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Abstract

Our research group has previously described the development and testing of a coherent-
scatter spectral imaging system for identification of cancer using surrogate phantoms,
formalin-fixed pathology tissues and, more recently, surgically resected breast tumor.
Here we present the implementation of a Monte-Carlo simulation tool for optimization

of the imaging system.

MC-GPU, a GPU-enabled Monte Carlo software was modified and used to simulate X-
ray diffraction experiments for combinations of X-ray spectra (tungsten and
molybdenum anode), kV (15-150), filtration (material and thickness) and phantom
geometry and material (normal, adipose, fibroglandular, and cancerous breast tissue).
For each combination, a simulated measurement of contrast-to-noise (CNR), signal

strength and object detectability were assessed.

Examination of Monte Carlo simulations showed optimal spectrum characterization
strategies that exploit spectral and filter characteristics to increase material identification
probabilities via momentum transfer measurement. Increased detectability was shown
with molybdenum energy spectra, and a higher CNR metric was observed to show

better pathological assessments and findings of cancer.
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This work demonstrates the utility of Monte Carlo methods and MCGPU in optimizing
coherent scatter imaging systems and can be used to provide insightful information
regarding the design of coherent scatter imaging systems for material classification

breast tissue types.
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1. Introduction

Breast cancer is the most common cancer among women in the United States [1].
More than one in every ten women will receive a breast cancer diagnosis sometime in
their lifetime. Furthermore, in 2018, it was estimated that 40,920 women lost their lives
as a result of breast cancer [2]. In contrast, we have made significant improvement in
patient outcomes throughout the years: patients who were diagnosed with breast cancer
in 1975 to 1977 had a 74.8% five-year survival rate whereas patients diagnosed with
breast cancer between 2005 and 2011 now have a 90.7% five-year relative survival rate
[3]. This increase in patient five-year survivals is largely due to advances in early cancer
detection, through the development of advanced imaging techniques and imaging
modalities [4].

Many traditional transmission-based ionizing imaging techniques, such as
mammography, obtain image contrast through the exploitation of the tissue’s inherent
ability to attenuate X-rays. These modalities are limited in their ability to differentiate
between tissue types because, often times, body tissues that are inherently different may
have similar attenuation properties [5] [6]. In fact, healthy and diseased breasts exhibit
only a 3% difference between linear attenuation coefficients at mammography energies
[7] [8] . Optimization of mammographic imaging techniques aims to highlight these
small differences in tissue attenuation; however, limits to attenuation-based imaging of

these tissues arise because of this natural phenomenon.



Our research group has focused much of our interest around breast cancer and
breast cancer detection; however, we have explored an X-ray imaging modality that
aims to provide additional detail and perhaps differentiation between tissues of similar
attenuation properties: X-ray diffraction (XRD). XRD is a unique and non-invasive
method to interrogate objects for material identification and material characterization.
This technique has been historically used in crystallography, in which X-rays have been
shown to interact with crystalline structures such that their diffraction gives insight into
the crystal’s material composition, inter-atomic and inter-molecular structure [9]. X-rays
incident on crystalline structures interact, via diffraction, within the crystal lattice giving
rise to X-ray diffraction patterns known as scatter form factors, where peaks are
observed at clearly defined angles based in the crystal lattice structure and spacing.
Figure 1 shows XRD measurement of graphite powder; here X-rays diffract off the
graphite powder and show significant intensity at 26.7°, a unique characteristic of

graphite XRD measurements.
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Figure 1: XRD form factor shown by measurement of graphite power on a Bruker
Phase II diffractometer. Note distinct “Bragg” peaks.

In more recent years, X-ray diffraction has been expanded, beyond its uses in
crystallography, to the interrogation of liquids and amorphous material. XRD has been
used in security applications as a method to identify hazardous and explosive materials
in baggage. It has been shown to be useful in the classification and detection of illicit
drugs and because of its non-destructive nature, it has shown to also be useful in
environmental and industrial settings [10].

As each of these areas pursue their own tangible uses for X-ray diffraction
imaging, our research group, among others, has focused our efforts to study X-ray
diffraction of biological tissues. While it is true that diffracted X-rays in current medical
imaging technologies are commonly ignored or actively suppressed, it has been shown
that X-ray diffraction in biological tissues gives rise to form factor measurements that

are unique. In the context of breast imaging, XRD has shown promise in differentiating
3



common breast tissue types, and even breast cancers. This is apparent as each breast
tissue type, when measure via XRD, produces diffraction patterns with unique peak

location and defining characteristics. [8] [11].
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Figure 2: Diffraction patterns in XRD breast tissues [Kidane et al., 1999] [8]

Figure 2 shows X-ray diffraction patterns in breast tissues. Our research group is
dedicated to the imaging of these types of materials, among others, and, although clear
differentiation is shown, it is important to note how similar these diffraction patterns
can be. This study asks how we can optimize our imaging techniques to highlight the
differences in these form factor patterns and develop tools that are sensitive enough to
detect and exploit them. We have chosen the use of computer simulation to carry out
this study and aim to optimize one of the most critical elements in XRD imaging

systems: the X-ray source.



1.1 Theory

XRD imaging hinges on the detection of coherent scatter X-rays. Among the
different X-ray scattering methods, coherent scatter, also known as Rayleigh scatter, is
most prevalent at low energies (below 30 keV) and, in crystalline structures, is governed

by Bragg’s Law:

nA = 2d sin (g) D
Here, X-rays are incident upon an atomic structure within the crystalline lattice. Should
Rayleigh scatter occur in a crystal, the X-ray, of wavelength A, will diffract at a Bragg
angle (g) according to the “n™” order diffraction and the inverse interplanar lattice

distance d [9] [10]. Because of this strict adherence to Bragg’s law, we observe unique
peaks in crystalline XRD imaging that serve as the “fingerprint” for crystalline material

identification.

Rayleigh scattering

Figure 3: Rayleigh or Coherent scattering [12]. The incident and exiting photon energy
are conserved.



It is important to recognize that coherent scattering is an elastic scattering event;
kinetic energy is conserved and the scatter X-ray energy will not be affected by it.
Because of this, we also define momentum transfer, q, which is a measure of the
momentum transferred to the scatter X-ray. This is derived from Bragg’s law and yields
a measure that is both energy and angle dependent, by solving for the inverse of twice

the crystalline lattice structure distance %z

1 1 0 E 0
1=217 79 (3) ~ 7 ) ®

Just as crystalline structures show unique diffraction patterns, we can measure
form factor patterns of amorphous materials as a function of momentum transfer and
observe unique and characterizing shapes. Amorphous material, each unique in atomic
composition and molecular spacing, show unique X-ray diffraction that gives rise to a
distinguishable scatter form factor.

For an isolated atom, XRD is shown to give rise to patterns described by the
atomic form factor (Fias). This factor is a function of the atomic number, Z, and of the
momentum imparted to the scatter X-ray, again, momentum transfer, 4. This function,
F(q,Z), which can be expressed as the Fourier transform of the atomic electron density,
has been shown to monotonically decrease as a function of momentum transfer, where
F(0,Z) = Z and F (o0, Z) = 0 [13] [14]. As we consider molecules comprised of different
atoms, the diffractions concerning interatomic spacing is governed by the additivity

rule:



Fipa = Znin(q' Z;) 3)
where ni is the weight fraction and Zi is the atomic number of element i.

We discuss the atomic form factor Fiaa, not only because amorphous X-ray
diffraction is dependent on it, but also because it has been shown that the high
momentum region of XRD profiles is dominated it, after which, molecular interference
effects can be ignored [15] [6] [16]. In other words, measured amorphous material X-ray
diffraction approaches the atomic form factor at high momentum transfer values, after
which, molecular spacing does not contribute to changes in the diffraction pattern. This
will play an important role as we, later, discuss coherent scattering via computer

simulation.

1.2 Implementation of XRD Imaging

Knowing that X-ray diffraction is a function of both X-ray energy and scatter
angle, leads to the implementation of two distinct X-ray diffraction imaging techniques:
angular-dispersive X-ray diffraction (ADXRD) and energy-dispersive X-ray diffraction
(EDXRD). The principle behind these imaging techniques is to hold one of the two
diffraction variables constant during X-ray measurement, while adjusting the other.

ADXRD requires a monochromatic incident X-ray source. X-rays of a fixed
energy are directed towards the surface of an object and X-ray diffraction measurements
are taken at fixed angles, which correlate to fixed momentum transfer values. This

method is favorable for specimen analysis and is used in most commercial
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diffractometers because they can achieve excellent momentum transfer resolution
through the use of long wavelength sources. Our lab uses a Bruker D2 Phaser ADXRD
diffractometer, specifically for specimen analysis. The process to measure sufficient
signal with these types of diffractometers is generally time consuming; the detector is
held at each angle for a fixed period of time. A sufficiently sampled momentum transfer
for our work is sometimes in excess of 40 minutes.

~— e ah

source .- "~ detector q

Figure 4: Simplified depiction of ADXRD imaging — A monochromatic spectrum X-
ray beam is incident on an object. Diffraction intensity is measured at variable angles
that correspond to momentum transfer.

