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Abstract

Neutron stimulated emission computed tomography (NSECT) is a non-invasive,
tomographic imaging technique with the ability to locate and quantify elemental
concentration in a tissue sample. Previous studies have shown that NSECT has the
ability to differentiate between benign and malignant tissue and diagnose liver iron
overload while using a neutron beam tomographic acquisition protocol followed by
iterative image reconstruction. These studies have shown that moderate concentrations
of iron can be detected in the liver with moderate dose levels and long scan times.
However, a low-dose, reduced scan time technique to differentiate various liver diseases
has not been tested. As with other imaging modalities, the performance of NSECT in
detecting different diseases while reducing dose and scan time will depend on the
acquisition techniques and parameters that are used to scan the patients. In order to
optimize a clinical liver imaging system based on NSECT, it is important to implement
low-dose techniques and evaluate their feasibility, sensitivity, specificity and accuracy
by analyzing the generated liver images from a patient population. This research work
proposes to use Monte-Carlo simulations to optimize a clinical NSECT system for
detection, localization, quantification and classification of liver diseases. This project has
been divided into three parts; (a) implement two novel acquisition techniques for dose

reduction, (b) modify MLEM iterative image reconstruction algorithm to incorporate the
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new acquisition techniques and (c) evaluate the performance of this combined technique
on a simulated patient population.

The two dose-reduction, acquisition techniques that have been implemented are;
(i) use of a single angle scanning, multi-detector acquisition system and (ii) the neutron-
time resolved imaging (n-TRI) technique. In n-TRI, the NSECT signal has been resolved
in time by a function of the speed of the incident neutron beam and this information has
been used to locate the liver lesions in the tissue. These changes in the acquisition
system have been incorporated and used to modify MLEM iterative image
reconstruction algorithm to generate liver images. The liver images are generated from
sinograms acquired by the simulated n-TRI based NSECT scanner from a simulated
patient population.

The simulated patient population has patients of different sizes, with different
liver diseases, multiple lesions with different sizes and locations in the liver. The NSECT
images generated from this population have been used to validate the liver imaging
system developed in this project. Statistical tests such as ROC and student t-tests have
been used to evaluate this system. The overall improvement in dose and scan time as
compared to the NSECT tomographic system have been calculated to verify the
improvement in the imaging system. The patient dose was calculated by measuring the

energy deposited by the neutron beam in the liver and surrounding body tissue. The



scan time was calculated by measuring the time required by a neutron source to produce
the neutron fluence required to generate a clinically viable NSECT image.

Simulation studies indicate that this NSECT system can detect, locate, quantify
and classify liver lesions in different sized patients. The n-TRI imaging technique can
detect lesions with wet iron concentration of 0.5 mg/g or higher in liver tissue in patients
with 30 cm torso and can quantify lesions at 0.3 ns timing resolution with errors < 17.8%.
The NSECT system can localize and classify liver lesions of hemochromatosis,
hepatocellular carcinoma, fatty liver tissue and cirrhotic liver tissue based on bulk and
trace element concentrations. In a small patient with a torso major axis of 30 cm, the n-
TRI based liver imaging technique can localize 91.67% of all lesions and classify lesions
with an accuracy of 88.23%. The dose to the small patient is 0.37 mSv a reduction of
39.9% as compared to the NSECT tomographic system and scan times are comparable to
that of an abdominal MRI scan. In a bigger patient with a torso major axis of 50cm, the
n-TRI based technique can detect 75% of the lesions, while localizing 66.67% of the
lesions, the accuracy of classification is 76.47%. The effective dose equivalent delivered
to the larger patient is 1.57 mSv for a 68.8% decrease in dose as compared to a
tomographic NSECT system.

The research performed for this dissertation has two important outcomes. First, it
demonstrates that NSECT has the clinical potential for detection, localization and

classification of liver diseases in patients. Second, it provides a validation of the
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simulation of a novel low-dose liver imaging technique which can be used to guide

future development and experimental implementation of the technique.
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1. Introduction

Neutron stimulated emission computed tomography (NSECT) is a non-invasive
imaging modality. It is being developed as an elemental imaging system capable of
differentiating benign and malignant tissue [1]. An NSECT system uses spectral
information obtained from inelastic scattering reactions between neutrons and a target
atomic nucleus to identify the isotope and determine its concentration in the tissue [2].
Some studies have shown that NSECT can be used to detect and quantify liver iron
overload or hemochromatosis [3].

Here we present NSECT as a possible alternative for diagnosis of liver diseases
and investigate parameter-optimization for non-tomographic, low-dose liver imaging in

a clinical scenario.

1.1 Preview of chapters

The goal of this work is to optimize NSECT to diagnose liver diseases in patients.
Chapter 2 provides an introduction to NSECT, an overview of liver imaging and liver
diseases and describes its role in the clinical diagnosis of liver diseases.

Chapter 3 presents the working hypothesis of this study and provides
justification for choosing Monte-Carlo simulations to evaluate the hypothesis. This

chapter also justifies the use of certain elements for disease classification.



Chapter 4 presents the development of the GEANT4 simulations, analytical
equation describing NSECT and the relationship between element concentration, lesion
position, lesion size, beam width, detector position and NSECT signal. This chapter also
describes the development of the patient population used in the evaluation of the liver
imaging technique.

Chapter 5 describes the neutron-time resolved imaging (n-TRI) technique. This is
a novel acquisition technique introduced in this project. This chapter describes the
principle and proof of concept of this technique.

Chapter 6 discusses a modified MLEM algorithm to reconstruct n-TRI based
NSECT images and presents the validation of this algorithm through analysis of NSECT
images generated from the patient population described in chapter 4. The validation
process leads to the dose optimization of this liver imaging technique.

Chapter 7 describes the dose calculation technique for NSECT and compares the
dose and scan time of NSECT tomographic acquisition system with the developed n-TRI
based NSECT acquisition system.

Finally, the conclusions and important findings of this study are presented in

chapter 8, along with possible extensions for future work.



2. Background

2.1 Introduction to neutron stimulated emission computed
tomography (NSECT)

Neutron Stimulated Emission Computed Tomography or NSECT is a novel imaging
technique pioneered at Duke University. It is a non-invasive technique for quantifying
the concentration of an element in a biological tissue [2]. In NSECT, the physics of
inelastic scatter of fast neutrons with elemental nuclei are used to obtain a signature to
quantify the concentration of elements. Figure 1 shows the different steps involved in
neutron inelastic scatter interaction.

