Monte Carlo simulations of the imaging system in this

chapter were developed in Geant4 [72]. The CACSSI imaging system modeled

in the Monte Carlo simulations is identical to the experimental system described

in Chapter 6. A visualization of the simulation of the CACSSI system is shown in

Fig. 4.1. The setup comprised an X-ray source, a translation stage, a coded aperture,

and a linear array of 128 energy-sensitive X-ray detector pixels. Each component of

the system is described below.

Instead of modeling a point source followed by pinhole collimators as is the case

in our experiment, we directly modeled a perfectly collimated pencil beam of X-rays

(with diameter w � 0.75mm) in order to optimize total simulation time. The X-ray

beam fluence was matched against experiment to ensure that this collimated beam

model did not deviate from real-world physical results. The energy spectrum was
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modeled using the XSPECT software [93,94] to resemble the spectrum correspond-

ing to the experimental X-ray tube (Varian Model G1593BI: rotating Tungsten-

rhenium anode; focal spot size of 0.8mm, 125 kVp and 50mA).

In order to mimic the translation stage used in our experiment for imaging, the

virtual simulated scan was performed by raster scanning the breast sample through

the pencil beam along the x direction through a 28mm field-of-view (FOVx) in steps

of 4mm. An X-ray tube-current product of 290mAs was used for each acquisition.

The simulations were run using the same computer cluster and parallel process distri-

bution technique that was used and described in Chapter 3. In addition, the breast

tissue phantom from Chapter 3 was used again here (see Fig. 4.2(a)) and it was

placed at zo � 677mm.

The resolution in z (i.e., parallel to the beam) was achieved using a test coded

aperture. The coded aperture comprised a series of bars of bismuth-tin alloy that

each has size 1mm in width and 50mm in height, and that were arranged in a

repeating pattern with spatial frequency of u � 0.5mm�1. Therefore, the gap or

spacing between each bar is 1mm. The coded aperture was placed at zm � 782mm

and the series of bars ran along the x direction, with the height of the bars oriented

along the y direction.

Also, in order to optimize simulation time, the energy-sensitive detector array was

modeled to have perfect efficiency, spatial and energy resolution. Then, as a post-

processing step, the measured count data from the detector was spatially binned,

binned in energy, and then blurred in energy. These post-processing steps were

performed in order to model the energy-sensitive detector used in our experiment,

which was a linear array of 128 square cadmium-telluride (CdTe) photon counting

detectors (Multix ME-100 Version 2), with pixel size 780µm and energy-resolution

of 6.5 keV FWHM. The detector array was placed at zd � 865mm and the linear

array was oriented along the x direction.
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Figure 4.1: Visualization of the CACSSI system in the Monte Carlo simulation.
The simulation was modeled based on the experimental setup from Chapter 6.

This imaging system could be engineered for clinical use by incorporating the

various components into a compact scanner that can fit into an operating room. The

distance between the sample and the detector can be seen from Fig. 4.1 as being less

than 19 cm, which does not include the x-ray tube. Even after adding the size of

an x-ray tube to the 19 cm needed to fit the components between and including the

sample and the detector, the scanner would still be able to easily fit into an operating

room.

4.2.2 Image reconstruction and tissue classification

The acquired data for each pencil beam acquisition were in the form of photon counts

across the 128 pixels and 64 energy channels, as reported by the detector. The

differential coherent scatter cross section (dσcohpq, zq{dΩ) as a function of q (which

is known as the momentum transfer) and z position (i.e., location along the pencil

beam) were then reconstructed for each pencil beam acquisition using a maximum a

posteriori (MAP) estimation method based on the algorithm developed in Ref. [112].
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The reconstruction algorithm is a model-based iterative reconstruction technique: a

matrix is formed that can be used through matrix multiplication as an operator to

model the imaging system; then the algorithm iteratively determines the solution

that best satisfies the matrix equation using the MAP estimate method to reach

convergence. Using this reconstruction algorithm, each pencil beam acquisition was

reconstructed separately and then finally combined to form the full image.

As mentioned previously in Sections 1.2.3 and 3.2.2, the relative coherent scatter

intensity or the shape of the differential cross section (dσcohpqq{dΩ) for a given pixel

in the field-of-view as a function of momentum transfer q can be used to identify

the type of breast tissue at that point in space. Therefore, once dσcohpqq{dΩ is

reconstructed for each pixel along z in each of the pencil beam projections across

the sample (in both x and y), the resulting voxels in the reconstructed 3D coded

aperture scatter image can be classified to determine the corresponding tissue type:

adipose, normal, fibroglandular, cancerous tissue (or there may no match) based on

the shape of its dσcohpqq{dΩ function. Specifically here we classified each voxel in the

3D coded aperture scatter images based on a match of its coherent scatter pattern

(dσcohpqq{dΩ) with the scatter patterns from Kidane et al. [1] that were shown in

Fig. 1.1. The match was performed by evaluating the correlation coefficient between

the actual (Kidane) and measured (CACSSI) scatter patterns. If a given voxel showed

a correlation coefficient below 0.8 (minimum threshold value), it was not classified

as tissue and was instead classified as air or “nothing”. Mixtures or cases of multiple

tissue types within a single voxel were not explicitly considered in this work (other

than normal tissue, which was described by Kidane et al. as a 50-50 mixture of

adipose and fibroglandular tissue).

Because it is virtual, the ground truth phantom is known and can therefore be

used for quantitative accuracy assessment of the imaging system. The ground truth

phantom was sampled to match the sampling rate used in the reconstructed image,
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and was then used to calculate the sensitivity (true classification rate of positive

voxels), specificity (true classification rate of negative voxels), and accuracy of the

imaging system for the detection of cancerous voxels.

4.2.3 Optimization of imaging parameters

The parameters we seek to optimize for the CACSSI imaging system are the pencil

beam diameter, the coded aperture mask spatial frequency, the coded aperture mask

location, the detector location, the x-ray tube and the x-ray tube current product

(i.e., the tube mAs).

The generalized analytic theory for CACSSI spatial resolution and momentum

transfer resolution presented in [71] shows that imaging performance–in terms of

spatial and momentum transfer (i.e., q) resolution–improves with higher frequency

mask features, smaller beam widths and with greater separation between the mask

and the detector. Based on that analytic theory and the starting imaging system

just described in the previous subsection, we hypothesize that the imaging system

that will perform the best here is one with a w � 0.5mm beam diameter, 1.33mm�1

mask feature size or period, zm � 750mm mask location, zd � 1200mm detector

location, our 125 kVp WRe x-ray tube used in our experiments, and an x-ray tube

current product comparable to the 290mAs used in the first part of this chapter.

From this proposed best case, we perturb each of the parameters to observe its effect

on the overall imaging performance. The final set of imaging parameters that were

tested are shown in Table 4.1.

For consistency, we choose to use the same objective metric for evaluation of each

parameter-set that we used to optimize CSCT in Chapter 3: ROC analysis using the

same binary classifier used in Chapter 3. It computed the Euclidean distance between

the reconstructed voxel intensity curve and the known dσcoh{dΩ curve for cancerous

tissue. Then the classification decision was made based on whether the computed
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Euclidean distance is greater than a predetermined threshold value, which is the

variable decision criterion for the ROC analysis.

4.3 Results

The first step of this work was to use Monte Carlo simulations of the imaging system

in order to evaluate its classification performance against a known ground truth. The

classification results of the simulated coherent scatter images are shown in Fig. 4.2.