EDXRD imaging systems vary the incident X-ray source energy and measure the
intensity of the diffracted X-rays at fixed angles. As the source energy is increased, the
intensity measurements at these fixed angles are directly linked to the intensity observed
at higher momentum transfer. The benefit of these systems is that conventional X-ray
tubes may be used for these types of measurements and that a broadband spectral
source coupled with energy-sensitive detectors can be used to simultaneously sample g-

space.
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Figure 5: Simplified depiction of EDXRD imaging - A variable energy X-ray beam is
incident on an object. Diffraction intensity is measured at fixed angles.

Our lab has adopted a hybrid detection method to measure the diffraction scatter
pattern. Many of our systems use energy discriminating detectors at fixed locations.
Because large-area energy sensitive detector costs can be high, we have also built
systems that translate small energy-discriminating detectors (often one-dimensional
detector arrays) to sample large ranges of momentum transfer. By using a detector with
the ability to resolve the energy of the detected signal, we can realize the scatter form
factor by isolating a detector energy bin and observing the diffraction intensity as a
function of the radial distance of the detector pixels orthogonal to the X-ray beam. This
allows us to adapt more traditional X-ray sources and use sources and detectors
commonly found in our area of medical research. This combination of multiple-fixed-
angle detector bins and polychromatic source is beneficial in that we can simultaneously
sample different ranges of g-space at different momentum transfer resolutions, with

each measurement.
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Figure 6: Simplified depiction of EDXRD and ADXRD used in combination. A
polychromatic source is used. X-rays, in the shape of a pencil beam, interact with the
object causing diffraction whose diffraction X-rays are detected by a two-dimensional
energy-sensitive detector.

Figure 6 shows a simplified schematic of an EDXRD/ADXRD imagining system.
In addition to the use of a polychromatic source and energy-sensitive detector, this
depiction shows a two-dimensional X-ray diffraction scheme. In this scenario
momentum transfer is a function of energy, radial distance from the primary beam and
the object to detector distance. Both beam divergence and the use of a flat detector give
rise to the effects of the inverse square law and obliquity which reduces the intensity at
higher values of momentum transfer [17].

It is important to understand that many X-ray diffraction experimental setups
used powdered crystals to force randomly oriented crystal patterns to be exposed to the
primary beam. This practice is done to observe scatter from all possible lattice spacings
consistent with Bragg’s law in crystal analysis and due to the random orientation of

biological cells and molecular structures. It is important to understand two-dimensional
10



ring patterns are also observed during XRD of amorphous materials when considering

XRD imaging fundamentals.

1.3 Motivation

To this point, we have explored how XRD is used in many different fields to non-
destructively probe material specimen to better understand their material properties.
The physics of the coherent scatter phenomenon should be understood and methods to
measure diffraction have been shown. With a keen interest in breast cancer and breast
cancer detection, our research group believes that XRD should be considered to have
significant application in medicine, especially in breast cancer research.

Consider the clinical scenario where a breast cancer patient undergoes breast
conservation surgery (BCS) with the purpose of removing cancerous tissue found in her
breast. Following surgery, the excised tissue is examined and a determination is made
whether or not the margins surrounding the excised tissue contain cancerous cells — this
yields information about whether or not all intended incidences of cancer were
removed. The excised tissue is sent to pathology and the pathologists’ finding, days after
surgery, indicates positive margins; breast conservation surgery did not completely
remove the patient’s cancerous tissue. The patient is then told that the breast
conservation surgery was incomplete and that the patient must return for an attempted

re-excision. One study showed that over 10% of the retrospective cases studies studied
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had focally positive resection margins and more than 6% had more than focally positive
resection margins [18], an indication that this scenario may not be a rare occurrence.

Our research has been dedicated to helping to counteract this problem. In 2015,
Lakshmanan et al. described an X-ray coherent scatter imaging technique for intra-
operative margin detection that was shown to have greater accuracy and speed than
current techniques found in practice [19]. Proposed systems could be clinically utilized
to conduct non-invasive XRD “spot scans” and characterize excised breast tissue with
high resolution in real time [19]. Spencer et al. showcased a system designed for this task
— a proposed system that could be used in real time to provide indications during survey
about whether or not cancer was probable at the excised tissue margins [20].

In addition to the characterization and implementation of such XRD imaging
systems, we have shown that measurements from these systems are unique enough to
be automatically classified using algorithms [21]. Momentum transfer functions of
common breast tissue types have features that may be explored to differentiate these
tissues based on XRD scans, alone.

In a recent study, Nacouzi et al. obtained excised breast tissue of invasive ductal
carcinoma resected during a performed lumpectomy, which was preserved in formalin
[22]. Our experimental coded aperture coherent scatter spectral imaging (CACSSI)
system, an XRD imaging system similar to the system described in detail in Section 3.1

of this work, was used to examine X-ray diffraction from 651 separate locations on the

12



preserved lumpectomy specimen. Each location was probed via an X-ray pencil beam
produced by a tungsten/rhenium anode X-ray tube tuned to 110 kV and 100 mAs.

XRD measurement was examined via two classifier algorithms: a weighted cross-
correlation-based algorithm previously developed in our group and a neural network
classification protocol implemented in MATLAB [21]. Both classifier systems, when
compared to a pathologist’s assessment, showed promising results (greater than 79%
accuracy) in differentiating healthy and cancerous tissues found throughout the
specimen. The study concluded that these classification methods may have been even
more accurate, as the back side of the specimen, which may have shown indications of
cancer, was not considered in the pathology analysis, whereas it was included in the

XRD measurement [22].

Figure 7: XRD classification assessment of excised breast tissue following
lumpectomy of cancerous tissue. A comparative view is shown between pathological
assessment (left), neural network classification and cross-correlation algorithm [22].

13



All this to say, much thought went into the possibility of making pathological
assessments of breast tissue specimen via XRD measurements. These classification
methods are only effective, however, through the acquisition of cleanly measured and
accurate data. Consider, for example, fibroglandular and cancerous breast tissue, whose
coherent scatter form factors are similar above g=1.5 nm! (Fig 8). Distinguishing these
two materials is a challenge due to the similarity.

Momentum Transfer Spectral Library
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Figure 8: Momentum transfer spectrum of fibroglandular and cancerous breast tissue
presented to highlight the similarities between the two [8].

If we consider the material properties of these two tissue types, it should be
apparent why their diffraction patterns would be similar. They are both human tissues,
likely with comparable concentrations of hydrogen, oxygen, carbon and nitrogen [23].
Based on their atomic make-up, alone, and considering what we know about the Fiaa
model, they exhibit similar atomic form factors and their deviations in diffraction
patterns are primarily due to small deviations in their molecular interference properties.

Nonetheless, under poor measurement conditions, differentiation between these two
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tissue types could easily lead to classification error, no matter how robust the
classification algorithm might be. As a result, there is a need to generate large amounts
of data to train and test classification algorithms. Given the complexity of the overall
acquisition system, there is also a strong need to optimize the various acquisition
parameters and identify the best combination for a given detection task.

This work is dedicated to building a simulation tool to model virtual X-ray
diffraction acquisition experiments and generate data to optimize the imaging system
and improve classification outcomes and material. As discussed previously, we have
employed the use of fixed energy-sensitive detectors and a hybrid ADXRD/EDXRD
measurement system. Our detection method of combining ADXRD and EDXRD is
beneficial in that we can sample a large range of momentum transfer at varying
resolution through the use of a polychromatic source and energy-sensitive detector.

The use of a polychromatic source spectrum gives rise to “signal contamination”
in polychromatic-source XRD measurements. One prevalent X-ray interaction at
coherent scattering energies that gives rise to signal contamination is Compton scatter.
Compton scatter is an incoherent scattering event where a photon of energy E, interacts
with an atomic electron. Here, the electron re-emits a secondary Compton photon of
energy E, in a trajectory that is preferentially forward, but likely with a non-zero scatter

angle relative to the incident angle:
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By using a polychromatic beam, signal contamination from Compton scatter X-
rays in a particular detector energy bin window is dependent on the source spectrum
intensity of the energies above our energy bin window. This means that regardless of the
energy bin selected to reconstruct the form factor measurement, signal contamination
from energies higher than that energy bin have the opportunity to affect the
measurement that may subsequently lead to a classification error.

Similarly, multiple scatter events could contaminate the measurement. Multiple-
scatter events are those that have undergone more than one scatter interaction (coherent,
Compton, and any combination of these), causing these X-rays to lose their most
valuable piece of information, which is their first coherent scattering angle. This factor is
not explicitly linked to the use of a polychromatic source, but it is linked in to the source
selection in that coherent scatter interactions are energy dependent.

The probabilities that govern these interactions for soft tissues are shown in
Figure 9. Here, we see the probability of Compton scattering overtake Rayleigh
scattering just above 10 keV and overshadow all other interactions in the 100s of keV.
Therefore, it is expected that single-Compton signal contamination occurs with higher
keV spectra whereas multiple-scatter via multiple-Rayleigh events occurs at lower

energies. Multiple-scatter, in general, will increase as specimen size increases.