Neutron with

/Oenergy E2 (<E1)

()

‘59' _ Excited

i

‘5',1. Nucleus
\J

Inelastic
O

Collision
Neutron

with energy E1

Nucleus

Pi
\ ycharacteristic

Gamma photon

Figure 1: A schematic diagram of neutron-nuclei inelastic scatter interaction.

When a fast neutron, with energy E1, interacts inelastically with a stable nucleus, it
excites the nucleus to a higher energy level. The interacting neutron loses energy (E2,
where E2 < E1) and continues to scatter, while the excited nucleus loses energy in the
form of characteristic gamma photons and returns to its stable state. The excited state

energy determines the energy of the emitted gamma photon. The emitted gamma
photon energy is unique to a given isotope. The isotope can be identified if the
emitted gamma photon is detected.



When a fast neutron (2.5 — 10 MeV), incident on a tissue sample, undergoes
inelastic scatter with an atomic nucleus in the organ, it excites the nucleus to a higher
energy level. The excited nucleus emits characteristic gamma radiation that is unique to
the excited isotope and can be used as an identifying signature. The nuclear energy
levels and corresponding characteristic gamma energies are well tabulated by the
National Nuclear Data Center [4]. Analysis of the gamma emission spectrum of the
tissue irradiated by a fast neutron beam provides quantitative information about its
elemental composition.

Several studies have indicated that a change in concentration of trace elements
such as iron, bromine and zinc in human tissue is one of the earliest indicators of
disorders such as cancer [5-7]. Quantification of these trace elements within the tissue
can therefore be used as an early diagnostic test for the disease. NSECT has the ability to
quantify a large range of elements through inelastic scatter spectroscopy and identify
several disorders with high accuracy [8, 9]. In cancer diagnosis, the technique has the
ability to not only detect, but also to differentiate between malignant and benign tumors
based on elemental concentration differences [1]. Several previous studies have
employed neutron-nuclei inelastic scatter to quantify elements in human tissue [10-12].
However, in the past the lack of efficient neutron sources and gamma ray detectors

prevented the further development of a clinical NSECT system.



An NSECT acquisition system consists of a mono-energetic neutron source and
one or more gamma ray detectors placed around the tissue sample as shown in figure 2.
The scan time and dose delivered to the patient from NSECT are directly proportional to
the neutron flux on the patient. Previous investigations indicate that cancer detection
with sufficient accuracy and sensitivity may be possible with doses of <5 mSv for a large
tumor using tomographic acquisition (tomographic scanning takes ~ 48 hours) [9].
However, for small tumors with modest concentrations of cancer-marking elements,
accurate detection and localization of the elements will require higher neutron fluences,
accompanied by an increase in patient dose and longer scan time. Previous studies of
NSECT for liver imaging, the dose and scan times achieved and the need for NSECT are

described in the following sections.

Mono-
Energetic
Neutron
Source

Figure 2: A basic NSECT acquisition system. The mono-energetic neutron
beam source generates a fluence of neutrons that are incident on the tissue sample.
Each ‘Detector’ is a gamma-radiation detector with high energy resolution. The black
arrow represents the neutron beam path. The tissue sample shows a section of the
human abdomen with the liver represented inside the torso. (Figure of the liver
obtained from [13])
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2.1.1 Overview of NSECT for liver imaging

Previous studies have shown that NSECT has the potential to non-invasively
detect the difference between benign and malignant tissue [1], locate and quantify
various elements [14] and diagnose hepatic hemochromatosis [15]. In particular hepatic
hemochromatosis simulation studies have indicated that wet iron concentrations of 5
mg/g or higher can be detected with (a) an NSECT spectroscopic system where the iron
is distributed homogenously in liver tissue and (b) an NSECT tomographic system
where the iron is concentrated in a lesion [16]. Both of these systems can provide
sufficient accuracy of detection with radiation doses of 0.02 mSv and 0.56 mSyv,
respectively [16]. However, the major drawback with the implementation of the NSECT
tomographic system in the clinic is in the acquisition time; with presently available
neutron sources, the scan time is approximately 48 hours for each sample [16].

Apart from detecting hepatic hemochromatosis, it is important for a clinical
imaging system to be robust in its application for a variety of diseases. Therefore, it is
important to study the capability of the NSECT system to detect, diagnose and classify
different liver abnormalities while improving the sensitivity of the system to hepatic
hemochromatosis. In this next section, liver diseases, current diagnostic techniques and

the clinical potential of NSECT for liver disease imaging and detection are described.



2.2 Liver diseases

Anatomically the liver is the largest gland in the human body. It weighs about
1.2-1.5 kg and lies immediately under the right diaphragm in the abdomen [17].
Physiologically the liver helps in metabolism and hematopoiesis, detoxification of
different substances and secretion of bile [17]. Most of the liver functions are vital for
survival. However, due to its anatomy and physiology the liver is prone to many
diseases.

The most common liver diseases are hepatitis, alcohol damage, fatty liver, liver
cirrhosis, hemochromatosis, and hepatic cancer [18]. Some of these diseases manifest as
diffused hepatic disease (e.g., cirrhosis, hemochromatosis and fatty liver) while other
manifest as localized focal lesions (e.g., some forms of metastatic cancer, primary liver
cancer). Some of these diseases require simple blood tests (e.g., hepatitis) for diagnosis,
however some other diseases require advanced imaging techniques (e.g., liver cirrhosis)
and invasive biopsies.

Hepatitis is the swelling and inflammation of the liver caused by infections from
viruses (hepatitis A, B or C), bacteria or parasites, immune cells in the body attacking the
liver (auto-immune hepatitis), liver damage from alcohol or toxins and over-dose of
certain medicines. Alcohol damage often leads to either hepatitis or cirrhosis in the final

stage. Hepatitis is easily diagnosed from blood tests for enzymes and antibodies and



does not require any invasive or imaging procedures except in the rarest of rare

advanced cases where the doctors suspect liver cirrhosis.

2.2.1 Hemochromatosis, HCC, fatty liver, cirrhotic liver

Fatty liver disease is mostly a reversible condition where triglycerides
accumulate in large vacuoles in the liver cells (hepatocytes). Small quantities of fat in the
liver are considered benign (non-alcoholic fatty liver disease), however excessive
amounts of fat stored in the liver as an effect of excessive alcohol intake (alcoholic fatty
liver disease) can be life threatening. To diagnose these disorders doctors order imaging
procedures such as ultrasound (US), x-ray computed tomography (CT), magnetic
resonance imaging (MRI) or an invasive procedure such as liver biopsy. Liver biopsy
and histological analysis provide the reference standard for diagnosis of fatty liver [19].