Figure 4.2(a) shows the original phantom; Fig. 4.2(b) shows the ground truth image;

and Fig. 4.2(c) shows the result of the classification process. The ground truth image

in Fig. 4.2(b) is the original phantom, but subsampled based on the raster-scan step-

size along x (4mm) used in the image acquisition process. When we quantitatively

assess the accuracy of the pixel classification–specifically for the task of detecting

cancerous pixels–the classification image shown in Fig. 4.2(c) was found to have a

sensitivity (i.e., the percentage of cancerous pixels that were correctly identified as

being cancerous) of 92.4%, specificity (i.e., the percentage of healthy pixels correctly

identified as healthy) of 91.9%, and accuracy for cancerous pixel detection of 92.0%.

The 8% of pixels classified inaccurately were primarily attributed to spatial blurring

due to the finite spatial resolution of the system along the z-direction (i.e., along

beam propagation), Poisson noise and residual model error in the reconstruction.

The spatial blurring along z leads to misclassification in two ways: (a) detection of

signal in pixels where the object was not originally present, and (b) blending of the

differential coherent scatter cross sections between neighboring pixels causing one

or both of them to be misclassified. Despite this error margin, the imaging system

demonstrated high classification accuracy (92%) for the classification of the 1000

voxels in the reconstructed image, strengthening the promise of the technique for

experimental implementation.

The second phase of this work, after demonstrating the accuracy of the initial
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(a) Modeled phantom (b) Sampled phantom (c) Classification results

Figure 4.2: Comparison of the (c) classification results obtained for the recon-
structed coherent scatter images from the Monte Carlo simulations with the (a)
modeled phantom and the (b) sampled ground truth phantom. As in the other
ground truth and classification figures in this dissertation, the color scheme used
here is white (air), black (cancerous tissue), red (normal tissue), magenta (fibroglan-
dular tissue), and blue (adipose tissue). The sensitivity, specificity and accuracy for
classification of the cancerous pixels is 92.4%, 91.9%, and 92.0%, respectively, sup-
porting the accuracy of the coherent scatter imaging technique for cancer imaging.

CACSSI setup, was to optimize the various parameters in the imaging system by

evaluating the system AUC for cancerous voxel classification in the breast phantom,

which provides a sample size of 1000 voxels. The resulting AUC values we obtain

for the various imaging systems are shown in Table 4.1. The first row represents

our hypothesized optimal imaging system, and in the following rows we indicate

the parameters that were perturbed from the first row using bold-face font. The

concluded best case imaging system (row 3) based on maximum AUC is indicated

with a box around it and that imaging system will be used for the virtual clinical

trials in the next chapter.

In order to understand how much signal is needed, we also show the AUC as

a function of the x-ray tube current product for the top four performing imaging

systems in Fig. 4.3.
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Table 4.1: AUC values for various CACSSI imaging systems. As a short-hand, we
only indicate the anode material in the “tube” column. The tube “WRe” represents
the tungsten-rhenium anode tube used in our experiment and in the first phase of
this chapter, whereas “Mo” represents the molybdenum mammography tube that
we used in the CSCT simulations in the previous chapter. These AUC results were
obtained from images acquired using an x-ray tube current product of 50mAs per
pencil beam (although the improvement in AUC for increasing mAs for the top four
performing systems here is shown in Fig. 4.3). Row 1 was our expected best case
imaging system based on analytic theory for best spatial and spectral resolution.
Perturbations from Row 1 are indicated using bold-face font. The best imaging
system (i.e., the one with maximum AUC)–that will be used for the virtual clinical
trials in the next chapter–is indicated with a box around it.

# w(mm) u(mm�1) zm(mm) zd(mm) tube AUC
1 0.5 1.33 750 1200 WRe 0.81
2 2.0 1.33 750 1200 WRe 0.84
3 0.5 0.50 750 1200 WRe 0.92
4 0.5 1.33 1000 1200 WRe 0.67
5 0.5 1.33 750 900 WRe 0.81
6 0.5 1.33 750 1200 Mo 0.59
7 0.5 0.50 1000 1200 WRe 0.60

4.4 Discussion

In this section we discuss the long-term potential for CACSSI as well as comparisons

of its imaging performance to that of CSCT that was found in the previous chapter.

4.4.1 Clinical applicability of CACSSI

The initial Monte Carlo assessment of the imaging system showed a cancer detection

accuracy of 92.0% (Fig. 4.2) and AUC of 0.94 (Fig. 4.3). In a conventional trans-

mission image, a radiologist must manually read the image and identify suspicious

regions to detect cancer or other abnormalities. On the other hand, the coherent

scatter images provide the differential coherent scatter cross section for every voxel

in the sample that can be used as an identifying molecular signature of the tissue in

that voxel, thereby enabling accurate and automatic classification (and subsequently

detection) of the disease.
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Figure 4.3: AUC versus x-ray tube current product for the top four performing
imaging setups from Table 4.1. We can see that the top performing system only has
a �3% improvement in AUC when the tube current product is increased from 50 to
500mAs. Therefore, we will use 50mAs for the scans in the virtual clinical trials in
the next chapter to minimize scan time.

The coded aperture scatter imaging technique described in this chapter was able

to map out the distribution of cancerous breast tissue in the specimen using a single-

angle imaging approach (i.e., without any tomographic rotation of the sample or of

the imaging system). This approach results in reduced dose and short scan-durations,

making it appealing for both ex vivo and in vivo analyses in clinical settings.

The results of this work also support the use of coherent scatter imaging for in

vivo applications where the path-length of the beam through the object is less than�3 cm (i.e., the sizes of the tissue samples imaged here). Based on our other inves-

tigations using thicker objects [12], the imaging system can be optimized to image

thicker objects such as compressed breasts typically imaged through mammography.

These findings suggest that coherent scatter imaging could potentially evolve as a
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standalone diagnostic tool or serve as a complementary tool to mammography for

breast cancer detection.

4.4.2 Initial comparisons to CSCT

Scan time

The necessary scan time for CACSSI is much shorter than that required for CSCT.

For example, the results shown in Fig. 4.3 show that the top performing imaging

system (“Row 3”), only has a �3% improvement in AUC performance accompanying

an increase in mAs from 50 to 500mAs. Therefore, we will proceed with using 50mAs

for the CACSSI scans in the virtual clinical trials in the next chapter. Experimentally,

a 50mAs scan which would result in a scan time of 8 seconds to acquire the entire

slice shown in Fig. 4.2(c) using an X-ray tube operating at 50mA (as was used in our

experiments in Chapter 6). Whereas we showed in the previous chapter that CSCT

requires half a minute per slice when using a 2D 512�384 detector array rather than

the linear-detector array of 128 pixels used here. Therefore, when using the same

detector array, CACSSI would be at least an order of magnitude faster than CSCT.

Accuracy

However, the maximum CACSSI AUC we observed here was�0.94 (Fig. 4.3), whereas
we showed that CSCT can obtain an AUC of 0.97 in the previous chapter. The re-

duced AUC for CACSSI is due to its poorer spatial resolution than CSCT. The spatial

resolution along the beam (z) direction determined in the initial Monte Carlo results

(Fig. 4.2) in this chapter for CACSSI was �2.5mm (whereas the spatial resolution

along the x and y directions is the beam width, which was 0.75mm).

However, when we tried to improve the spatial resolution by using a higher fre-

quency coded aperture mask in the optimization part of the study, we found that

the lower frequency coded aperture masks gave better AUC (Table 4.1). The worse
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imaging results when using the higher frequency coded aperture masks is most likely

caused by the noise in the system. When the reconstruction algorithm does not

model the noise in the system accurately enough, the noise in the system can then

result in artifacts in the reconstructed image. These artifacts are more prevalent

when using a higher frequency coded aperture mask because the signal from the

breast specimen in that case is higher frequency due to the modulation from the

coded aperture mask and therefore it becomes more difficult to separate the true

signal from the noise because the noise is also high frequency.