16



Mass Attenuation Coefficients for Soft Tissue

0.3

0.1

0.03

Mass attenuation coefficient (cm2/g)

_ Compton
Rayleigh
0.01
Pair production
0.003 |- >
0.001 ' ' '
10 100 1,000 10,000
Energy (keV)
Figure 9: Attenuation coefficients for soft tissues (Z = 7.5) are plotted as a function of
energy [24]

Typically, our lab has designed XRD experiments such that most of our form
factor reconstruction is based on the detector energy bin that is expected to receive the
most signal. For instance, a tungsten anode spectrum at 160 keV is expected to show
characteristic peaks at 59.3 keV and 69.5 keV, which correspond to the Ku and k-edge of
tungsten [25]. If we were to place a tungsten filter between the X-ray source and the
target object, much of the X-ray spectrum above the 69.5 keV k-edge would be
attenuated in the filter before it reached the object for X-ray interrogation. However, our

strongest signal would still be expected around the 59.3 Ku-edge, as shown in Figure 10.
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Figure 10: Normalized depiction of a tungsten-filtered tungsten anode X-ray spectrum
at 160 kV highlighting two energy bins around the Ka-edge and the k-edge of
tungsten at 59.3 keV and 69.5 keV, respectively.

Basing our form factor reconstruction on data observed in the energy bin with
the maximum signal (i.e., 59-61 keV) may not be optimal due to potential signal
contamination in this energy bin. For example, consider the spectrum between 59.3 and
70 keV. Here, the signal is relatively strong, and it is possible that X-rays produced in
this range could undergo Compton scatter whose secondary X-rays would fall within
our 59-61 keV binning window.

This binning form factor reconstruction strategy is in contrast to a binning
strategy that considers the X-rays at 69.5 keV. In this higher window, Compton scatter
X-rays are likely less prevalent, simply because there are fewer source X-rays present
above 69.5 keV to experience a Compton scatter event. Figure 11 shows how the

detected signal (single-Rayleigh X-rays) and signal-contamination (Compton-scatter and

18



multiple scatter X-rays) may look from a two-dimensional energy-resolving detector

with these two binning strategies from an XRD scan of powdered graphite:

59 to 61 keV Energy Discrimination 68 to 70 keV Energy Discrimination

Figure 11: Two-dimensional XRD signal detection showing signal (single-Rayleigh X-
rays in red) and signal contamination (Compton and multiple-scatter X-rays) in green,
in two different energy bins: 59-61 (left) and 68 to 70 keV (right).

Our research surrounding pathological XRD breast imaging has experimentally
shown that form factor reconstruction and sensitivity is greatly dependent on X-ray
source strength and potential [21]. However, little is known about how the X-ray source
spectrum and how unwanted X-ray interactions could affect our signal detectability,
form factor reconstruction and ultimately our classification estimations.

This study asks aims to utilize Monte-Carlo simulations to uncover these effects

and develop a platform for optimization of our X-ray diffraction imaging approach.

1.4 X-Ray Transport via Monte Carlo Methods

Medical X-ray imaging has a unique history in which computer simulations

guide the optimization of imaging systems. In 2012 Cunham et al. defined a figure of
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merit (FOM) aimed at maximizing contrast-to-noise and minimizing and average
glandular dose to the breast that a wide variety of Monte Carlo simulations. Their work
showed the efficacy of Monte Carlo in mammography by allowing them to simulate
typical mammographic studies and confirm that many techniques commonly used in
the field could be quantifiably attributed to best practices that promote optimal image
quality and patient safety [5]. Similar studies were done to estimate dose in CT and
assess dose image quality in chest radiography [26] [27].

Because the physical effects, radiation interactions and nuclear processes
involved in X-ray imaging are so interdependent, Monte Carlo is a proven effective tool
in this area of research. Our lab has validated Monte Carlo methods during its pursuit to
design and test our previously mentioned CACCSI XRD imaging system [19]. The
Monte Carlo suite previously used to model our CACCSI system was GEANT4, which,
among other common Monte Carlo X-ray suites like PENELOPE and MCPNX, was not
originally designed to model coherent scattering events. However, Lakshmanan et al.
described modifications to model coherent scattering effects accurately in GEANT4.

This work intends to build on the accuracy of modeling X-ray diffraction in
Monte Carlo simulation and also improve the speed of our X-ray transport simulations.
While accurate and validated for modeling of coherent scatter effects, our modifications
to GEANT4 require these simulations to be run on CPU. Since the advent of GPU

processing, we have sought to model X-ray transport in a cost effective and time efficient
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manner and has done so, to estimate CT dose, with a MC toolkit called MC-GPU [28].
MC-GPU provides an ideal platform to develop the proposed X-ray diffraction
simulations for optimization of our CACCSSI system.

MC-GPU is a Monte Carlo X-ray transport framework used to generate X-ray
and CT radiographic images by modeling X-ray transport within materials organized in
a voxelized phantom [29] [30] [31] [32]. Material properties modeled in MC-GPU have
been adapted from the PENELOPE 2006 MC Tool Kit. The processing behind MC-GPU
is facilitated by GPU through the CUDA framework, a parallel computing platform and
application programing interface model created by NVIDIA which boasts increased
simulation speeds between 20 and 40 times faster compared to a single CPU core [29]
[33].

To emphasize the reduced time costs MC-GPU offers, simple X-ray diffraction
simulations were compared across different architectures and compilation schemes for a
setup involving a polychromatic spectrum of X-rays, 1e8 histories in total, interacting
with a 2.5 cm tall cylinder of water with a 0.65 cm radius. The results of these

comparisons are detailed in Table 1:
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Table 1: X-ray diffraction simulation speed (including initialization) in a simple X-ray
diffraction scheme for different architectures and compilation modes.

Architecture Total Run Time (s) X-Rays/s
GEANT 4 (4 core) 13,501.82 7,406.40
MC-GPU: CPU (32 core) 3249  3,077,870.11
MG-GPU: GPU (no fast math) 2.65 37,738,264.15
MC-GPU: GPU (fast math) 2.00 50,003,200.00

The results of the CPU simulations show a significant speed up by use of MC-GPU.
Even after normalizing to the number of cores, we see an increase in simulation speed
51.9X faster. It should also be noted that Badal et al. showed an 8.2 times speed increase
between simulations run on the PENELOPE 2006 architecture and MC-GPU run on CPU
[29]. Compilation of MC-GPU using NVIDIA’s nvec compiler is compliant with the IEEE
standard for binary floating-point representation, with few exceptions. When the
compilation option of “fast math” is used, some mathematical operations computed on
the host system are completed using function calls designed to increase speed at the cost
of accuracy [34]. MC-GPU simulations from code compiled with the “fast math” option
have been shown to be qualitatively equivalent with a maximum pixel difference of 2.5%
[29].

Whereas diffraction modeling in the coherent scattering implementations of MC
simulations is typically ignored, MC-GPU is designed to incorporate coherent scattering
effects. When compared to GEANT4, PENELOPE, and MCPNYX, it has the benefits of
both modeling coherent scattering and GPU speed and, as such, will be used in this

work.
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1.5 Coherent Scattering in MC-GPU

Initial versions of the PENELOPE 2006 Monte Carlo Tool Kit and MC-GPU
modeled coherent scattering in a material using an independent atomic approximation
[33]. The independent atomic approximation, while accurate for modeling large angle
scatter, is inaccurate for the purposes of this work.

In 2012, Bahaa Ghammraoui and Andreu Badal introduced an update to MC-
GPU and the PENELOPE 2006 toolkit [33]. These updates allow the MC-GPU simulation
model to account for the effect of molecular interference in coherent scattering.
Experimentally measured scatter form factors (that incorporate both the IAA and
molecular interference), Fy;r(x), can now be processed and modeled in the X-ray
transport of coherent scatter X-rays. The user is asked to provide experimentally
measured values for Fy;r(x)/vVMW or s(x):

Fiir () = Fiaa(0) X s(x) 4)
where MW is the molecular weight and s(x) is the molecular interference function.

Figure 12 shows coherent scattering modeling from two identical experiments.
One simulation shows coherent scatter under the IAA model and the other shows
incorporation of molecular interference via MC-GPU. A reconstruction of momentum

transfer is shown for each model and will be discussed in the following section.

23



tadioe (om)
43 v m N @ M A W N = o

12 D D5 1 15 2 25 3 35 4
Treh degrees. Momerfum Trarster (rm ')

Mormalized Momestmm Traurder Famcion (AA)

radloe (om)
L3 B m N @ m A w N = o

B
N
B
B
N
w
N
@
=
~
o

Figure 12: MC-GPU single-Rayleigh comparison and normalized form factor
reconstruction (showing reference IAA or MIF momentum transfer function) from
two identical simulations of XRD using the IAA model (top) and incorporating
molecular interference (bottom) for diffraction on 1 cm spheres of water [33] [16].

The scatter signals shown in Figure 12 are the result of identical simulated XRD
experiments using MC-GPU. A monoenergetic X-ray source was oriented towards a 1cm
sphere of water. The first simulation (top) modeled coherent scattering using the IAA,
while the second simulation (bottom) shows the incorporation of molecular interference
into the coherent scatter modeling. A 400x400 pixel, 20x20cm, energy-integrating
detector was placed 19 cm from the beam exit of the water sphere and single-coherent
scatter X-rays were tallied in units of eV/cm?.