Liver cirrhosis, which is usually the last stage of chronic liver diseases, refers to
the irreversible scarring of liver tissue leading to poor liver function. A combination of
physical examinations, blood tests, imaging procedures (US, CT or MRI), invasive
procedures, such as laproscopy and/or liver biopsy, are used to diagnose liver cirrhosis.
Biopsy is the gold standard for cirrhosis diagnosis and is used to ascertain the cause of
cirrhosis in up to 20% of patients with previous unknown cases [20].

Hemochromatosis is a condition where the liver absorbs and stores excessive
quantities of iron from the GI tract. Although it is usually a genetic disorder (primary

hemochromatosis, where hemosiderin is deposited in the liver cells and interstitial
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tissue) it can also be caused by excessive blood transfusions (secondary
hemochromatosis or hemosiderosis, where hemosiderin is deposited only in the cells).
Blood tests are used to determine the ferritin level, however a liver biopsy is presently a
definitive way to determine and quantify if patients have iron overload or
hemochromatosis.

Hepatic cancer or liver cancer can originate primarily in the liver or metastasize
from cancers in different organs in the body. Liver cancer occurs almost always in
people with a history of liver cirrhosis, alcohol damage and hepatitis [21]. The National
Cancer Institute (NCI) for primary liver cancer estimated that, in 2013, more than 23000
men and 8000 women will be diagnosed with primary liver cancer (hepatocellular
carcinoma; HCC) in the United States [22]. A combination of procedures are used to
diagnose and follow the prognosis of liver cancer: physical examinations, blood tests,
liver function tests, imaging procedures such as CT, US and MR], invasive procedures
such as laproscopy, liver biopsy or a combination of laproscopy and liver biopsy are
extensively used.

Given these facts, the diagnosis and classification of these different liver
abnormalities is an important clinical task. Also, to diagnose, classify as well as follow
the prognosis of a liver disease while reducing discomfort to the patient, it is important
to have fewer invasive procedures and more definitive non-invasive procedures. In the

next section the potential of NSECT for liver disease diagnosis is explored.



2.2.2 NSECT for liver disease diagnosis

Several studies have indicated that a change in concentration of trace elements in
human tissue is one of the earliest indicators of disease. For example, carbon
concentration varies significantly between healthy liver tissue (13.9%), cirrhotic liver
tissue (23.0%) and fatty liver tissue (18.6%) [23]. Liver hemochromatosis shows elevated
iron concentrations in the range of 2 to 20 mg/g (wet) of iron [24]. Previous studies have
shown that 5 mg/g (wet) of iron can be detected by NSECT [16]. The onset, progress and
metastasis of liver cancers are associated with variations in trace element concentrations.
Studies have shown the sudden increase or decrease of certain elements like zinc (*Zn),
copper (®*Cu) and iron (*Fe) in the liver are an indication of carcinogenesis and
progression of HCC [25]. It has been reported that the zinc concentration is about 78 + 41
ug/g (wet) in normal liver tissue and 18 + 7 pg/g (wet) in primary liver cancer tissue [25].
Ingested copper is converted in the liver to ceruloplasmin. Liver has the highest organ
concentration of cellular copper in the body. Elevated copper concentrations in liver
disease are attributed to interference with the excretion of copper in bile [25]. However,
copper cannot function as an essential nutrient for tumor cells hence people without
cirrhosis who develop HCC often have lower concentrations of copper compared to
normal liver tissue. Iron on the other hand is known to participate in the initiation and
early promotion of neoplasms (15-20 years earlier)[25]. Patients who have highest

mobilizable iron levels are most likely to develop hepatic carcinomas.
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The above discussion and other previous extensive investigations can establish
relationships between elemental variations in the liver and the various liver diseases.
Detection and quantification of these elemental variations can be used to diagnose the
different liver diseases. In the previous section it was established that, to diagnose,
characterize and stage different liver diseases, the gold standard are invasive procedures
such as biopsy and laproscopy. However, it is important to develop reliable non-
invasive diagnostic tools for liver diseases. NSECT is a non-invasive technique capable
of detecting and quantifying variations in elemental concentrations. Hence, an
investigation of the potential of NSECT to detect some of these changes in trace and bulk
elements non-invasively is the purpose of this work.

To further establish the need for a new liver imaging technique, an overview of
the current non-invasive techniques available for liver imaging is discussed in the

following section.

2.2.3 Current diagnostic technologies:

Liver imaging is common for the detection, characterization and staging of
suspected tumors (malignant), cirrhosis, steatosis (fatty liver), alcohol damage,
hemochromatosis and hepatitis [21]. Some of the clinical modalities available for liver
imaging are computed tomography (CT), ultrasonography or ultrasound (US), magnetic
resonance imaging (MRI) positron emission tomography (PET) and superconduction

quantum interference device (SQUID).
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Computed Tomography: CT uses x-rays to image the contrast in density provided

by the different tissue types. In cases where the inherent contrast is insufficient the
patient is adminstered an external contrast enhancement media (generally an iodinated
contrast media) either orally or intravenously (IV). CT has the best spatial resolution and
a single breath-hold is sufficient to study the whole liver [18]. Recent improvements in
CT scanners such as helical CT and multidetector row helical CT have improved the
performance of CT scanners in terms of speed of acquisition, resolution and ability to
image the liver during different phases of the contrast enhancement [18]. CT has high
accuracy for the detection of hepatic metastases but requires a contrast medium and 3-5
second breath holds using multidetector CT technology. Depending on the region of
interest, multiple CT images are acquired in the arterial phase and portal venous phase
of the injected contrast [21]; this leads to an increase in the dose delivered to the patient.
The accuracy of CT image is poor if the commonly used iodine-based contrast agent
cannot be used due to a patient’s history of renal insufficiency or allergies to the contrast
media [21]. For contrast enhanced CT the sensitivity and specificity for lesions >3 cm are
68% and 81%, respectively [26]. Similar to detection, optimal lesion characterization
using CT requires imaging in arterial, portal and equilibrium phases [21]. In contrast to
CT, NSECT images the intrinsic natural trace element concentration of the liver and one
image acquisition is sufficient to detect the elemental composition of the organ without

the administration of a contrast medium.
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Ultrasonography/Ultrasound: US uses high frequency sound waves to detect the