4.5 Conclusion

Using Monte Carlo simulations, we demonstrated that CACSSI can achieve a cancer

detection accuracy of 92.0% and an AUC of 0.94. Coded aperture scatter imaging

can generate volumetric images without the need for tomographic rotation of the

sample, and it can map the distribution of different types of breast tissue in the

sample automatically (as opposed to requiring a human reader). Therefore, it could

serve as an effective tool for analyzing breast tissue samples in a clinical context in

the future.

We were also able to show that CACSSI provides at least an order of magnitude

shorter scan times than CSCT. However, the maximum CACSSI AUC value (0.94)

is �5% lower than that obtained for CSCT (0.97) in Chapter 3. The optimized

CACSSI imaging system found in this chapter will be used for the virtual clinical

trials in the next chapter.
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5

Virtual clinical trials evaluation of CSCT and
CACSSI

In this chapter we perform clinical trials in Monte Carlo simulations in order to

demonstrate the ability of CSCT and CACSSI to accurately perform the task of

intra-operative margin detection. Evaluating the performance of the two imaging

systems using ROC analysis, we find that CSCT and CACSSI give AUC values

of 0.975 and 0.741, respectively, for accurately classifying breast cancer margins.

Given the wide-ranging sensitivity and specificity values reported the currently used

intra-operative margin detections, frozen section analysis and touch-prep cytology,

that was discussed in Chapter 1, these AUC values for coherent scatter imaging show

that it has potential to improve the clinical standard of care. In addition, these AUC

values show that the diagnostic performance of CSCT is far superior to CACSSI.

5.1 Introduction

In the previous chapters we developed and demonstrated the accuracy of CSCT and

CACSSI for cancerous voxel detection inside of breast tissue specimens. However,

the goal of this dissertation is to develop coherent scatter imaging for the clinical
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task of margin detection. Therefore, we must study the ability of CSCT and CACSSI

to accurately classify the margins of breast tissue specimens.

Given this need to (1) study coherent scatter imaging for consistency over a

range of cases, and (2) study the ability of coherent scatter imaging to accurately

classify margins, in this chapter we perform “virtual clinical trials” (i.e., clinical trials

in Monte Carlo simulations) of the two technologies for the clinical application of

margin detection. Clinical trials are medical research studies that are performed on

a group of human participants in order to test new treatments or medical devices

through generating data on their efficacy. Therefore, this chapter is such a research

study, performed virtually, in order to test the efficacy of coherent scatter imaging

for the chosen clinical application.

5.2 Methods

In this section we describe the steps taken to generate the beast tissue specimen

population, the imaging systems designs, the classifier algorithm that makes the

clinical decision based on on the imaging results, and the ROC statistical analysis

performed on the final results.

5.2.1 Generation of patient population

Specimens in the population were generated as follows:

1. a 30-mm cubic region of tissue (see Fig. 5.1(a)) was cropped from a random

location inside of one of the realistic healthy XCAT breast phantoms from

[9], which were formed by segmenting cone-beam CT images of the breasts of

healthy women.

2. The external boundary of the specimen was generated by taking a unit sphere

and perturbing the radial distance of all of the points on its surface by a
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Gaussian random number with an average of 0 and standard deviation of 0.1.

(The shape of surgically excised breast specimens has not been studied before.

Therefore our purpose here is simply to generate a random shape for the excised

specimen rather than modeling its exterior as a cube as was done in Chapters

3 and 4).

3. The perturbed spherical shape was then scaled in size to have a volume of

7.8 cm3 and used to mask the cube of healthy tissue to give it a realistic shape

(see Fig. 5.1(b)). The specimen volume of 7.8 cm3 was estimated by assuming

a sphere with a radius equal to the sum of the average observed tumor radius

of 0.96 cm (based on a twenty-four thousand patient population from [113])

and the typical margin width or rim of healthy tissue around the tumor of�2.7mm [114].

4. A realistic tumor (see Fig. 5.1(c)) was generated using a mathematical lesion

model developed by [102].

5. The tumor was scaled to have a size that depended on whether the specimen

was intended to have positive or negative margins. For positive margins, the

tumor was scaled in size until it made first contact with the boundary of the

healthy tissue volume at some point on its surface. For negative margins, the

tumor was scaled in size so that the smallest distance between the tumor edge

and the boundary of the healthy tissue volume met a pre-defined margin width

value, determined as a random number uniformly distributed between 1 and

3mm. This margin width was chosen based on the 2.7mm average margin

width from [114].

6. Finally, the scaled tumor was inserted into the healthy tissue sample to generate

the final breast specimen (see Fig. 5.1(d)).
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(a) Step 1 (b) Step 2 (c) Step 3 (d) Step 4

Figure 5.1: Images of the process used to randomly generate cancerous breast spec-
imens. (a) Section of healthy tissue cropped from a segmented cone beam CT image
of a healthy patient from [9]. (b) Realistic tumor generated using mathematical
lesion from [10]. (c) The cancerous breast specimen generated by adding the lesion
into the healthy breast tissue image. Color scheme: magenta - fibroglandular, blue -
adipose, red - 50/50 fibroglandular/adipose mix, black - cancerous.

This six-step process was automated to generate a population of 92 specimens

(see Fig. 5.2 for a sampling), which was the sample size that our ROC statistical

analysis required as we discuss next.

Sample size determination

The minimum sample size required for the study was calculated so that the virtual

clinical trials would generate ROC curves with power of 80% and a confidence interval

of 95% for a width or margin of error of �0.1. To determine the sample size, we

performed two pilot studies–one for CSCT and one for CACSSI–using 20 negative

and 20 positive specimens (total: 40). Using the AUC values calculated for each

of the two studies, the final sample sizes was calculated based on the width of a

confidence interval for the AUC statistic of an ROC curve determined from [115].

The minimum sample sizes were then used to determine how many specimens would

be imaged in the virtual clinical trials for CSCT and CACSSI, respectively.
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Figure 5.2: A sampling of the breast specimens used in this work in order to
demonstrate the population diversity. The color scheme used here matches that
used in Fig. 5.1. The first three specimens on the first row have negative margins.
The last specimen on the first row and all specimens on the second row have positive
margins.

5.2.2 CSCT & CACSSI imaging systems

The CSCT imaging system modeled in this work is based on the optimal imaging sys-

tem determined in the optimization study in Chapter 3. From Fig. 3.4, which shows

how the imaging system performs as a function of various CSCT imaging parame-

ters, we determine that the cancerous voxel classification accuracy has diminishing

improvement beyond a tomographic sampling of 45 total projection angles (i.e., a 4�
sampling rate), 0.8mm voxel size (i.e., 44 pencil beam samples at each angle across

the 3.5 cm field-of-view), and 7.53mAs tube current-product per pencil beam. There-

fore, we use that optimal set of parameters for the CSCT imaging system tested in

these virtual clinical trials: 45 projection angles, 0.8mm voxel size, and 7.53mAs

per pencil beam.

The CACSSI system used in the virtual clinical trials is based on the optimal

system found in Chapter 4. In that chapter, we found that the system with the
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highest cancerous voxel classification accuracy has a 0.5mm pencil beam diameter,

0.5mm�1 mask spatial frequency, a mask location of 750mm, detector location of

1200mm, and an x-ray tube with a W-Re anode, operating at 125 kVp. Because we

also saw in that chapter that the accuracy only improves by �3% when the x-ray

tube current product is increased from 50 to 500mAs, we use 50mAs for the CACSSI

imaging simulations in this chapter.