The momentum transfer function, F?(q), was constructed, first by converting

these scatter intensities to a polar view and summing the intensities across each row.

24



The effects of the inverse square law and obliquity are compensated for and the intensity
of the scatter signal is increased in each pixel according to its radial distance from the
primary beam:

L =1g,cos730 5)
where la: is the detected intensity at a detector pixel at a radius, r; O is the angle between
the primary beam and the detector pixel x and I: is the measured scatter intensity at a
radius r. Finally, the radius was mapped onto an axis of momentum transfer by

algebraic manipulation of Equation (2):

q= %sin(tan‘l(oﬁ X %) ©)
where ODD is the object-to-detector distance.

Because the measured object is relatively thin, and the location of the object (i.e.
the z-location of our scatter events) is limited, these methods to reconstruct the material
form factor are sufficient. However, with large specimens, where the scatter location is
unknown, it is possible to reconstruct and determine the molecular structure of an object
at each voxel throughout its volume with advanced techniques such as X-ray diffraction
tomography (XRDT), or coded aperture XRDT (CA-XRDT). These techniques make
multiple or parallel multiplexed XRD measurements that give rise to a more precise
angle of diffraction and therefore scatter location when de-multiplexed [10] [35].

Incorporating molecular interference into MC-GPU and using experimentally

measured form factors for Monte Carlo does require additional manipulation. Although,
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MC-GPU offers the user the opportunity to feed in data files listing Fy;;z(x)/vVMW or
s(x), in experimental setups, it should be apparent that the magnitude of XRD
measurements are a function of both source intensity and a function of scan time.
Because of this, measured XRD data must be appropriately scaled to accurately
represent Fy;;r(x) or be used to calculate s(x). This is important because the coherent
scatter interaction probabilities determined in PENELOPE physics are keenly reliant on

the magnitude of Fy;r(x):

Tk ST [F (g, 2)] @)
where

dor  ,1+cos?6

o T 2 ®)

where re is the classical electron radius and O is the angle of deflection angle of the
exiting X-ray [12].

In order to properly scale an experimentally measured molecular form factor, it
is important to understand that the Fiaa and Furr converge at high momentum transfer
[11] [16]. We accomplish this by analytical approximation. First, Fiaa(q, Zi), also known
as the Hubbell form factor, is calculated for momentum transfer values, q, from 0 to 8

nm-:
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where

with

1+a;x?+ ax® +azx*

fx,2)=Z

F(q,7) = (1 + aux? + agx*)? )
max{f(x,Z), F,(q,Z)}ifZ > 10 and f(x,Z) > 2
_ sin(2b arctan Q)
Fi@.2) = =5 omy (10
Q= Zcha’ b=+V1-a? a=a (Z - %) (11), (12), (13)

which is described by Bar¢ et al. and was adapted from PENELOPE 2006 to MATLAB

[14] [12]. The inverse fine-structure constant, a1, has been updated to reflect the value

reported in the NIST database containing the 2014 CODATA recommended values of

fundamental physical constants [36].

Finally, the additivity rule is applied according to the weight fraction of a

compound or mixture and the values of the weighted Hubbell form factor at high

momentum transfer are used to normalize XRD measured form factors. Figure 13 shows

the analytical Fiaa for water compared with an experimentally measured form factor for

water.
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Figure 13: Analytical approximation of Fiaa compared to Fmir of water showing
alignment at high momentum transfer [16].

Scaling experimentally measured form factors to analytically approximated Fiaa
is done to calculate and input the molecular interference function S(x) into our Monte

Carlo model without the need to measure the molecular weight.

2. Measurements and Metrics for XRD Optimization

MC-GPU was designed to model PENELOPE physics and meant to be used to
generate realistic CT and radiographic images. The output of MC-GPU is standard and
is in the form of two identical files used to store the same information in two separate
file types for various post-processing steps.

The first, an ASCII data file, lists information regarding the simulation study

included as header information above and below the main body: focal spot, pixel size,
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number of pixels, simulated X-rays, simulation speed/time, fraction of energy incident
on the detector and the maximum energy detected.

This study considers the information stored in the data file. The body of the data
file contains the energy fluence (eV/cm?) incident upon the detector and it segregates
this energy fluence into four categories depending on the type and number of
interactions experienced by the X-rays during simulation. X-rays are grouped into four
categories: single-Rayleigh, single-Compton, transmission, and multiple-scatter. As
mentioned previously, a duplicate file containing identical information is provided by
MC-GPU. This file is a raw image file that mirrors the detector information in the data
tile, with the addition of a fifth image showing a simulated radiograph of all incident X-
rays, which is the sum of the original four.

In light of this, it is possible to understand the amount of pure signal that is
available for form factor reconstruction and it is possible to identify the extent to which
other X-rays contribute to the contamination of this signal. This work differentiates
between signal (single-Rayleigh X-rays incident on the detector) and noise (any X-ray
that is detected and detracts from the accurate reconstruction of the true scatter form
factor of the material; i.e. Compton and multiple-scatter X-rays). Because practical
implementations of X-ray diffraction purposefully attenuate transmission X-rays with

the use of a high Z beam block, transmission X-rays are not considered.
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Signal is measured as the sum of the single-Rayleigh signal incident on the
detector. At a basic level, an estimation of true signal, or an estimation of the relative
signal under theoretically perfect conditions, is useful to understand how variation in
detected (total) signal may affect form factor reconstruction. As we intend to use an
energy discriminating detector, it is expected that the maximum detected signal is
located at one of the k-edge peaks of our spectrum, or at the bremsstrahlung peak at
lower kV.

Signal-to-noise (SNR), in this context of this work, is considered to be the ratio of
detected single-Rayleigh X-rays (signal) to the Compton and multiple-scatter X-rays
(noise) detected, but this measurement is considered to be an absolute measurement.

Contrast-to-noise (CNR), however, is a proposed metric that will be evaluated:

Signal — Noise
CNR = 2970~ (14)
Noise

This metric is preferred over SNR because it removes bias by normalizing the difference
between signal to noise with the noise.

Finally, it is useful to observe how variations in signal and noise affect classifier
performance on a given measurement. The goal of this optimization study is to increase
the confidence that the signal detected is as close as possible to the scatter form factor of
the object. A measure of cross-correlation, which is a measure of how similar two
functions are as a function of displacement, is proposed to assess how closely the
measured signal is to ground truth. As the form factor measurement matches more
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closely to the reference form factor used in the Monte Carlo model, the cross-correlation

will approach unity:

YV =0 — )
1 1
X =022 —y)?)?

Correlation = (15)

Our work has used cross-correlation based algorithms to classify tissue, liquids
and synthetic fluoropolymer and we has done so with great success [21]. A cross-
correlation based classification algorithm we have used for breast tissue types, first,
discriminates tissues based on the form factor peak location on the momentum transfer
axis. Revisiting the breast tissue form factors by Kidane et al. in Figure 14, it is seen that
normal and adipose tissue can be differentiated between cancer and fibroglandular

tissues at a momentum transfer value of approximately 1.3 nm-.
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Figure 14: Diffraction patterns in XRD breast tissues [Kidane et al., 1999] [8]

After differentiating between these two groups of tissues, a weighted cross-

correlation metric is used to identify specific tissue types. Here, form factor
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measurements are segmented into two distinct measurements based on how similar or
different the remaining two tissues are within each segment region.

Considering adipose and normal breast tissue form factors, the two show
significant similarities below 1.4 nm-'. Above 1.4 nm™ the two signals show stronger
deviation from each other. Therefore, cross-correlation of the two tissues’ form factors
above 1.4nm is considered to provide more of a distinction between the two and is
weighted more heavily than the signal measured below 1.4 nm-'. Fibroglandular tissue
and cancerous tissues show more similarities above 1.6 nm-! than below 1.6 nm-'. For
this reason, segmented regions above 1.6 nm! are weighted less than the segmented
regions below it.

Finally, if the measured form factor does not correlate with any tissue with
significant confidence (above 0.7), no classification is made and it is assumed that there
is not enough signal present to make a clear determination about which tissue type is
preset, or the signal has been contaminated appreciably, and a decision cannot be made.

Figure 15 shows the algorithm in its entirety.

32



Form Factor
yes Peak below 1.3 no
nm?
Adipose or Fibroglandular
Normal or Cancer

| [
Segment Form Factor below 1.4nm™ Segment Form Factor below 1.6nm™

\ |

0.1 x Cross Correlation at or below 1.4 nm™ 0.8 x Cross Correlation at or below 1.6 nm

0.9 x Cross Correlation above 1.4 nm 0.2 x Cross Correlation above 1.6 nm™

no
Are all Cross-Correlation Coefficients >= 0.7 7

yes ‘ yes

Cross-Correlation (Normal) Cross-Correlation (Fibroglandular)
> >
Cross-Correlation (Adipose) Cross-Correlation (Cancer)

yes no yes no

Fibroglandular Normal

Figure 15: Breast tissue classification algorithm.

3. MC-GPU Modification and Comparison

MC-GPU’s has been previously validated for use as an EDXRD simulation tool
but has been modified to emulate an ADXRD/EDXRD hybrid XRD detection scheme,
similar to the one used in our lab [33]. This ADXRD/EDXRD combination signal
detection method will be compared against experimental measurements performed on a
testbed prototype being developed in our group.