variation in echogenecity of various tissue types. US is an inexpensive and easily
available imaging technique [18]. It is an excellent screening test for liver diseases as it
does not have any side effects from radiation dose [18]. US has high sensitivity in
differentiating a cyst from solid liver lesion [18]. However, it is not as sensitive as CT or
MRI to focal, solid liver lesions [21]. Some of the limitations of US are reduced signal
penetration in large patients, lesion invisibility due to obstructing structures (ribs,
ultrasound does not penetrate bony structures), high operator dependency and low
specificity. Presence of diffuse liver disease and liver cirrhosis decreases US sensitivity
and specificity [21]. Focal fatty infiltrations or focal fatty sparings are difficult to
differentiate from other liver lesions [21]. Ultrasonography for liver cancer screening
have sensitivity of 71% (in noncirrhotic patients) and 78% (cirrhotic patients), in both
cases the specificity is 93%. Most US examinations that report suspicious lesions are
followed by CT or MRI exams [21]. NSECT has the ability to overcome these limitations
as it is capable of localizing and quantifying trace element variations between different
types of liver abnormalities.

Magnetic resonance imaging: MRI uses high magnetic fields to detect the

differences in hydrogen proton density in different tissue types. MRI presently is the
most desirable imaging test for liver lesion detection and characterization, because it

provides high contrast between liver and lesion and does not use ionizing radiation [18].
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MRI with and without contrast enhancement is used for liver imaging. Chemical shift
MRI is useful in differentiating fatty deposits from liver lesions and in characterizing
lesions that contain fat (such as HCC or adenomas). However, MRI is highly expensive,
has a long procedure time and can be claustrophobic [21]. It has lower resolution than
CT and faces signal loss due to the presence of trace elements with high susceptibility
[21]. High concentrations of high-susceptibility elements such as >Fe, *Ni, and *Co lead
to worse MRI images. In contrast, NSECT does not require any contrast agents and
susceptibility of a trace element does not affect the signal strength.

Positron emission tomography: PET imaging looks at the difference in uptake of

radioactive tracers by different organs. 18F-fluoro-2-deoxy-D-glucose (FDG)-PET
identifies malignant tissue as a high metabolic activity hot-spot in the body from the
relatively higher uptake of glucose compared to surrounding normal tissue. The main
disadvantages of PET are low resolution, poor lesion localization, limited sensitivity for
small lesions and high false-positive rates due to the presence of spurious
hypermetabolism [21]. Furthermore, PET cannot participate in lesion characterization or
staging.

SQUID: Superconduction Quantum interference device is an imaging modality
that uses a very low-power magnetic field produced by the patient with sensitive
detectors that measure the interference of iron within the field. Some of the

disadvantages of this modality are: (a) it makes an indirect measurement of the patient’s
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iron content with respect to a water reference medium (b) limited availability (c) it
cannot be used to measure all the trace elements of interest and hence can only detect
hemochromatosis and (d) is a highly expensive procedure.

Summary: The liver can have both diffuse as well as focal diseases in the form of
lesions. The goal of liver imaging is the detection and characterization of the diseased
tissue accompanied by staging if the lesion is malignant. From the above discussion it is
evident that no single currently-existing clinical modality is capable of detecting,
classifying and staging the mentioned liver diseases.

Development and implementation of a NSECT-based technique to detect (i.e.,
localize) and quantify (i.e., identify stage and characterize) different liver lesions with
acceptable dose level is described in this work. If successful, the technique can overcome

most of the limitations of the alternative modalities discussed above.
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3. Hypothesis

As discussed in the previous chapter, all current techniques for diagnosis of liver
iron overload have limitations. Patients generally go through multiple non-invasive and
invasive tests during initial diagnosis and recovery. NSECT has the potential to develop
into a clinically feasible, quantitative diagnostic imaging technique for liver diseases that
can overcome most of the limitations of the currently available techniques. However, in
order to achieve this, the NSECT imaging system needs to be optimized to make it less
cumbersome, by reducing scan time, and safer, by reducing dose to the patient.

This dissertation tests the following working hypothesis: It is possible to
optimize the NSECT acquisition system to achieve detection, localization, classification
and quantification of elements related to cirrhotic liver, fatty liver, hemochromatosis and
hepatic cell carcinoma, while reducing the scan time and dose to levels that are

permissible in the clinic.

3.1 Parameter optimization

This project aims to achieve accurate and simultaneous localization and
quantification of liver lesions while reducing scan time and dose levels in NSECT.
NSECT is a tomographic imaging technique. With the neutron sources available

presently, an NSECT tomographic scan to generate liver images take approximately 48
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hours. Both reduction in scan time and dose can be achieved by tweaking some of the
NSECT acquisition parameters.

In this work, we propose four different techniques to achieve low dose, low scan-
time, high accuracy localization and quantification of trace elements in the liver with
NSECT:

a. Use multiple detectors

b. Single angle data acquisition

c. Acquire and use neutron time resolved information to estimate lesion'

location

d. Implement an iterative algorithm to solve simultaneously for lesion location

and trace element concentration

Techniques (a) and (b) are changes made to the NSECT acquisition protocol that
lead to a direct reduction in radiation dose to the patient by reducing the required
neutron fluence. Technique (b) leads to a decrease in time required for data acquisition
and hence a reduced scan time. Technique (c) is a new method of signal acquisition as
well as signal post processing and leads to increases in signal to noise ratio (SNR) and
accuracy of liver lesion localization. Technique (c) will extract maximum information

from the acquired signal while suppressing tissue-generated background noise.

! In this document lesion and diseased liver tissue have been interchangeably used.
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Technique (d) increases the accuracy of localization while quantifying a trace element,

hence leading to accurate lesion characterization.

Apart, from introducing these changes, the effects of each of these techniques on

the accuracy, sensitivity and specificity of the NSECT images and diagnosis will be

presented.

An overview of the entire project is shown in a block diagram in figure 3.

Develop a simulation
of NSECT acquisition
system and patient
population

Acquire single angle,
multi-detector, n-TRI
based sinograms for
various elements

Generate Cij matrix
for each detector in
the acquisition system

Lesion

Detect Locate

Quantify Classify

Present

Yes Yes

Yes HCC

Absent

.