5.2.3 Classifier algorithm

After every sample is imaged, it was classified as either having positive or negative

margins based on the reconstructed image. The specimen classification process can be

broken down into two parts: (a) classification of each voxel in the image as cancerous

or not–which is done using the same algorithm as was used in the previous two

chapters–and then (b) classification of the entire specimen as having either positive

or negative margins.

The first part of the classification process, which is cancer-detection on a voxel-

by-voxel basis, was done using the same steps as in Chapters 3 and 4:

1. the Euclidean distance (i.e., the l2-norm) is calculated between the recon-

structed differential coherent scatter cross section of each voxel in the image

and the known cross section behavior of cancerous breast tissue.

2. the voxels in the image that have a Euclidean distance that is less than a

certain pre-determined threshold value are identified as being cancerous. The

pre-determined threshold value is used as the variable decision criterion for the

ROC analysis.

Once the voxels have been classified as cancerous or healthy based on the variable

decision criterion, the second part of the classifier–which is the classification of the

specimen as having either positive or negative margins–is done as follows:
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1. the level-set segmentation algorithm–from [116] and [117]–was applied to the

coherent scatter intensity image (i.e., the resulting image after integration of

the scatter counts over all momentum transfer values) in order to determine

the boundary of the specimen.

2. All voxels in the image outside this boundary are labeled as being ‘air’.

3. We loop through all of the voxels in the specimen that were classified as cancer-

ous and determine the distances from a given cancerous voxel to all air voxels

surrounding the specimen, in order to determine how close the cancerous voxel

is to a point on the specimen boundary.

4. We used the distances of all cancerous voxels to the specimen boundary to

determine the smallest distance between any cancerous voxel and the specimen

boundary.

5. Finally, we determine whether this smallest distance between a cancerous voxel

and the specimen boundary is less than 1.6mm–in which case the specimen is

classified as positive–or whether it is greater than 1.6mm–in which case the

specimen is classified as negative.

The distance threshold of 1.6mm corresponds to the distance covered by two vox-

els in our reconstructed image. Therefore, any distance determined to be less than

1.6mm would indicate that some cancerous voxel is at the specimen boundary. This

condition is the necessary grounds for positive margin classification based on the

Society of Surgical Oncology (SSO) and American Society for Radiation Oncology

(ASTRO) consensus [118] released last year. The consensus was written by a multi-

disciplinary expert panel called the Margins Panel convened by SSO and ASTRO for

the purpose of determining what margin width minimizes the risk of breast cancer

recurrence. The panel made the recommendation to the clinical community that
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there are no benefits to having surgical margin widths greater than what is known

as “no ink on tumor”. The “no ink on tumor” terminology refers to the case that as

long as the tumor is not at the surface of the specimen, which is the part that gets

inked in pathology processing, that means that there is a sufficient margin of healthy

tissue around the tumor. Therefore, as long as the tumor is not at the surface of the

specimen, the specimen can be treated as having a negative margin.

5.2.4 Statistical analysis

The Euclidean distance threshold value is used as the variable decision criterion for

the ROC statistical analysis of coherent scatter imaging systems and for making

the binary decision of margin classification. Note that the ground truth margin

classifications were known for all specimens because they were tracked during the

generation of the population described in Section 5.2.1. Using the ground truth

margin classifications, we calculated the sensitivity and specificity of the imaging

systems for different variable decision criterion values.

From the sensitivity and specificity values, we plot the ROC curves for the CSCT

and CACSSI systems and calculate the AUC. The AUC metric in this study repre-

sents the coherent imaging system’s inherent ability to discriminate between positive

and negative margin populations, or the probability that a randomly chosen positive

margin case from some lumpectomy procedure is rated or ranked as more likely to

be positive than a randomly chosen negative margin case [119].

5.3 Results

Examples of the imaging results from the CSCT and CACSSI systems are shown in

Fig. 5.3. The first column shows the ground truth phantom. The second column

shows the reconstructed coherent scatter images for a fixed momentum transfer value

of 0.1 nm�1, i.e., where the contrast between healthy and cancerous tissue is the
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Table 5.1: Final AUC values for CSCT and CACSSI imaging systems.

Imaging system AUC
CSCT 0.975
CACSSI 0.741

greatest. The third column shows the classified image for the case of the variable

decision criterion value for which the margin detection accuracy was greatest across

the entire specimen population (the accuracy was computed as part of the ROC

analysis as a function of variable decision criterion values). The ROC curves for the

two imaging systems across the entire specimen population are shown in Fig. 5.4 and

the corresponding AUC values for the two curves are shown in Table 5.1. The pilot

study results for CSCT and CACSSI revealed that the minimum required population

sizes were 26 and 92 specimens, respectively, which was used for the ROC results

reported here.

5.4 Discussion

The AUC represents the imaging system’s inherent ability to discriminate between

positive and negative margin populations. Therefore, the AUC values obtained in

this work for CSCT and CACSSI of 0.975 and 0.741 show that coherent scatter

imaging is a promising technique to replace existing techniques such as frozen section

analysis (FSA) and touch-prep cytology, which we discussed in Chapter 1 to have

wide-ranging values for reported sensitivity (65 to 91% and 38 to 100%, respectively)

and for specificity (86 to 100% and 85 to 100%, respectively). In addition, the much

greater AUC for CSCT shows that its diagnostic performance is superior than that

of CACSSI.

The greater AUC value for CSCT than CACSSI is largely due to its finer spatial

resolution. The difference in AUC between CSCT and CACSSI is much greater in

this chapter, for the task of intra-operative margin detection, than in Chapters 3

63



z(mm)

x(
m

m
)

 

 

−10 0 10

−15

−10

−5

0

5

10

15
0

2

4

6

8

x 10
−3

(a) Ground truth (b) CSCT image (c) Classified

z(mm)

x(
m

m
)

 

 

−10 0 10

−15

−10

−5

0

5

10

15
0

0.05

0.1

0.15

0.2

0.25

0.3

(d) CACSSI image (e) Classified

Figure 5.3: Examples of the images and voxel classification. The classification is
for using the variable decision criterion value that gave the highest margin classifica-
tion accuracy over the entire population. Specifically shown are (a) the ground truth
phantom, where, as in Fig. 5.1, white represents air, blue represents adipose tissue,
red represents mixtures of adipose and fibroglandular tissues, magenta represents
fibroglandular tissue, and black represents cancerous tissue; (b) the reconstructed
CSCT image at the momentum transfer value 1.1 nm�1, which is where the scat-
ter intensity for cancerous tissue is most different from other healthy breast tissues;
(c) the classified image, using the threshold value that gave the highest accuracy
for margin classification over the entire population, where white represents air, green
represents healthy breast tissue, and black represents cancerous tissue; (d) the recon-
structed CACSSI image; and (e) the classified image, again, using the same threshold
value that gave the highest margin classification accuracy over the entire population
and the same color scheme as used in (c). The ground truth phantom had a min-
imum margin size of 2.0mm from the boundary at (11.25mm, 6.5mm), the CSCT
classification result gives a margin width of 3.2mm and the CACSSI classification
result gives a positive margin.
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Figure 5.4: ROC curves for CSCT and CACSSI imaging systems for margin de-
tection among the population of specimens used in this work. The AUC values for
the two curves are 0.975 and 0.741, respectively.

and 4, where the task was individual voxel classification, because spatial resolution

is much more important for margin detection than for classifying individual voxels.