Off the shelf, MC-GPU can output radiographic images that represent energy-
integrated X-rays tallied in units of eV/cm?. Due to the need for energy-sensitive X-ray
detection in the proposed technology, the MC-GPU source code was modified to model
a one-dimensional, energy-binning, energy-sensitive detector. This modification to the

MC-GPU kernel, among two others used in this work, is detailed in Appendix A.
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The motivation for this modification was to emulate the MultiX ME100 X-ray-
sensitive detector (MultiX, France). A detector that facilitates ADXRD/EDXRD hybrid
measurements using a polychromatic source, the MultiX ME100 is a spectrometric
detector that combines semiconductor crystal (CdTe/CZT) detection with unique ASICs
and high-speed front-end electronics capable of precisely measuring the energy of each
incident X-ray photon [37]. This detector is a one-dimensional detector.

To accomplish this emulation, changes were made to the GPU kernel. The main
MC-GPU file stores detector pixel information as a global variable, an image matrix. The
image matrix is generated after the user specifies the number of rows and columns
desired in the imaging plane. During simulation, the GPU kernel identifies the X-rays
incident on the detector plane; our modification directed the GPU (or CPU, if compiled
to run on CPU) to consider only the X-rays incident on the center row of the detector
plane and store the information about the detected X-ray (energy and lateral detection
location) in the imagine matrix according to the energy of the incident X-ray.

Because the MultiX ME100 only considers X-rays from 20 to 160keV and typically
sorted into 128 energy bins, only incident X-rays with energies above 20.48 keV were
considered and binned into 1.1keV energy bins. This emulating detector, although
modeled after the ME100, is a theoretical one-dimensional detector with 100% detective

quantum efficiency and perfect energy-sensitivity. Figure 16 depicts how the modified
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MC-GPU kernel detects X-rays along the center row (shown via horizontal red line) and

how it stores the X-ray information in the image matrices.

Single-Rayleigh Single-Compton Multiple-Scatter

Figure 16: MC-GPU output with modified kernel designed to emulate a one-
dimensional, energy-sensitive detector. X-rays incident upon the one-dimensional
detector array are binned into energies and displayed on the row according to energy
bin on the output images. Transmission X-ray not shown.

Energy (keV)

3.1 Experimental ADXRD/EDXRD Measurements using MultiX
ME100

An experimental XRD imaging system was used to scan samples of adipose,
water and bone. The imaging system is comprised of the following components: a
tungsten anode X-ray tube source, collimators, object stand, beam stop, a coded

aperture, and three MULTIX ME100 detectors. Figure 17 shows this experimental setup.
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Figure 17: XRD measurement syste utilizing. A) Three vertically mounted MULTIX
ME100 detectors; B) Beam Block; C) Coded Aperture; D) Scanned object; E-F)
Collimators; G) X-Ray Tube.

The MultiX ME100 detectors are placed on a horizontally translating motor.
During image acquisition, the 1-Dimensional set of detectors translates horizontally with
a total travel length of 14.78 cm; this feature, with a continuously applied X-ray source,
uses a step-and-detect method to produce a two-dimensional image with a one-
dimensional detector array. Specimens were scanned using this translational feature;
however, only the centerline data acquisition was used during data processing. This is
because MC-GPU orients the source completely perpendicular and centered to the
detector and the capability to mimic this detector motion is not yet achieved.

XRD measurements were run on the experimental XRD imaging system by
placing specimens that were approximately 1.3 cm in diameter, 28cm from the detector

along the primary beam path. The tungsten X-ray source was set at 160 kV and 11.25 mA
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applied for 3 seconds. The centerline measurement was taken and 180 pixels centered on

the origin of the pencil beam were considered for reconstruction.

3.2 Simulated ADXRD/EDXRD Measurements using Modified MC-
GPU Kernel

MC-GPU material files were created for each material to be scanned: adipose,
water and bone. The first step in this process is to define the material composition of
each object to be modeled. The compounds used in the experiment and the references to
the compound mixture weighting used to create the MC-GPU material files are found in
Table 2.

Table 2: Scanned Material Modeling and Compound Mixture References

Material Scanned Modeled Material Reference
Water Water NIST
Crisco Adipose Tissue ICRP report 110 Appendix B.2 [38]
Bone Bone Compact ICRU report 46 Appendix A [23]

Because molecular interference is considered in this work, we then measured the
momentum transfer function that would be used in Monte Carlo simulation. Momentum
transfer functions were measured using a Bruker D2 Phaser ADXRD X-ray
diffractometer. This system uses a Ni filtered Cu Kot (A=1.5406 A) ceramic sealed tube
and was used carry out the structural characterization with measurement angles
between 8.70166° to 119.039° which, correspond to momentum transfer values of 0.49

and 5.60 nm, respectively. These measurements were made at .0234 nm-! intervals.
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Figure 18 shows the Bruker D2 Phaser setup used to measure diffraction of adipose

tissue.

Figure 18: Coherent scattering measurement setup for adipose tissue on the Bruker D2
Phaser

The XRD measurements were then smoothed using a robust quadratic regression
over a 0.02 A window. The data was interpolated and the analytical approximation of
F},, for each compound was calculated for normalization, a process detailed in Section 1
of this work. The molecular interference function was calculated for each of the
materials to be modeled and was used to complete the material file creation process.
Figure 19 shows the measured, smoothed and interpolated momentum transfer function
of adipose (left) and the normalized form factor data at high momentum transfer values

(right).
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Figure 19: An example of smoothing, interpolating a measured momentum
transfer function (left) and normalizing the square root of the smoothed and
interpolated momentum transfer function of Adipose (right).

For each experimental measurement, identical experiments were recreated in
MC-GPU using a modified MultiX ME100 emulating executable file, and the

experimental measurements were compared to the simulated image acquisition:

Enengy (kev)
Enengy (keV)

Energy (k)
Energy (keV)
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Figure 20: Experimental MC-GPU comparison — Experimental MultiX ME 100
measurements (left) and MC-GPU simulated MultiX ME 100 measurements (right) for
Bone, Water, and Adipose.

39



The reconstructed images in Figure 20 are windowed and leveled to show a
consistent dynamic range which normalizes the inherent discrepancies between number
of simulated and experimentally incident X-rays.

Some similarities are noted. Both show significant intensity around the tungsten
ka edge at 59.31 keV and the tungsten k-edge at 69.52 keV. However, experimental
measurements show higher signal in almost all other energy bins, relative to the peak
intensity observed in the peak energy bin. Also, in experimental measurements, non-
transmission X-rays were removed by a physical beam block whereas transmission X-
rays are simply not displayed from the Monte Carlo simulation. This leads to the
absence of transmission signal in the experimental reconstruction across all energies
near the centerline pixels.

A reconstruction of the momentum transfer function, F?(q), for both image sets
shows alignment in relative magnitude to the peak and width along the momentum

transfer axis:
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Figure 21: Reconstruction of the momentum transfer function for Adipose, Bone and
Water based of experimentally measured XRD data and MC-GPU Monte Carlo
simulation.

The percent deviation between the simulated and experimentally measured
momentum transfer function values between 0.85 and 6 nm-! was calculated for each

tissue and is shown in Figure 22.
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Figure 22: Percent deviation between simulated and experimentally measure
momentum transfer values for MC-GPU comparison.

It should be noted that experimental measurements and simulation

measurements of momentum transfer in bone show the largest deviation in percent
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error. An assessment of the momentum transfer function measurement by the Bruker D2

Phaser, shown in Figure 23 shows a turbulent function with defined peaks and valleys.
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Figure 23: Raw Bruker D2 Phaser measurements made by an ADXRD scan of bone.

Because the MultiX ME100 energy-resolution is expected to follow Gaussian law,

it should be expected the MultiX measurement show significant signal blurring, whereas

the detector in MC-GPU is designed to have a theoretically perfect energy-resolution

and can be used to more accurately reconstruct momentum transfer function with large

variation. Regardless, comparison of experimentally measured signal with Monte Carlo

shows great alignment and demonstrates suitability for this work.

4. Maximum Signal Energy Bin Characterization

During form factor reconstruction, we have typically observed diffraction via the

energy channel with the strongest signal. A reconstruction of the form factor using only

signal from the strongest signal energy bin has been satisfactory for our work, even

when additional data via other channels is available. While it is true that a combination
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ADXRD/EDXRD measurement system allows us to measure at different momentum
transfer ranges and resolution with each energy bin, a careful consideration of the effects
of specimen placement (ODD) and Energy, along with an understanding of the lateral
pixel displacement of each pixel from the beam has historically allowed for sufficient
reconstruction of the measured form factor for classification purposes, using only the
strongest signal bin. The peak signal energy bin, for most spectrum kV settings, occur in
the detector energy bin that corresponds to one of the characteristic peaks of the anode
material.

Many of our sources are tungsten anode sources, often at energies above 100 kV.
However, we also consider the use of a lower kV molybdenum anode spectra which,
because of the increase in Rayleigh scattering and decrease in Compton scattering
probabilities at low keV, should promote more coherent scatter interactions and reduce
the effect of Compton scatter on our measurements.