If a lesion is detected, localized and quantified
successfully; classify lesion as one of 4 diseases:
HCC, Hemochromatosis, Fatty liver or Cirrhosis

Reconstruct  images
using a  modified
MLEM technique

Examine  elemental
reconstructed images
for lesions

Figure 3: Block diagram showing the steps followed from data acquisition to
lesion classification in n-TRI based NSECT liver imaging
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3.2 Simulations

NSECT experiments are performed using a Van de Graaff accelerator at Triangle
Universities Nuclear Laboratory (TUNL) as neutron source, and various gamma
radiation detectors, such as HPGe (High-purity Germanium) detectors, LaBrs
(Lanthanum Bromide) crystals [16]. The neutron source at TUNL can generate 5 MeV
neutrons at a flux of ~1.43x10° neutrons/s at a gas cell pressure of 7.7 atm required for
NSECT experiments. In previous studies, with the available flux and the time required
to tune the source and detectors, each NSECT scan took approximately 48 hours [16].

To overcome the time required, as well as the immense cost for NSECT
experiments, this dissertation proposes to use Monte-Carlo simulations to study NSECT.
Previous studies have successfully demonstrated the advantages and efficiency of using
Monte-Carlo simulation software packages for NSECT studies [16]. The simulations
model the acquisition system and the anatomical sample and use these to investigate the
effect of the different parameters on the reconstructed images and hence the diagnosis of

liver diseases.

3.3 Elements as potential biomarkers for liver disease

NSECT is a technique that can, in a tissue sample, detect and quantify elemental
variations. While several studies have shown the relationships between different hepatic

elemental concentrations and liver diseases, no single comprehensive study has zeroed
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in on a set of elemental markers for the diseases. In this dissertation a set of elements
and concentrations were chosen after a survey of the available literature. The elements
and concentrations were chosen based on the following three factors:

a. Nuclear cross-section for inelastic interaction of the element

b. Clinically relevant concentration in mg/g above NSECT’s minimum

detectable level

c. Unique combination of trace and bulk elements for each disease of interest.

Factors (a) and (b) influence the NSECT SNR of the element. If the cross-section
of interaction of an elemental nucleus is small the element is almost transparent to fast
neutrons, hence cannot be detected with statistical significance for NSECT [27]. If the
inherent concentration of a given element is below the minimum detectable level for
NSECT, the signal obtained from the element cannot be distinguished from the noise in
the background. Factor (c) contributes to the ability of NSECT to uniquely characterize
and stage a lesion and hence the accuracy of diagnosis. The elements used for detection
of the different diseases of interest are discussed in section 4.4.

NSECT has the ability to generate quantitative, non-invasive images of the
elemental distributions in the liver with a multi-detector neutron time resolved
acquisition system, a single angle scan, followed by an iterative image reconstruction
technique, while classifying lesions into hemochromatosis, fatty liver, liver cirrhosis and

hepatocellular carcinoma.
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If successful, these simulation studies can be verified through experiments and
used to build a robust clinical NSECT liver imaging system. The following chapters

present original research work to test the underlying hypothesis.
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4. Monte -Carlo simulation design for single—angle liver
imaging

As described in chapter 2, a basic NSECT acquisition system consists of a neutron
source and gamma ray detectors. The neutron source is tuned to emit a quasi-mono-
energetic beam of fast neutrons with user-defined energy, flux and beam profile. NSECT
typically uses an energy range of 2.5 MeV to 7.5 MeV, which is sufficient to excite most
trace elements of interest for liver disease detection and characterization. A quasi-mono-
energetic neutron beam, a facility with radiation shielding and multiple gamma ray
detectors are required to implement and evaluate the proposed technique. As described
in the previous chapter, the challenges in logistics, cost and time required to conduct
NSECT experiments can be overcome by implementing and validating a Monte-Carlo
simulation of the acquisition system.

Several Monte-Carlo software toolkits such as FLUKA, EGS, Penelope, MCNP
and GEANT4 are available for simulating neutron and gamma-ray interactions with
matter [28-30]. MCNP and GEANT4 are two software packages that are used primarily
to simulate the transport and interactions of neutrons with matter. Both codes are highly
versatile and exhibit several advantages as well as limitations compared to the other.

MCNP is developed and maintained by Los Alamos National Laboratory in
USA. It has the ability to model three-dimensional, time-dependent interactions of

particle with matter. Interactions of large number of particles over a wide range of
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energies can be modeled. However, MCNP is not an open source code and the libraries
associated with the physic processes and other available tallies cannot be modified. Even
access to MCNP code is limited and controlled by Radiation Safety Information
Computational Center.

On the other hand, GEANT4 is a C++ based, high-energy physics Monte Carlo
simulation toolkit that was developed at CERN in Switzerland to simulate the
interactions between high-energy particles and matter[31, 32]. It allows the modeling of
particle sources, detectors, human anatomy and the accurate estimation of signal
obtained from each associated particle interaction, all of which are important for NSECT.
GEANT4 simulates materials by allowing the user to specify the percent contribution of
each element and isotope in the material. A variety of geometric shapes are available for
simulating the objects with which the neutrons and gammas interact. It contains libraries
for all of the physical processes required to simulate the NSECT acquisition system. A
major advantage of GEANT4 over MCNP is that the user has the option to modify the
libraries that govern the physics processes in GEANT4. It is also easily available from
CERN as a free download and is updated approximately twice each year. In previous
studies, it has been demonstrated that the GEANT4 environment is well suited for the
development and modeling of the NSECT system [33]. Hence, the GEANT4 toolkit has
been used to simulate the NSECT acquisition system and disease models of the human

liver in this work.
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4.1 GEANT4 simulation of NSECT acquisition system

In GEANT4, the primary mother volume, that contains all of the other objects, is
called the world. The world can be of any user-defined shape and size and is usually a 1-
m wide cube containing air (density=1.29 mg/cm?, 70% Nitrogen (*N) and 30% Oxygen
(1*O)). The NSECT acquisition system, including the source and detectors as well as all
subsequent anatomical models must be placed in the world. Neutron generation, their
transport, interactions with matter and the subsequent emission and transport of
particles or photons are restricted to the world volume. Any particle exiting the world is
truncated at the edge of the volume.

The NSECT acquisition system for the experiments proposed in this work
required a neutron source and three types of gamma-ray detectors. Each of these objects

is described below.

4.1.1 Neutron source

Neutron source: Two implementations of G4VPrimaryGenerator class are
available in GEANT4 to simulate a beam of particles; G4ParticleGun and
G4GeneralParticleSource. The G4GeneralParticleSource is especially suitable for medical
applications as the energy, momentum and location of the source can be controlled by

the user from the command line.
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The general particle source was set to emit 5 MeV monochromatic neutrons. 5
MeV neutron energy is sufficient to excite or stimulate the different isotopes present in a
tissue sample through neutron inelastic scatter interactions. Some of the elements of
interest present in the liver and surrounding tissue and the energies required to
stimulate these isotopes and consequent energies of emitted photons are shown in table
1. From the table it is clear that all these energy levels are <5 MeV.