For margin detection, the ability to accurately detect a single point where a tumor

makes contact with a specimen boundary is highly dependent on the imaging system’s

ability to image with fine resolution. Whereas the ability to classify a given voxel

within the field of view may in fact actually worsen with improved spatial resolution

since smaller voxels provide less signal. Since the many projection angles in CSCT

allow it to have much finer spatial resolution than CACSSI, CSCT outperforms

CACSSI to a much greater extent for margin detection. In contrast, for the task of

voxel classification, which we studied in Chapters 3 and 4, CACSSI performs nearly

as well as CSCT (only a 5% difference between the two in AUC).

However, because CACSSI does not require the 45 rotation angles that CSCT

required in this work, its scan time is 45 times less than that for CSCT. As discussed
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at the end of Chapter 4, the scan time for CACSSI would be on the order of 8 seconds

per slice, or just under 3 minutes per volumetric scan. Therefore CSCT, which would

take on the order of a magnitude more time to scan, would require just under about

half an hour for a volumetric scan. Therefore, developing CACSSI to have a finer

spatial resolution for improved diagnostic accuracy is worthwhile in order to take

advantage of its reduced scan time.

The classification results in Fig. 5.3 show that the CSCT system is able to ac-

curately classify most of the cancerous voxels. In this case, the most important

cancerous voxels for detection are those closest to the specimen boundary. However,

if we were looking to optimize the cancerous tumor classification or segmentation, a

smoothing algorithm could be used to improve the match between the black classified

voxels in Fig. 5.3(c) and the ground truth tumor in Fig. 5.3(a).

5.5 Conclusion

In this work we showed that coherent scatter imaging is able to perform effectively

for margin detection in lumpectomy specimens across a diverse range of specimens.

Specifically CSCT and CACSSI were shown to have AUC’s of 0.975 and 0.741, re-

spectively. These AUC values show that coherent scatter imaging has the potential

to provide more accurate BCS margin detection than the currently used techniques

in clinical practice of FSA and touch-prep cytology. Now that we have demonstrated

the efficacy of coherent scatter imaging virtually over the last three chapters, we

proceed to implement coherent scatter imaging experimentally in the next chapter.
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6

Experimental validation of CACSSI for imaging
cancerous breast tissue using tissue histology

Parts of the work presented in this chapter were published in the Proceedings of the

SPIE 2015 Medical Imaging, 9412:94121F [120], have been submitted for publication

in the Journal of Medical Imaging [111], and will be published in the Proceedings of

the SPIE 2016 Medical Imaging [121].

In this chapter we present results from an experimental implementation of CAC-

SSI and the validation of these results with tissue histology. The results show that

the technique is able to identify cancerous and healthy tissue samples and reconstruct

differential coherent scatter cross sections that are highly correlated with those mea-

sured by other groups using X-ray diffraction. In addition the validation with tissue

histology shows that CACSSI is able to accurately identify cancerous breast tissue.

6.1 Introduction

In prior chapters we have demonstrated the efficacy of coherent scatter imaging for

the task of margin detection, which was the goal of this dissertation. However, all of
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the data that has been presented thus far has been from Monte Carlo simulations.

An experimental implementation of coherent scatter imaging that has been shown to

accurately detect breast cancer does not exist. Therefore, in this final research study

of this dissertation, we experimentally implement coherent scatter imaging and test

its ability to accurately detect cancer in a human breast tissue sample.

Thus far, we have developed and evaluated both CSCT and CACSSI. The AUC

value for the task of individual voxel classification (i.e., from Chapters 3 and 4) is�5% lower for CACSSI than CSCT. The AUC value for the task of intra-operative

margin detection (i.e., from the virtual clinical trials in the previous chapter) is �24%
lower for CACSSI than CSCT. However, the scan time required for CSCT (on the

order of 30 minutes for a volumetric scan) is �900% greater than that for CACSSI

(on the order of 3 minutes). If a team of clinicians must wait for half an hour in the

operating room for a coherent scatter image to be acquired, the technology would

not be adding nearly as much value to the standard of care as if the scan could be

acquired within 3-5 minutes. Therefore, the CACSSI technique has greater potential

to impact healthcare with additional development. Consequently, we focus on the

CACSSI technique in this chapter.

6.2 Methods

In this section we describe the CACSSI experimental setup and breast tissue samples

used, how the images were reconstructed and processed, and the tissue histology and

registration with CACSSI.

6.2.1 Experimental setup, data acquisition & breast tissue samples

The experimental setup (based on Ref. [71]) comprised an X-ray tube, two pinhole

collimators, a coded aperture, and a linear array of 128 energy-sensitive X-ray de-

tector pixels (see Fig. 6.1). Each component of the system is described below.
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The X-ray tube is identical to the one modeled and described in CACSSI sim-

ulation from Chapter 4. The X-rays were collimated to a pencil beam of diameter

0.75mm at the detector with angular divergence of �1mrad using a two-stage col-

limator. In the first stage, a pair of 1mm slits was used to collimate the beam to

1mm � 1mm cross section. Then, in the second stage, a 3mm thick lead sheet

with a 0.75mm diameter circular hole was used to further collimate the beam to

0.75mm diameter circular cross section. The beam spatial profile was verified using

a higher spatial-resolution detector, specifically a stationary amorphous silicon in-

direct cesium iodide (CsI) flat panel energy-integrating detector (Paxscan, 4030 CB

series, Varian Medical Systems) with a pixel size of 194µm. The coded aperture was

constructed from a 1mm slab of bismuth-tin alloy machined into a series of uniform

slits (see Fig. 6.1(b)). Each of the slits measuring 1mm�1mm�50mm (width �
thickness � height).

Three breast samples were used in this study. The samples were surgically ex-

cised from the human breast: the first was a healthy tissue sample and the second,

a matched tumor excised from the same patient (see Fig. 6.2(a)). The third sample

was a cancerous specimen from a different patient. All three samples weighed ap-

proximately 40 g and were roughly 2.5 cm in size. Each breast specimen was placed

in the beam separately (see Fig. 6.5(a)) and scanned using a raster scanning method

in x (i.e., across the table, perpendicular to the beam) and y (i.e., height above the

table, perpendicular to the beam) using a computer-controlled translation stage for

precise translation of the sample. A total field of view of (30mm, 15mm) (x, y)

was imaged as follows. The sample was placed in the beam at its first location and

scanned for 10 seconds with an X-ray tube current of 50mA. The sample was then

translated in x by 2.5mm and scanned again. This process was repeated enough

times to cover a roughly 30-mm field-of-view (or raster scan) in x for reconstruction

of a cross-sectional slice of an x-z plane though the sample. The height (i.e., the y
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coordinate) of the translation stage was then translated by 2.5mm and the raster

scan in x was repeated. Repetitions of 2.5-mm translations in y with raster scans in

x were performed until a 15mm field-of-view in y was covered in order to reconstruct

volumetric images of the samples.

All remaining specifications for the experimental CACSSI system match those

used in the CACSSI simulations in Chapter 4.

6.2.2 Image reconstruction & tissue classification

The x-ray scatter data per energy channel per pixel for each pencil beam acquisition

was reconstructed using the reconstruction algorithm used for the CACSSI simula-

tions (Chapter 4). Following reconstruction, each voxel was classified as being one of

the four breast-tissue types using a similar algorithm that was used in the first part

of Chapter 4. However, one modification to classification algorithm was made here.