The aim of the experiments in this section is to observe the effects of signal
contamination from XRD measurements on common breast tissue types as well as
cancerous breast tissue. Here we simulate XRD experiments on homogenous tissues
using a variety of source spectra. The form factor measurements are made using the
signal acquired in most prominent energy bin and the measured form factors are

compared against ground truth provided by Kidane et al [8].
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4.1 Source Spectrum

Both tungsten and molybdenum anode spectra were modeled in this section.
Tungsten anode spectra were generated using Spektr 3.0 and tungsten anode spectral
model using interpolating polynomials (TASMIP) (Boone et. Al) [39] [40]. As Spektr 3.0
does not model molybdenum anode spectra, molybdenum anode spectral model using
interpolating polynomials (MASMIP) was adapted by importing the MASMIP
coefficients presented by Boone et al. Spectrum filtration was implemented in both
approaches with Spektr 3.0, which samples tables of linear attenuation coefficients for
different materials at precise energies and applies Beer’s Law appropriately. Figure 24

shows the spectra considered in this work.
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Figure 24: Tungsten (top) and Molybdenum (bottom) spectra modeled with increasing filter thickness from left to right.
Tungsten anode spectra are filtered with 0, 0.25 and 0.5 mm of tungsten and molybdenum anode spectra are filtered with 0, 0.015
and 0.3 mm of molybdenum.



4.2 Rapid Simulation via MC-GPU Wrapper

MC-GPU simulations were run on an NVIDIA GPU cluster via Secure Shell
(SSH), which is a cryptographic network protocol for operating network services
securely. In order to run multiple experiments in rapid succession, a MATLAB wrapper
was designed to generate MC-GPU input files and utilize SSH to not only transfer the
appropriate spectra, material, voxel geometry and input files to a specified directory but
also to run a specified command line script with variable command line arguments.

The MC-GPU wrapper is used to design and create the voxelized material
phantom to be used in the MC-GPU simulation. A three-dimensional matrix in
MATLAB was used as a 3D representation of the voxelized environment to be used in
MC-GPU. The 3D matrix contains unique integers, each used to represent a material
meant to occupy that particular voxel. The three-dimensional matrix along with a user-
specified voxel size are programmatically translated into a one-dimensional voxel
geometry file, which can be read by MC-GPU.

The MATLAB wrapper prepares the MC-GPU input file to be used as a
command line argument. A random ten-digit seed, source spectral files, material files,
voxel geometry files, object dimensions and simulation parameters are amended into the
input file and copied to the GPU cluster via Secure Copy. The desired modified MC-
GPU executable is called and the output image is returned to the local computer via

Secure Copy for analysis.
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Alternatively, if more than one MC-GPU simulation is run, the MATLAB
wrapper has the functionality to send a MATLAB script to the GPU cluster. The
MATLAB script is designed to open all output data files in a remote folder, parse
through the output file and reorient each output image into the intended dimension of
the image. The output images are then converted to a sparse matrix and saved to a

single MATLAB structure array.

~
* Form Factor + Material Composition -> PENELOPE Material File
* PENELOPE Material File -> MC-GPU material file
J
R
* MATLAB 3-D Matrix to orient voxels -> 1-D Vector
* MC-GPU Material File (for material density) - > Voxel Geometry File
s
=N
* Tungsten: Spectr 3.0 (TASMIP) + Spectr 3.0 filtration
* Molybdenum: MATLAB (MASMIP) + Spectr 3.0 filtration
4
N
* Source & Detector geometries
s

Figure 25: Flow Map of Simulation Setup. All files are sent to a common folder via
SSH and the executable MC-GPU file is run with the Input File as the command line
argument.

4.3 Simulation Set Up

Homogenous phantoms of adipose, normal, fibroglandular and cancerous tissues

were modeled in this experiment. Material files were created using the material recipes
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found in ICRU 46 [23] and the molecular interference functions, s(x), were derived from
the scatter form factors presented by Kidane et al [8]. MC-GPU material files were
produced by considering energies from 1 keV to 161 keV sampled 25005 times, the
maximum number of samples allowed in MC-GPU.

For each experiment, a 10x10x1cm homogenous specimen was placed between
an ideal pencil beam source with the source oriented to the tissue’s center. A MultiX
emulating modified MC-GPU executable was called with the command line arguments
detailed in Table 3 for tungsten spectra.

Table 3: MC-GPU Tungsten Anode Simulation Command Line Arguments

Histories 1.00E+10
Seed Random 10-digit seed
Source Position Object X,Y Center
Pixels (X) 400
Energy Bins (2) 128
Image Width (cm) 20
Pixel Width (cm) .05
Pixel Height (cm) 0.155
Object to Detector Distance (from object center) 28

Because molybdenum spectra are in the 15-40 kV range, the MultiX-emulating
MC-GPU modification is not suitable for molybdenum anode simulations. The MultiX-
emulating modification discards 20.48keV X-rays incident on the detector plane. A
modified MC-GPU executable was created that retained all X-ray signal at the detector
and binned into 1.0 keV bins. Details regarding this modified MC-GPU executable can

be found in Appendix A. For molybdenum anode spectra, this modified version of MC-
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GPU was used and the executable was called with the command line arguments listed in
Table 4.

Table 4: MC-GPU Molybdenum Anode Simulation Command Line Arguments

Histories 1.00E+10
Seed Random 10-digit seed
Source Position Object X,Y Center
Pixels (X) 400
Energy Bins (Z) 40
Image Width (cm) 20
Pixel Width (cm) .05
Pixel Height (cm) 0.155
Object to Detector Distance (from object center) 10

A total of 144 tungsten anode simulations were run: 12 different kV settings, 3
filter combinations and 4 homogenous tissues were scanned. A total of 72 molybdenum
anode simulations were run: 6 different kV settings, 3 filter combinations, 4 homogenous
tissues in total.

The measured form factor was reconstructed for the strongest signal energy bin.
The form factor was run through the classification algorithm detailed in this work and

the weighted-correlation results, energy bin used, and CNR were recorded.

4.4 Results

Figure 26 details the figures of merit as a function of spectrum kV setting for

tungsten anode spectra.
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Figure 26: Homogenous tissue scans detailing cross-correlation to ground truth and
CNR for the highest-signal energy bin using tungsten anode spectra.

Figure 27 details the figures of merit as a function of spectrum kV setting for

molybdenum anode spectra.
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Figure 27: Homogenous tissue scans detailing cross-correlation to ground truth
and CNR for the highest-signal energy bin using molybdenum anode spectra.
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4.5 Discussion

The top left datasets shown in Figure 26 and Figure 27 are from a homogenous
XRD scan of adipose tissue. These results are from 36 simulations in which adipose
tissue was scanned with various tungsten anode spectra (Figure 26) and 18 simulations
in which adipose tissue was scanned with various molybdenum anode spectra. The
measured form factors were compared to the reference form factor for adipose tissue
[Kidane et al., 1999] [8] via weighted cross-correlation algorithm, and mostly showed
cross-correlation scores in excess of 0.9, with few exceptions. Additional datasets for
XRD simulations of fibroglandular, cancerous and normal breast tissues are presented in
the remaining scatter plots.

The weighted cross-correlation classification algorithm was the most consistent
across molybdenum anode spectra and showed increasing trends with increase in kV for
these spectra, unlike the tungsten anode spectra which showed little correlation between
cross-correlation score and kV. The cross-correlation measurements when compared to
the ground truth across all tissues scanned averaged .903 with a standard deviation of
0.088 for measurements made via the tungsten anode spectra, whereas the molybdenum
spectra made cross-correlation measurements against the ground truth with an average

result of 0.962 and a standard deviation of 0.028.
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The unfiltered molybdenum anode 15 kV spectrum showed the highest CNR
measurements. A reconstruction of the form factor for simulations showing the highest

CNR values are shown in Figure 28.
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Figure 28: Simulated XRD scans of homogenous tissues. High CNR outcomes were
from the 15 kV molybdenum anode spectra.

The lowest CNR measurements came from tungsten anode spectra. The 130 kV
0.5mm filtered tungsten anode spectrum showed the lowest CNR measurement of 0.68
for an XRD scan of adipose tissue; the 140 kV spectrum with .5mm tungsten filter
showed an XRD scan of fibroglandular tissue and cancerous tissues with CNR
measurements of 0.28 and 0.11, respectively; the 150 kV spectrum with .5mm tungsten
filter showed an XRD scan of normal breast tissue with a CNR measurement of 0.32.
These suggest low CNR measurements are found using high kV spectra. Figure 29

shows the momentum transfer measurements associated with low CNR measurements.
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Figure 29: Subset of momentum transfer functions reconstructed from low
CNR measurements.

XRD scans with low CNR showed relatively poor weighted-cross correlation
when compared with their constituent tissue reference form factors. Adipose,
fibroglandular and normal tissues showed weighted cross-correlation values of 0.82,
0.74 and 0.73. Although quantitatively noisy, the low CNR value extracted from the

cancer scan showed a weighted cross-correlation value of 0.92.