Table 1: Isotopes of interest present in the liver and surrounding tissue and
their corresponding exited level and gamma energy emitted. [4]

Isotopes Elevel (keV) Ez (keV)

2C 4438.9 4438.0
N 2312.8 2312.6
Fe 846.7 846.7
Sip 1266.1 1266.1
2233.7 2233.6

“Zn 991.5 991.5

The neutron beam was modeled with a square cross-section of area 1.0 cm?,
which is typical of the experimental NSECT system implemented at Duke. Although the
beam width and cross sections can be changed easily, they were held constant through
all the experiments in this work to enable easy comparison. The beam width was set to 1
cm, which is typical of physical NSECT experiments. The field of view (FOV) was
sampled using a beam of 1 cm diameter and beam steps of 1 cm. This sampling

approach eliminated the possibility of missing a lesion between beam steps. If the beam

25



width was halved, the beam steps were doubled to ensure constant sampling. However,
an increase in beam steps increased the patient dose as well as the scan time.

In GEANT4 the generation, transport and interactions associated with each
neutron are grouped under a series called an “event”. The number of events is user-
defined and is typically between 10° and 10® events in an NSECT experiment (to match
real experimental acquisition). In previous studies to generate an image with NSECT,
the tissue sample was tomographically scanned at 8-10 angles with user-defined step
sizes for translation. These translations were simulated in GEANT4 by moving either the
neutron source or the target phantom. To generate single-angle data, as is proposed in
this project, the sample was scanned in one angle with a user-defined step size for
translation. The specific settings for the different acquisition parameters and the neutron
source for each simulation are described in the following sections along with the

description of the simulated experiments.

4.1.2 Gamma detectors

Three types of gamma ray detectors were simulated in this project:

a) Ideal detector:

The detector was modeled as a logical hollow sphere of 1-m radius that
surrounded the entire NSECT acquisition system and the tissue phantom. The ideal

detector corresponds to a 100% efficient detector with perfect timing resolution and
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position tracking. It tracks and reports the energy, position and time of arrival of every
particle (neutron, photon or any other user-specified particle) that is transported, created
or emitted in the world. The x, y, z position at which a particle or photon exited the
world was used to calculate its position on the logical spherical ideal detector. The
reported energy was the energy of the particle when it exited the world. The reported
time was the GEANT4 global time, which corresponds to the time from the generation of
a neutron event to the time at which a particle from the event exits the world. The
position on the ideal detector was reported in both Cartesian and polar coordinates. The
calculations governing the ideal detector coordinate transformations are shown in
Appendix A. This detector was used to study the relationship between NSECT signal
and various imaging parameters as will be described in section 4.3.

b) High-purity germanium (HPGe) detector

HPGe detectors are semiconductor detectors with energy resolution of ~1%][34].
In previous studies, HPGe detectors were successfully used to acquire NSECT data[2]. In
the simulations, the detectors were modeled as cylinders of 100%-pure germanium,
similar to the detectors used in the physical NSECT experiments. The density of natural
germanium at room temperature, 5.32 g/cm? was the value set in the simulations. The
composition of germanium in the detector was a mixture of the five most abundant
stable isotopes observed in naturally occurring germanium, i.e., °Ge, ?Ge, 7*Ge, "*Ge and

76Ge (Table 2) [4]. Each HPGe detector reported the total energy absorbed by the detector
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volume. The size, shape, energy-resolution and detection efficiency of the HPGe
detectors were user-defined. In general, the HPGe detectors were placed at locations
corresponding to the highest expected probability of gamma emission from the sample.
The location specifics imposed on the detectors for specific experiments are discussed
along with the description of the simulated experiments. The most attractive feature of
HPGe detectors for NSECT is their excellent energy resolution, and hence these
detectors were used to study the properties of the NSECT system.

Table 2: Composition of naturally occurring Germanium

Germanium Composition

Isotope in %
Ge 20.37
72Ge 27.31
»Ge 7.76
"Ge 36.73
75Ge 7.83
Total 100%

c) Lanthanum Bromide (LaBrs)

LaBrs detectors are scintillator detectors and their recent improvements in timing
resolution, in addition to intrinsic properties such as, high light output, excellent energy
resolution, and fast decay times make these a viable option for medical imaging
applications [35]. Preliminary studies of LaBrs crystals in neutron environments
conducted at the TUNL facility are promising. In the simulations the detectors were

modeled as cuboids (20.32 cmx10.16 cmx10.16 cm). The volume of the detector was
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simulated to represent the 4 crystal array available at TUNL. The crystal was composed
of a stable isotope of Lanthanum, ¥La and two stable isotopes of Bromine, Br and ®Br
(Table 3) and the density of the material was set to 5.06 g/cm?. Similar to the HPGe
detector locations, the LaBrs crystal locations are discussed along with the description of
the simulated experiment. The most attractive feature of LaBrs detectors for NSECT is
the high timing resolution, and hence these detectors were used to demonstrate the
feasibility of the novel neutron time-resolved imaging (n-TRI) technique. Some of the
recent research has been successful in developing LaBrs detectors with ~300ps timing
resolution and ~3.0% energy resolution [36, 37].

Table 3: Composition of Lanthanum Bromide Crystal

Isotopes Composition
in %
La 36.68
7Br 31.70
$1Br 31.62
Total 100%

The simulated acquisition system described in this section was used to acquire
simulated NSECT data or signal. This data was further analyzed to develop a technique
for liver imaging. In the next section, the NSECT signal and the different processes

influencing the signal are described.
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4.2 Analytical overview of NSECT

To develop NSECT as a technique for liver imaging capable of locating and
quantifying elemental concentrations in a sample, it is important to understand the
physics behind the technique and study the relationship between different physical
processes occurring from the point of incidence of neutrons to the detection of the signal
in the detectors. Neutron beam properties, particle attenuation and scatter in the sample,
sample properties such as density and interaction cross-section and detector properties
such as efficiency influence the detected signal strength. An in-depth understanding of
the processes and their effects on the signal as a function of lesion position and element
concentration are essential in the development of liver imaging technique.