Due to the large (5-mm) voxel size relative to the feature sizes of spiculated breast

lesions, the possibility of multiple breast tissue types co-existing within a voxel was

considered and accounted. Because the different breast tissues have roughly the

same density and effective atomic number, and therefore roughly the same intensity

of coherent scattering, the signal from a voxel containing two types of breast tissue is

typically the superposition of the cross sections for the tissues involved. This effect

is analogous to partial volume averaging in computed tomography. Therefore, the

resulting signal will show the peak characteristics of the component tissue-types at

relative intensities proportional to the ratio of the differing tissues comprising the

scanned voxel. As a result, if a voxel was identified as having multiple peaks, we

classified it as a mixture of the tissues that were known to exhibit those peaks.
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(a) Experimental setup (b) Coded aperture

(c) Schematic

Figure 6.1: The experimental setup used in this work. Shown from left to right
is the x-ray tube, pinhole collimator, the sample, the lead attenuator, the coded
aperture mask, the photon counting detector, and the flat-panel energy integrating
detector. In (a), the letters stand for ‘S’: scatter Shield, ‘C’: pinhole Collimator,
‘M’: coded aperture Mask, ‘D’: Detector. The coded aperture in (b) modulates the
detected scattered X-rays to enable resolution along the beam direction, eliminating
the need to rotate the sample as in tomography.
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6.2.3 Tissue histology, radiography and image registration

In order to aid in the volumetric registration of the x-ray scatter imaging with the his-

tology sections of the breast tissue sample, we acquired high resolution (21 line-pairs

per mm) x-ray transmission radiographs of the sample. The transmission imaging

was performed using the Faxitron BioVision� surgical specimen radiography sys-

tem comprising a 50 kV, 1mA molybdenum source with 11µm focal spot size and

0.254mm beryllium filtration and a high-resolution detector providing 24µmm spa-

tial resolution.

After the breast issue specimen was imaged using radiography, it underwent rou-

tine clinical histological processing: it was dehydrated, cleared, infiltrated and em-

bedded in paraffin wax, sectioned using a rotary microtome, and then stained using

H&E staining [122]. The stained tissue slides were then interpreted by a pathologist

who identified suspicious regions for the presence of cancer.

Because of the small thickness (5mm) of the sample relative to its width (2.5 cm),

the image registration for this specimen was straightforward in one of the three

dimensions. Therefore, the image registration task for this specimen involved only

the remaining two dimensions, and the interpreted tissue histology slides and the

x-ray coherent scatter images could be registered based on the 2D high-resolution

radiography image. We identified visible characteristic features of the boundary of

the tissue sample in the radiographs, histological images (stained slides) and x-ray

coherent scatter image and used them to align the three images in cross-section. It is

assumed that minimal but evident feature distortions resultant from the histological

processing will exist but should not be significant as to hinder the comparison of

CACSSI with surgical pathology. The claim must also be made that the CACSSI

image voxel depth is equal to the tumor thickness but the pathological slice analyzed

was only 20-30µm in thickness. We therefore chose to have the pathologist interpret
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a slice taken from the center of the tumor (2.5mm depth) such that partial volume

averaging effects were minimized (because features and tissue composition are not

necessarily uniform through the full 5mm tumor thickness).

6.3 Results

Experimental coherent scatter images for the cancerous breast tissue sample are

shown in Fig. 6.2(b)-(d), and volume renderings of the four types of breast tissue

classified in the sample are shown in Fig. 6.3. Figure 6.2(b) shows the volume

rendering of the sample based on its measured scatter intensity, and Fig. 6.2(c)

shows the scatter intensity for a single slice through the sample. Figure 6.2(d) shows

the material identification results for the sample with the material type in each

pixel classified as one of the four available tissue types: Cancerous (black), normal

(red), adipose (blue) tissue (Note: fibroglandular tissue was not explicitly detected in

this slice). As expected for this cancerous tissue sample, the classified image showed

several pixels of cancerous tissue, which are visible in Fig. 6.2(d) in the region labeled

‘A’. It can be seen that the scatter intensity alone from Fig. 6.2(c), which would be

akin to the transmission image, is insufficient to identify regions of cancer.

Figure 6.4(a) shows the coherent scatter differential cross sections reconstructed

at pixel locations labeled ‘A’, ‘B’, and ‘C’ in Fig. 6.2(d). For reference, Fig. 6.4(b)

shows the expected coherent scatter differential cross sections from Kidane et al for

cancerous, normal and adipose tissue. The correlation of the curves in Fig. 6.4(a) to

those in Fig. 6.4(b) is the basis used for classifying the type of tissue in the voxel. The

normal and adipose curves measured experimentally in this study strongly resembled

the average curves reported by Kidane et al, whereas the carcinoma curves measured

here deviated to a certain degree from those reported by Kidane et al. These devia-

tions in our sample could stem from structural changes caused by repeated thawing

and freezing of the specimen.
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(a) (b) (c) (d)

Figure 6.2: Images of the cancerous breast tissue sample scanned experimentally.
The scatter intensity reconstructed from the sample is visualized in (b) and (c),
whereas the pixels classified into different tissue-types is shown in (d). In (d) white
is air, black is cancerous tissue, red is normal tissue, magenta is fibroglandular tissue,
and blue is adipose tissue. The results show that the coherent scatter imaging system
is able to detect cancerous voxels inside of the breast tissue sample that was known
ahead of time to be cancerous.

(a) Adipose (b) Cancerous (c) Normal (d) Fibroglandular

Figure 6.3: Volume renderings of the four types of tissue in the cancerous tissue
sample based on voxel classification results of the reconstructed coherent scatter im-
age from Fig. 6.2. The coherent scatter imaging technique can be used to determine
the distribution of cancerous tissue through the volume, which would prove to be
an important capability for diagnostic medical applications such as surgical margin
detection.

Experimental images for the healthy breast tissue specimen from the same patient

are shown in Fig. 6.5. The material-classified image in Fig. 6.5(c) shows that no

cancerous tissue was present in the sample.

The classified image for the third sample (with each pixel identified as a specific

type or mixture of breast tissues) is shown in Fig. 6.6(a). The colorbar represents the

probability of malignancy in each voxel, determined through the location and intensi-

ties of momentum transfer peaks in the reconstructed spectra as well as overall form

factor shape. This method was used to account for partial volume spectral averaging
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(a) Voxels from Fig. 6.2(d) (b) Literature

Figure 6.4: Comparison of the (a) coherent scatter differential cross sections re-
constructed for the voxels labeled in Fig. 6.2(d) with (b) those from validated X-ray
diffraction measurements of homogeneous samples from Kidane et al [1]. The corre-
lation of the curves in (a) to those in (b) enables the tissue identification performed
in this work.

(a) Photograph (b) Scatter Intensity (c) Classification results

Figure 6.5: Images of the healthy breast tissue sample. As in Fig. 6.2(d), the color
scheme used here in Fig. 6.5(c) is white (air), black (cancerous tissue), red (normal
tissue), magenta (fibroglandular tissue), and blue (adipose tissue). The results show
that the coherent scatter imaging system is able to rule out the presence of cancerous
voxels in this breast tissue sample, which was known a priori to be healthy.

of sub-voxel sized features of differing tissues. In order to aid in the qualitative visual

comparison with the histology results, shown in Fig. 6.6(c), we linearly interpolated

the classification results onto a finer pixel grid to model the partial voluming effect

for features smaller than the pencil beam width in Fig. 6.6(b). The radiography

image used for aiding the image registration is shown in Fig. 6.6(d). We can see that

there is overlap between the white pixels–indicating the highest probability for can-

cer presence in the CACSSI classification results–and the dark regions in the tissue

histology–indicating the presence of cancer due to a high density of cells infiltrating

and filling the intraluminal space of the ducts. This strong match demonstrates the
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(a) CACSSI (b) interpolated (c) histology (d) radiograph

Figure 6.6: Results of the study, where (a) shows the classified CACSSI image,
(b) the classified image after linear interpolation to have a smaller voxel size, (c)
the tissue histology results, and (d) the radiography image. In (a) and (b), black
represents air, green represents healthy tissue, and white represents cancerous tissue.
The colors yellow, orange and red each represent tissue that has successively greater
percentages of cancerous tissue in the voxel or that are more likely to be cancerous
tissue. The excellent match between the white regions in (a) and (b)–representing
voxels with reconstructed differential coherent scatter cross sections with a high
degree of overlap with the known signal from cancer–and the dark stained regions in
(d) demonstrates the accuracy of the CACSSI technique for cancer localization.

ability of CACSSI to potentially serve as a proxy for ex vivo histology.