5. Cancer Detectability Among Spectra

In previous work, Nacouzi et al. showed favorable results when comparing XRD
measurement and subsequent classification of cancerous tissue against a pathological
indication of cancer on a 5 mm thick excised breast tissue sample following BCS
lumpectomy [22]. It should be noted that a 5 mm sample can potentially contain more
than one tissue type and that it is very possible that cancerous spindle (thin outgrowths)
invade local regions of otherwise healthy tissue that are virtually undetectable due to
their size. In this section, we explore the figures of merit of our molybdenum and
tungsten anode spectra with specimens that are non-homogenous and have varying

amounts of cancer embedded in them.
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It is expected that these experiments prove the difficulty in distinguishing cancer
from an XRD breast tissue measurement of mixed tissue with no axial resolution.
Consider the momentum transfer function of an adipose/cancer mixed tissue. The peak
position of the homogenous adipose tissue is 1.11 nm-! whereas the peak position of
cancerous tissue is 1.6 nm.

Increasing concentrations of cancerous tissue take an otherwise undisturbed
adipose form factor and broaden it into regions of higher momentum transfer as the
signals from each tissue type are aggregated. As the cancerous tissue increases in
concentration, the broadening becomes more severe; the peak location of the form factor
measurement shifts to a higher g, and the resulting form factor closely resembles the
form factor for cancer, and could very well be mistaken for fibroglandular tissue. Figure
30 shows this effect (left) and shows a comparison of a 7/9 cancer tissue scan with
tibroglandular and cancerous tissues (right) - note that the weighted cross-correlation of
this measurement compared better with reference fibroglandular tissue (0.974) than with

cancer (0.866).
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Figure 30: Reconstructed momentum transfer function from simulated XRD
measurement of adipose tissue with embedded cancer at various volumetric fractions
(Ieft). Reconstructed momentum transfer function of 7/9 cancer/adipose shown with
reference momentum transfer functions for fibroglandular and cancer tissues [Kidane
et al., 1999] [8].

5.1 Embedded Cancer Simulation Details

To simulate cancerous tissue embedded in normal breast tissue, the specimens
will be modeled in layers and cancerous tissue are placed in the middle layers of the
voxelized phantom. Figure 31 shows our voxel orientation. Here, non-cancerous tissues
of adipose, normal or fibroglandular breast tissues occupy the posterior and anterior

voxel spaces with a cancerous voxel(s) embedded in the middle.
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Figure 31: Voxel combinations used in this experiment. Red voxels are
malignant breast tissue and the anterior and posterior gold voxels shown are adipose,
normal or fibroglandular tissue.

The simulation was engineered to programmatically build each combination of
voxel and tissue type for a total of 12 different combinations of tissues to be scanned. To
accomplish this, a 1x1x9 voxelized phantom was created with voxel size dimensions of
10x10x1cm. The x and y components were made larger than the z-component to prevent
diffracted X-rays from interaction with the outer edges of the phantom before exiting the
posterior of the phantom.

The material files, spectra, voxel geometry files and command line arguments

detailed in Section 4 were used in these simulation sets.

5.2 Results

432 tungsten anode XRD simulations were run from a combination of twelve
different kV settings, three filter combinations, four tissue combinations. Three different

tissues types were simulated to be embedded with cancer. A total of 101 positive
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correlations to cancer were noted. Table 5 shows the positive findings of cancer noted in
this work from tungsten anode spectra.

216 molybdenum anode XRD simulations were run with six different kV
settings, three filter combinations, four tissue combinations and of which three different
tissues were simulated to be embedded with cancer. A total of 31 positive correlations to
cancer were noted. Table 7 shows the positive findings of cancer noted in this work from
molybdenum anode spectra.

Table 5 and Table 6 should be viewed together. Both tables, summarize the
outcomes of the cross-correlation algorithm with cancerous voxels embedded between
common breast tissue types using tungsten anode spectra. Data listed in the “Adipose”
column in Table 5 indicates that when 1 cancerous voxel exists in between eight other
adipose voxels, 0 of 36 tungsten anode spectra would classify the form factor as cancer.
However, when seven cancerous voxels exist in between two adipose voxels, 7 of the 36
tungsten anode spectra classified the diffraction pattern as cancer. The CNR observed
during these 7 simulations ranged between 0.3 and 1.3; a boxplot of the CNR from the
energy bins used to construct the data is provided for these seven spectra. When the
non-cancerous voxels were fibroglandular tissue, Table 5 indicates that more tungsten
anode spectra could positively detect cancerous cells based on cross-correlation. These
results are mirrored in Table 7 where molybdenum anode spectra positively identified

cancerous voxels.
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Table 5: Embedded cancer voxels within tissues - XRD measurements made
via tungsten anode spectra classified as cancerous tissue (True Positives).

Cancer Adipose CNR Fibro CNR Normal CNR
1/9 Cancer 0/36 7/36 | 0/36

3/9 Cancer 0/36 8/36 || o 136
5/9 Cancer 0/36 24/36 v 33 o
7/9 Cancer 7/36 30/36 o 23/36

0.5 1 15 2

Table 6: Embedded cancer voxels within tissues - XRD measurements made
via tungsten anode spectra classified as non-cancerous tissue (False Negatives).

Cancer Adipose CNR Fibro CNR Normal CNR
1/9 Cancer 36/36 ©29/36 L L 36/36
3/9 Cancer 36/36 28/36 . 35/36 o
5/9 Cancer 36/36 o, 1236 L 33/36 Ll
7/9 Cancer 29/36 . 6/36 - 13/36

Table 7: Embedded cancer voxels within tissues - XRD measurements made
via molybdenum anode spectra classified as cancerous (True Positives).

Cancer Adipose CNR Fibro CNR Normal CNR
1/9 Cancer 0/18 0/18 0/18
3/9 Cancer 0/18 4/18 1 0/18
5/9 Cancer 0/18 9/18 L A, 0/18
7/9 Cancer 0/18 13/18 : 13/18
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Table 8: Embedded cancer voxels within tissues - XRD measurements made
via molybdenum anode spectra classified as non-cancerous tissue (False Negatives).

Cancer Adipose CNR Fibro CNR Normal CNR

1/9 Cancer 18/18 | 1 18/18 vt 18/18 It e
3/9 Cancer 18/18 1 | 14/18 1 18/18 ||
5/9 Cancer 18/18 .~ 918 Ll - | 18/18 ]
7/9 Cancer 1818 .~ | 5/18 1 5/18 - N
5.3 Results

The results of this study, generally speaking, confirm some of the suggestions we
explored in Section 5.1 and illustrated in Figure 30. Cancerous lesions embedded in
tissues are more likely to be detected if they are imbedded in normal breast tissue types
with peak location at relatively high momentum transfer values, the most likely is
fibroglandular, then, normal breast tissue.

Fatty breasts generally diffract coherent scatter X-rays at lower momentum
transfer values; at a fixed energy, diffraction occurs at lower angles. It isn’t until the
breast tissue are denser and less fatty (normal breast tissue is 50% adipose and 50%
fibroglandular) that we can detect cancerous lesions with this current setup. As breasts
become denser and resemble tissue closer to fibroglandular breast tissues, a cancer
classification is more likely.

Regarding findings concerning X-ray spectra, we noted that XRD scans of

cancerous tissues were generally classified as cancer when CNR was high. Table 6 and
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Table 8 summarize XRD scans of these cancerous tissues that were not classified as
cancer. A comparison of this data against data showing the accurate prediction of cancer
(Table 5 and Table 8) shows that measurements that were likely not to be used to classify
cancer were low CNR measurements. A study of the false negative cases in which
cancerous tissue grew in adipose tissue shed light on an interesting observation that as

cancerous voxels multiplied, the CNR inherently exhibited lower values.

6. Quantitative Comparison of Tungsten and
Molybdenum Anode Spectra

Our final experiment is an interrogation of fibroglandular and cancerous tissues
for optimization of the differentiation between these two groups. We have described in
section 5 the difficulties involved in differentiation of fibroglandular and cancerous
tissue types by XRD. As such, the purpose of this simulation ensemble is to assess how
well these two tissue types may be differentiated under identical source spectrum XRD

measurements.

6.1 Fibroglandular and Cancerous Tissue Simulation and
Measures

To accomplish this task, simulations similar to those detailed in Section 4 were
used; the only exception to this simulation setup was that normal and adipose tissue
types were not included. As such, a total of 216 simulations were executed.

The form factor is reconstructed via the maximum signal energy bin and, for

each tissue type, our classification algorithm was used to classify each tissue type.
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Weighted-cross correlation values were compared and the tissues” weighted cross-
correlation values between reference fibroglandular and reference cancer form factors
were plotted. The goal is to assess which measurement conditions promote the
maximum separation between the cross-correlation of the true tissue’s form factor and

its competitor.

6.2 Results and Discussion

The cross-correlation values are shown in Figure 32 and CNR is shown in Figure

33.
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Figure 32: Cross-Correlation based on XRD scans of fibroglandular (top) and cancerous (bottom) tissues. Molybdenum spectra
(right) show more differentiation between cancer and fibroglandular tissue when fibroglandular tissue is scanned.
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The top row in Figure 32 shows homogenous scans of fibroglandular tissue. The
measured form factor of the fibroglandular scans are compared to cancerous and
fibroglandular reference form factors via the cross-correlation algorithm showing that in
all except two instances, two non-filtered tungsten anode scans, the measured form
factor classified as fibroglandular tissue. Molybdenum anode scans (right) showed
larger differentiation between cross correlation between reference cancer and reference
adipose.