The properties that influence the signal intensity at a detector in NSECT were
used to develop an analytical equation to estimate the expected gamma counts in a
physical detector given a lesion position and element concentration. The development of
this equation provided an overview of the different parameters that affect the NSECT
signal and helped identify the parameters that can be tweaked to improve the signal
intensity while reducing dose to the patient. The five factors that affected the signal (N )
are as follows:

a. Neutron attenuation: Neutron attenuation occurs in the tissue and this process follows
the Beer-Lambert attenuation law. The number of neutrons that reach a lesion in the

tissue is a function of initial number of neutrons (No) incident on the tissue sample,
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neutron attenuation co-efficient of the tissue (pn) and the path length of the neutron
beam in the tissue (In) [shown in figure 4 as length BC]. The value of pn is a function
of the energy of the incident neutron and the density of the sample or tissue;
calculation of pn is shown in Appendix B. The path length I. is dependent on the
lesion location in the tissue. So we have,
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Figure 4: Geometry used to develop analytical equation for NSECT. BC is the
neutron attenuation path length and CD is the average gamma attenuation path
length. O1and O: are angles subtended by the detector to the neutron beam direction.

b. Probability of inelastic scatter: For neutrons of a fixed energy and a given material, the
probability of inelastic scatter interaction per unit length is a constant. It is

conventional to express this probability in terms of the cross-section (o) per nucleus
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for inelastic scatter interactions. The cross-section has units of area and is measured
in barns (10?* cm?). When o is multiplied by the number of nuclei per unit volume,
it is converted to a macroscopic cross-section (Z) with dimensions of inverse length.
When X is multiplied by the length over which the element of interest is distributed,
we obtain a relationship between N and element concentration in the tissue as

shown below;
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where, 6.023x10% is the Avogadro number, Qtissue is the tissue density in g/cm?, C
is the concentration of the element of interest in mg/g, A is the atomic weight of
the element of interest (in grams) and 1 is the lesion length in cm.

The fraction of neutron inelastic scatter interactions that lead to an
emission of gamma energy of interest (P(E,)) can be obtained either from the
gamma energies listed on NUDAT [4] or from a GEANT4 simulation. E.g., from
the list of gamma energy levels for 5 MeV neutron-2C inelastic scattering
interactions we observe that 100% (P(E,) =1.0) of the interactions will emit 4439
keV gamma photons [4] and from previous GEANT4 studies it has been
observed that approximately 71% (P(E,) =0.71) of 5 MeV neutron->Fe inelastic
scattering interactions emit 847 keV gamma photons. From this discussion, the

probability of inelastic scatter can be expressed as shown below:
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Gamma emission profile: In the ideal case a 47 detector around the sample will detect
100% of the sample’s emitted signal. Practically, the probability of detection of the
emitted gamma rays depends on the angle at which the detectors are placed. Each
energy transition within a nucleus shows a specific known emission pattern (e.g.
electric dipole (E1), magnetic dipole (M1), magnetic quadrupole (M2), electric
quadrupole (E2), etc.) [38]. Each of these patterns shows a local maximum at an
optimum emission angle, with reducing emission at other angles. Figure 5 shows
typical dipole and quadrupole emission patterns. Each pattern is defined by a
unique equation (e.g. dipole gamma emission profile is defined by the equation,

% (1 + cos?0) and quadrupole emission profile with local maxima at 90° and 180° is

defined by the equation, | Ozng [1 —3cos26 + 4cos*8]dO). These emission patterns

and the dependence of N, on these patterns can be generalized by the following
equation:

Nyocf:;f(e)de e EQL B

A change in the angle subtended by the detector face to the lesion (01 and 0O:
shown in figure 4) changes the region of the emission profile observed by the
detector. The efficiency loss due to solid-angle geometry effects from detector-
lesion separation distance is, modeled in this step, as a function of the angle

subtended by the detector-face to the lesion (01 and 02 shown in figure 4 and
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Eq.5). An increase in this solid angle subtended by a detector increases the signal
intensity. This increase in solid angle can also be achieved by placing multiple
detectors around the sample and moving the detectors as closed to the sample as

possible.

Figure 5: Typical dipole and quadrupole emission patterns. The 1 and m are
the quantum numbers used to describe different nuclear states [38].

d. Gamma attenuation: Gamma attenuation, similar to neutron attenuation, follows the
Beer-Lambert attenuation law. The number of gamma rays reaching the detector
depends on the path length of the gamma photons in the tissue, from the point of
origin in the tissue to the detectors (1;, or CD shown in figure 4) and the gamma

attenuation co-efficient of the liver tissue (u). Let, N-obe the total number of
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gamma photons produced at the lesion, the relationship between signal before and
after gamma attenuation is shown below;

Ny o Ny el . EQL 6
Losses due to detector properties: Three detector properties influence the observed
gamma counts:

e distance of the detector from the point of gamma emission,
o efficiency of the detector crystal, and
e mass absorption co-efficient of the detector material.
The effect of detector distance from the lesion is accounted for by the solid angle
effects in Eq.5. The efficiency of a detector is a property of the individual detector
crystal and is usually specified by the manufacturer. While our simulated
detectors were created with 100% efficiency, the actual efficiency can be reduced
to any desired value after data acquisition (e.g. typical value for a HPGe detector
is 60% [34]). The mass absorption co-efficient is a property of the detector

material (e.g. for a HPGe detector

en 2 —_
(“T)Ge = 002618 /g, pge = 5.329/ 3, en = 0.139cm™?) [34]and the

number of gamma photons detected by the detector follows the Beer-Lambert
formula (14 is the length of the detector).

Ny oceMenla e EQL 7

35



These inherent detector properties are constant for a given detector or set of

detectors in an acquisition system.

Using the factors described above, an equation to estimate the gamma counts
expected from any element of interest in a particular detector can be expressed as
follows:

Ny o 2 P(Ey) - 6.023 X 1023 (py;5000 et )N o Ce ™ Hnbnthyly Htenl) f:f £(6)do ......Eq.8
Where,

N, : Expected gamma counts at E, keV, corresponds to emission from the element

of interest.

A: atomic weight of the element of interest in grams (g).

P(E,): probability of neutron inelastic scatter interactions that emit E, keV

photons.

6.023x10*%: Avogadro number.

Prissue: tissue density in I /Cmg.

0¢;: inelastic cross-section per nuclei for element of interest in barns (10 cm?).

I: lesion length in cm.

No: initial number of incident neutrons.