6.4 Discussion

In this chapter, we first measured coherent scatter cross-sections and compared them

against theoretical values reported in literature. The match between the experimen-

tal and theoretical differential coherent scatter cross sections not only demonstrates

the utility of coherent scatter imaging in cancer detection, but also indicates the pres-

ence of population-invariant attributes that make X-ray diffraction useful for tissue

identification and differentiation. The coherent scatter imaging system accurately

determined the nature of the specimen (i.e., malignant or healthy) by identifying

the tissue type in each voxel within the specimen. Cancer was found only in the

specimen known to be malignant, whereas the specimen known to be healthy was

classified as normal.

In addition, we validated the spatial accuracy of CACSSI for cancer localization

by comparing the CACSSI scatter image with histological analysis. The demon-
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strated accuracy of CACSSI for cancer identification opens the door for applications

requiring non-invasive radiation biopsy; for example in vivo breast tumor identifica-

tion and ex vivo surgical margin detection in breast lumpectomy procedures, where

the clinical task is to rule out the presence of cancer at the boundary of the surgical

specimen.

There are some discrepancies between the CACSSI results and the histology that

are caused by artifacts from (a) the shrinkage that occurs during the dehydration

step of the histology pre-processing; and (b) the presence of water in the sample

due to repeated thawing and freezing of the sample as it has been used in imaging

experiments over several years. Future work will focus on using fresh tissue sam-

ples obtained directly from mastectomy and lumpectomy patients at the histological

preparatory stage to prevent any potential artifacts from freezing and staining.

6.5 Conclusion

We showed in this work that coded aperture coherent scatter spectral imaging is

able to classify the spatial distribution of cancer inside an ex vivo breast sample

with high accuracy as validated by histology. This accuracy of CACSSI shows that

it is a potential proxy for tissue histology. Unlike tissue histology, CACSSI images of

surgically excised tissue samples can be acquired in real-time with minimal processing

compared to current histology specimen prep techniques. Future steps will focus

on acquiring experimental results on a population of fresh tissue samples obtained

through surgical resections.
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7

Conclusions & future work

7.1 Conclusions

The aim of this work is to develop coherent scatter imaging for intra-operative mar-

gin detection during breast conserving surgery (BCS) (a.k.a. lumpectomy) procedures

to achieve improved accuracy and speed over currently available methods in clini-

cal practice. We accomplished this goal by exploring two coherent scatter imaging

techniques using Monte Carlo (MC) simulations, determining the advantages and

disadvantages of each, and then implementing the most practical and realistic co-

herent scatter imaging system in experiment. The initial development of the two

imaging systems focused on identifying the most suitable imaging parameters such

as X-ray energy, detectors, and coded-aperture mask designs. Then we determined

each system’s efficacy based on its accuracy for classifying individual voxels within

heterogeneous breast tissue specimens as being cancerous or healthy. Finally, as is

done for any new medical technology, we performed a virtual clinical trial to demon-

strate the efficacy of the two new technologies in intra-operative margin detection

during BCS procedures. Our experimental implementation of the coherent scatter
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imaging method was validated against tissue histology of the breast cancer specimen

that was imaged.

In Chapter 1, we presented an introduction to breast conserving surgery, mar-

gin detection, and coherent scatter imaging, and we described the principle of our

proposed method. In Chapter 2, we developed and validated our MC simulation for

modeling coherent scatter against experiment. The results showed a strong match

with experiment, demonstrating the validity of the MC simulation for the system

optimization processes in Chapters 3, 4, and 5.

In Chapter 3, we then designed a coherent scatter computed tomography (CSCT)

system for breast cancer imaging. Using simulations, we demonstrated that the

CSCT system could automatically detect cancerous voxels in the resected tissue

specimen with high accuracy and spatial resolution. Using ROC analysis, we demon-

strated an AUC of 0.97 for the task of cancerous voxel detection inside a simulated

BCS specimen.

Using the same study design and evaluative analysis as we did for CSCT, in Chap-

ter 4 we designed and optimized a coded aperture coherent scatter spectral imaging

(CACSSI) system. The AUC for this system for cancerous voxel classification was

found to be 0.94. In addition, this method was at least one order of magnitude faster

than CSCT (CSCT would require on the order of 30 minutes for a three-dimensional

scan of a BCS specimen, whereas CACSSI would require on the order of 3 minutes).

In Chapter 5, we used virtual clinical trials to show that CSCT and CACSSI could

accurately perform the task of intra-operative margin detection with AUC values of

0.975 and 0.741, respectively.

Finally, in Chapter 6, we implemented a real optimized CACSSI system and

demonstrated its ability to accurately classify cancerous breast tissue by confirming

against tissue histology.

The results of this work, i.e., the AUC values for CSCT and CACSSI for the tasks
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of cancerous voxel detection and intra-operative margin detection (i.e., the virtual

clinical trials), and the experimental validation of CACSSI against tissue histology

demonstrate that coherent scatter imaging has strong potential to provide quick and

accurate imaging of tumors for intra-operative margin assessment. Unlike tissue

histology, both CSCT and CACSSI can be performed intra-operatively (i.e., within

minutes of the surgery while the surgeon and patient are still in the operating room).

The coherent scatter imaging method therefore has the potential to address the

following needs for intra-operative techniques.

1. Coherent scatter imaging can potentially provide a more accurate overall as-

sessment of the specimen by imaging the tumor in its entirety.

2. It can automatically classify the spatial distribution of cancer through bimolec-

ular properties of the tumor.

3. It can do so intra-operatively and within minutes of surgery while the patient

is still under anesthesia.

4. Coherent scatter images can be automatically analyzed to identify tumor mar-

gins and provide a binary positive/negative result.

In contrast, FSA, touch-prep and tissue histology, all require substantial amounts

of manual human resources such as trained pathology technicians and pathologists.

When comparing CSCT and CACSSI to each other, we found that CSCT out-

performed CACSSI in accuracy (by �5% for cancerous voxel detection and �24%
for intra-operative margin detection). The much larger discrepancy in performance

between the two imaging techniques for intra-operative margin detection could be

due to spatial resolution (the main technical measure of imaging performance where

CSCT outperforms CACSSI) being much more important for the task of margin

detection than for classifying individual voxels. For margin detection, the ability
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to accurately detect a single point where a tumor makes contact with a specimen

boundary is highly dependent on the imaging system’s ability to image with fine

resolution. Whereas the ability to classify a given voxel within the field of view may

in fact actually worsen with improved spatial resolution since smaller voxels provide

less signal.

However, CSCT requires significantly longer scan times (on the order of 3 minutes

for CACSSI versus 30 minutes for CSCT). The scan time represents actual wait time

for the clinical team (with the patient under anesthesia), and therefore it is an

important factor to be taken into consideration.