The second row is similar, but this represents data from homogenous cancerous
tissue XRD scans. In all instances, it became more difficult to accurately classify cancer
because the cross correlation with reference fibroglandular tissue was almost as high as
that with reference cancerous tissue.

The final and third row depicts the CNR measured during these simulations. The
data shows a consistent trend: CNR is relatively high at low keV and drops as kV
increases. In addition, molybdenum anode spectra how higher CNR values compared to
tungsten anode spectra.

It is important to note that Figure 32 and Figure 33 maintain a consistent y-axis to
aid the reader in making an assessment about how spectrum selection affects
differentiability. Although XRD scans of cancerous tissue could be identified, the
measured form factor correlated closely with fibroglandular tissue. However, we see

differentiation between cross-correlation values of scanned fibroglandular tissue with
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both types of spectra where molybdenum anode spectra show measured form factor
cross correlations that are the most unique.

It was shown that form factor contrast is better observed through low energy
systems and that, among the spectra studied, the contrast to noise decreased as tube
potential increased with slight increases after the primary anode k-edge. With these
tigures of merit in mind, the 0.03mm molybdenum filtered molybdenum anode spectra
consistently provided the most differentiation between fibroglandular tissue and
cancerous tissue when fibroglandular tissue was scanned. The 25 and 35 kV
molybdenum anode spectra with 0.03 mm of Mo filter showed the largest separation.
When using these parameters, it is recommended to operate above the characteristic k-

edged of molybdenum to increase the CNR of the highest signal energy bin.

7. Discussion and Conclusion

In the design and application of pathological imaging systems, we have often
been asked how quickly can we make accurate measurements and how precise can they
be. Much of our desire to use polychromatic sources in the XRD imaging scanners is
motivated by the ubiquity of these source types in medical research and also the ability
to obtain large amounts of information in a single XRD measurement with
ADXRD/EDXRD combination imaging tools.

This work has investigated how well we can make XRD measurements with

commonly used polychromatic source spectra and what types of tools can be used to
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make this assessment. We have chosen MC-GPU as a Monte Carlo suite and modified it
to provide the energy-sensitive information we need meet our needs and model systems
being designed in our group.

This work made multiple measurements on hundreds of simulations; this was
only made possible through the use the X-ray transport toolkit MC-GPU which provides
a GPU framework to accelerate the simulations. Because of our reliance on a hybrid
ADXRD/EDXRD measurement system made to increase the information density
provided with each scan, our modifications to MC-GPU were warranted and compared
against experimental measurements to evaluate accuracy and efficiency of the code.

We first defined figures or merit and a classification algorithm that mirrors one
used previously in our own work. With these, we conducted 216 simulation XRD
measurements over four homogenous tissues and made classifications of these tissues,
as we would in practice. We found that most measurements were suitable enough to
make accurate classifications of tissues; however, we also observed variability in
classification metrics, especially among tungsten anode spectra measurements.

Our second batch of simulations, 648 in all, varied the extent of cancerous tissue
in a fixed tissue specimen. As cancerous tissues grew in a fixed adipose specimen, it was
difficult to provide an indication of cancer compared to tissue types that inherently were

denser and showed momentum transfer spectra in the higher-q range. Moreover, we
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noted that CNR played a factor in whether or not a given spectrum was able to show an
indication of cancer.

Finally, because differentiation between fibroglandular and cancerous tissues via
these simulated measurements was so difficult, simulations were made to observe the
classification measurements on homogenous fibroglandular and homogenous cancerous
tissues. The idea behind this experiment was to observe the effects of CNR and kV on
these measurements and to determine if CNR allowed for more differentiation between
the two measurements. No distinct correlation was identified between these figures of
merit but molybdenum spectra were observed to produce cross-correlation
measurements that were more separable when adipose tissue was scanned.

We have made a concentrated effort to pursue a combination of ADXRD/EDXDR
imaging along with different X-ray sources that provide desirable low-energy spectra.
This work identifies the quantitative advantage of using a lower energy source over the
existing radiography sources employed in our previous work. Lower tube potential
increases the probability of coherent scatter and helps to minimize noise contribution
from Compton scattering. The work also demonstrates the utility of Monte Carlo in
optimizing coherent scatter imaging systems and can be used to provide insightful
information regarding the design of coherent scatter imaging systems for material

classification in breast tissue.
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8. Improvements

This work relied heavily on a modified MC-GPU package that facilitated the
simulation of a one-dimensional energy-resolving detector for uses in XRD imaging. We
have explored X-ray diffraction onto a plane and it should be apparent that the use of a
1-dimensional detector in XRD imaging is not ideal. The sheer amount of signal lost by
reducing our detector plan into a single row is massive and would be made even worse
had we incorporated a coded aperture.

In assessing signal degradation and detectability, this work also relied on the
cross-correlation metric, which is beneficial in many applications. However, because
much of XRD imaging involves the maintenance and creation of momentum transfer
spectral libraries and hinges on accurate classification methods, the use of a machine-
learning-based classification tool that could better differentiate between the features of
cancerous and fibroglandular momentum transfer functions could be more suited than a
conventional mathematical approach.

Finally, depth resolution (in the z-dimension) was not considered in this work.
Depth resolution might not be necessary when probing small, millimeter sized samples;
however, it may be valuable in probing larger objects, particularly as we consider

prospective in vivo coherent scatter imaging.
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10. Future Work

XRD systems have the potential to be revolutionary. If realized, our pathology
XRD system has the potential to be used for ex-vivo pathology assessments that would,
in real time, give a pathologist or surgeon insight into the molecular and atomic
structures in the tissues being assessed. The current and future direction of our XRD
medical imaging is the pursuit of in vivo XRD imaging systems that could provide a
practitioner the precise location of a particular type of biological structure such as
malignant tissue. The challenges in in-vivo XRD imaging will likely center around the
thickness of the specimen to be scanned because of the competing effects of the
photoelectric effect and coherent scattering at low kV energies.

Finally, our future work will most definitely be furthered by MC-GPU
simulations of current and future XRD imaging systems. The simulations shown here
are the first step in many and will continue to help evaluate and optimize XRD cancer

imaging systems as we move forward.
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Appendix A
A.1 MC-GPU Modification: MultiX ME100 Emulating Kernel

The standard MC-GPU software is used to produce two-dimensional images simulating
a two-dimensional detector. A one-dimensional array detector simulation, used to simulate
output images similar to the MultiX ME100 image output, was made by changing line 539 of the
GPU version 1.3 kernel to
“if ((pixel_coord_z>-1)&&(pixel_coord_z<detector_data_ SHARED-
>num_pixels.y)&&(*energy > 20480) & &(pixel_coord_z ==
ceilf(detector_data_ SHARED->num_pixels.y/2)))”;
adding the following before line 545:
int energyBin = (((*energy - 20480)/1100) + 1);”;
and changing line 548 to
“(pixel_coord_x + (detector_data_SHARED->num_pixels.y -
energyBin)*(detector_data_ SHARED->num_pixels.x)) ), // Offset to the corresponding x
pixel and energy bin”.

Identical changes were made between lines 580 and 586 of the kernel file.

A.2 MC-GPU Modification: 1 keV Energy Bin One-Dimensional
Detector

MC-GPU was modified to model a one-dimensional detector with 1keV energy-resolution by

changing line 539 of the GPU version 1.3 kernel to
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“if ((pixel_coord_z>-1)&&(pixel_coord_z<detector_data_ SHARED-
>num_pixels.y)&&(pixel_coord_z == ceilf(detector_data_ SHARED-
>num_pixels.y/2)))”;

adding the following before line 545:
int energyBin = *energy /1000;”;

and changing line 548 to
“(pixel_coord_x + (detector_data_SHARED->num_pixels.y -
energyBin)*(detector_data_ SHARED->num_pixels.x)) ), // Offset to the corresponding x
pixel and energy bin”.

Identical changes were made between lines 580 and 586 of the kernel file.

A.3 MC-GPU Modification: Energy Discriminating Two-Dimensional
Detector

A separate executable MC-GPU file was designed to allow the user to simulate a two-
dimensional detector plane that allowed for upper and lower bounded energy discrimination.
The source code of MC-GPU version 1.3 kernel was changed: line 539 was changed to

“if ((pixel_coord_z>-1)&&(pixel_coord_z<detector_data_ SHARED-

>num_pixels.y)&&(*energy >=LBound)&&(*energy <= UBound))”
and an identical edit to line 583 was made. Here, LBound and UBound were changed to
the lower and upper bounds of the energy discrimination desired in unites of eV.

Simulations were compiled on NVIDIA enabled GPU with using the following shell

script:
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“nvec -g -DUSING_CUDA MC-GPU_v1.3.cu -o MC-GPU_v1.3.x -O3 -

use_fast math -L/usr/lib -1. -I/usr/local/cuda/include -
I/usr/local/cuda/samples/common/inc -I/ust/local/cuda/samples/shared/inc/ -1z --
ptxas-options=-v”

which specifies an optimization level of 3 and uses the zlib compression library [41].
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