We believe that CSCT outperformed CACSSI primarily due to the differences in

spatial resolution between the two techniques. Although CACSSI spatial resolution

can be improved using a higher spatial frequency coded aperture mask, it leads to

lesser signal from each voxel, making the system more susceptible to noise. In our

system, using higher spatial frequency masks degraded the performance primarily due

to the higher noise in the system. There is potential to improve the clinical efficacy of

CACSSI by reducing the noise in the system as well as improving the noise modeling

in the reconstruction algorithm (which is discussed in the next subsection).

With improvements in the reconstruction algorithm, CACSSI could potentially

match CSCT in clinical accuracy and while enjoying the advantage of shorter scan

time. It has strong potential to be used in the operating room during BCS pro-

cedures, providing full 3D images of the BCS specimen with the cancerous voxels

automatically classified. Such technology would assist clinicians in more accurately

assessing tumor margins in surgery. The improved accuracy of the technology over

currently used clinical techniques could reduce the rate of repeat BCS surgeries and

reduce the cost of the initial BCS procedures by eliminating the need to wait the

17-20 minutes and to employ trained pathology personnel required for FSA or touch-

prep cytology.
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7.2 Future work

A majority (Chapters 3, 4, and 5) of the development of CSCT and CACSSI for

cancer imaging and for intra-operative margin detection in this dissertation was

performed using Monte Carlo simulations. Because experiments and physical imple-

mentations of the imaging systems do not allow for as precise control of the imaging

system setup–such as precise angular and spatial alignments of various components–

and because experimental imaging systems have additional background noise, an

important next step of this work to further bolster its potential clinical value is to

qualitatively and quantitatively evaluate its accuracy for cancer imaging and intra-

operative margin detection in an experimental or real-world scenario. The exper-

imental validation of the CACSSI imaging results with tissue histology that was

carried out in this dissertation (Chapter 6) was done qualitatively and only for a

single specimen. In order to formally validate CACSSI, an important next step is to

quantitatively evaluate the correlation of the CACSSI images with tissue histology,

and to do so for a population of samples.

The most important future step for CACSSI is to improve its resolution by opti-

mizing coded-aperture masks and modifying the reconstruction algorithm to better

model noise in the system. This approach will allow more robust reconstruction of

the signal from high frequency coded aperture masks, thereby bringing the resolu-

tion of the CACSSI system closer to that of CSCT. Investigating the application

of regularization and smoothing algorithms such as total variation (TV) [123] may

allow us to improve these reconstructions of extended objects when using higher

frequency masks in order to improve the overall performance of CACSSI for breast

cancer detection.

Alternatively, one could reduce the scan time required for CSCT to make it

more suitable for intra-operative clinical use. This goal could be achieved using the
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same strategies that are currently used for scan-time reduction and dose reduction

in conventional x-ray CT; for example implementing fan-beam geometries, iterative

or model-based reconstruction, and compressive sensing techniques [124, 125].

Instead of focusing on improving the resolution of CACSSI or reducing the scan

time of CSCT, we could develop an imaging approach that is a hybrid of CACSSI

and CSCT, i.e., acquiring CACSSI data at a second, and potentially even a third,

angular perspective and using that additional data to improve the reconstructed

image resolution and signal. Such a hybrid approach would allow us to exploit the

accuracy we demonstrated for CSCT in this work and the reduced scan time of

CACSSI.

Another strategy to improve the spatial resolution for CACSSI is to use coded

aperture masks that have unique patterns in two dimensions, instead of only having

a pattern along one dimension as in this work. A 2D coded aperture mask would

allow us to more precisely modulate the scatter signal and therefore better resolve the

sample. The biggest challenge with implementing 2D coded apertures is acquiring a

2D photon counting detector to measure the modulations in both dimensions.

In addition, for successful translation to the clinic, we must also expand the

experimental work described in Chapter 6 through future clinical or pre-clinical trials.
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im röntgenlicht. i.” Nachrichten von der Gesellschaft der Wissenschaften zu
Göttingen, Mathematisch-Physikalische Klasse, vol. 1916, pp. 1–15, 1916.

[40] A. W. Hull, “A new method of x-ray crystal analysis,” Physical Review, vol. 10,
no. 6, p. 661, 1917.

[41] P. C. Johns, R. J. Leclair, and M. P. Wismayer, “Medical x-ray imaging with
scattered photons,” in Opto-Canada: SPIE Regional Meeting in Optoelectron-
ics, Photonics and Imaging, SPIE TD, vol. 1, 2002, pp. 355–357.

[42] O. S. Desouky, W. M. Elshemey, and N. S. Selim, “X-ray scattering signatures
of β-thalassemia,” Nuclear Instruments and Methods in Physics Research Sec-
tion A: Accelerators, Spectrometers, Detectors and Associated Equipment, vol.
607, no. 2, pp. 463–469, 2009.

[43] W. M. Elshemey, F. S. Abdelhady, and I. M. Khater, “X-ray scattering for the
characterization of lyophilized breast tissue samples,” Radiation Physics and
Chemistry, 2013.

[44] G. Harding and B. Schreiber, “Coherent x-ray scatter imaging and its appli-
cations in biomedical science and industry,” Radiation physics and chemistry,
vol. 56, no. 1, pp. 229–245, 1999.

[45] R. W. Madden, J. Mahdavieh, R. C. Smith, and R. Subramanian, “An ex-
plosives detection system for airline security using coherent x-ray scattering
technology,” in Optical Engineering+ Applications. International Society for
Optics and Photonics, 2008, pp. 707 915–707 915.

[46] G. Harding, “X-ray scatter tomography for explosives detection,” Radiation
Physics and Chemistry, vol. 71, no. 3-4, pp. 869–881, oct 2004.

[47] C. R. F. Castro, R. C. Barroso, and R. T. Lopes, “Scattering signatures for
some human tissues using synchrotron radiation,” X Ray Spectrom, vol. 34,
no. 6, pp. 477–480, nov 2005.

[48] A. L. C. Conceição, M. Antoniassi, W. Geraldelli, and M. E. Poletti, “Mapping
transitions between healthy and pathological lesions in human breast tissues
by diffraction enhanced imaging computed tomography (DEI-CT) and small
angle x-ray scattering (SAXS),” Radiation Physics and Chemistry, feb 2013.

88



[49] D. L. Batchelar, M. T. M. Davidson, W. Dabrowski, and I. a. Cunningham,
“Bone-composition imaging using coherent-scatter computed tomography: As-
sessing bone health beyond bone mineral density,” Medical Physics, vol. 33,
no. 4, p. 904, 2006.

[50] M. Poletti, O. Goncalves, and I. Mazzaro, “X-ray scattering from human breast
tissues and breast-equivalent materials,” Phys Med Biol, vol. 47, no. 1, p. 47,
2002.

[51] E. Ryan and M. Farquharson, “Angular dispersive x-ray scattering from breast
tissue using synchrotron radiation,” Radiat Phys Chem, vol. 71, no. 3, pp. 971–
972, 2004.

[52] R. a. Lewis, K. D. Rogers, C. J. Hall, E. Towns-Andrews, S. Slawson, A. Evans,
S. E. Pinder, I. O. Ellis, C. R. Boggis, a. P. Hufton, and D. R. Dance, “Breast
cancer diagnosis using scattered X-rays.” Proc SPIE, vol. 4320, pp. 547–554,
sep 2001.

[53] C. Theodorakou and M. J. Farquharson, “Human soft tissue analysis using
x-ray or gamma-ray techniques.” Phys Med Biol, vol. 53, no. 11, pp. R111–49,
jun 2008.
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