C: concentration of the element of interest in ""J / g-

Wy,: neutron attenuation coefficient of the tissue in cm-.

l,,: neutron attenuation path length in cm.
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K,: gamma attenuation coefficient of the tissue in cm!.

l,: gamma attenuation path length in cm.

Hen: gamma absorption coefficient of the detector material in cm.
l;: detector length in cm.

;92 ! £(8)d6: gamma angular distribution from Eq. 5.

The analytical equation of NSECT signal (Eq. 8) gives an overview of the
different parameters that affect the signal strength. From this equation it is clear that the
signal intensity can be increased by: increasing No, decreasing Np, increasing lesion size
(or volume; volume effects of lesion will be discussed in the next section), increasing the
total solid angle of the detector and decreasing 1 and improving the inherent detector
properties such as efficiency. However, in a clinical implementation of NSECT when the
lesion and sample properties are fixed and the detector efficiency is fixed, only two
parameters can be controlled; No and solid angle subtended by the detectors. Increasing
No leads to an increase in dose; the goal of this work is to reduce dose. Hence, a
technique to improve signal intensity that can be implemented in this project is to
increase the total solid angle subtended by the detectors on the sample. This technique
was implemented in the simulations by increasing the number of detectors in the
acquisition system.

In the next section a simulation study of the relationship between the different

parameters and signal are presented with a focus on using a multi-detector acquisition
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system. The intention is to understand the conditions under which the lesion position

and element concentration in the liver can be estimated from the detected NSECT signal.

4.3 Simulated samples and system evaluation

NSECT signals typically occur in low SNR conditions, with three main sources of
noise:

a. A low energy continuum generated by the Compton scattering of high
energy gamma photons

b. Discrete gamma peaks from neutron capture on abundant materials (e.g.,
peak at 2.224 MeV from 'H)

c. A peakat511 keV from pair production.

The gamma counts generated by these noise sources do not significantly affect
the signal of interest (i.e., the number of gamma counts in the peak of interest) from
elements with high concentrations, however, at low elemental concentrations such as
those found in human disorders, the strength of the signal is low and the noise becomes
a significant factor [39]. To detect slight variations in tissue elemental concentration and
detect the lower ranges of element concentrations, it is important to study the sensitivity
of the NSECT system as a function of parameters such as beam-width and lesion size,

number of detectors and their positions.
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Liver diseases manifest in one of two ways: (a) abnormal tissue diffused in
normal tissue, and (b) as focal lesions within the organ [21]. In a previous study, we
established the relationship between the NSECT signal and concentration of an element
in patients of two different sizes in case of homogenous distribution of the element in
the liver [40]. The focal lesion scenario is now addressed in this work. The following
section describes simulation experiments and results obtained from the study of the
NSECT signal from a focal diseased lesion with respect to the five following parameters:

a. Lesion position within the body

b. Element concentration in the lesion

c. Lesion size

d. Neutron beam width used in the scan
e. Detector positions around the body

These relationships were studied using simple, geometric models to facilitate
easy calculations and data interpretations. Most of the simulations used multiple
detectors in their acquisition system. The simulations, methods and results are described

in the following sections.

4.3.1 Relationship between NSECT signal, lesion pos ition and
element concentration

As discussed in eq. 8 in section 4.2, the NSECT signal changes with change in

lesion position and element concentration in the lesion. The NSECT signal changes
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exponentially as a function of the neutron and gamma attenuation path lengths (eq. 1
and eq. 6), which is determined based on the lesion position. The NSECT signal changes
linearly as a function of the elemental concentration in the lesion (eq. 2). The goal of this
project is to solve for lesion position and element concentration simultaneously, given
the number of gamma counts detected. The following simulation experiment was set up
to study the variations in gamma counts as a function of lesion position and element
concentration.

Tissue Phantom: A cube of side 15 cm (figure 6), with material composition and
attenuation properties of liver tissue (shown in table 4) was simulated in GEANT4. The
tissue phantom contained a lesion of diameter 2 cm placed at one of 7 different lesion
positions along the beam path (simulated one at a time). The lesion positions are shown
in figure 6¢c and table 5. The lesion composition was liver tissue with elevated iron
concentration. Iron was used to represent an element of interest because hepatic iron
concentrations change in both HCC and hemochromatosis as discussed in section 2.2.
Seven different iron concentrations were simulated one at a time (1, 3, 5, 8, 10, 20 and 150
mg/g). This phantom and the data acquired from this simulation have also been used in
experiments described in section 4.3.3.

Neutron source: A mono-energetic beam generated 5 MeV neutrons. The neutron

beam cross-section was a square with area 0.64 cm?.

40



Gamma detectors: Six HPGe cylinders were simulated with, 10 cm diameter, 10 cm
height, located at +45° with respect to the neutron beam (blue line, figure 6b).

Data acquisition: To investigate the effect of lesion location and iron concentration
on the signal, the following data acquisition steps were followed:

a. A lesion with fixed element concentration (at one of the 7 positions at a
time) was moved in successive steps (from position P1 to P7) along the
direction of the beam within the cube (shown in figure 6). The lesion at
position P1 was closest to the neutron source.

b. At each lesion position and concentration, the phantom was irradiated
with 10% neutrons, and a gamma spectrum was obtained in each of the six
gamma detectors.

c. The gamma counts corresponding to iron (sum of counts at 846 keV and
847 keV) for each combination of lesion position and iron concentration
were plotted for each detector to observe the variation in signal with
change in concentration and lesion position.

The results of this simulation from one of the detectors in the beam plane are

shown in figures 7, 8 and 9.
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Table 4: Composition of healthy liver tissue as defined in ICRU report 46 [23]

Elements % by mass
H 10.2
2C 13.9
UN 3.0
10 71.6

ZNa 0.2
sIp 0.3
325 0.3
5Cl 0.2
YK 0.3

Total 100%

Density 1060
kg/m?

Table 5: Simulated lesion positions; distances measured from the edge of the
phantom closest to the neutron source to the center of the lesion

Lesion Position

(cm)

P: 1.0

P: 3.0

Ps 5.0

Ps 7.5

Ps 10.0

Ps 12.0

P7 14.0
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Figure 6: Simulated model with a neutron source (Orange quadrangle), gamma
detectors (green and gray cylinders), tissue phantom of (15x15x15) cm? volume
(Yellow cube), and lesions (2 cm diameter, brown spheres). (a) An orthogonal view of
the cube model. (b) Top view of the cube model. (c) The simulated lesion positions,
shown in the beam path. The lesions were simulated one at a time in one of the 7
different locations.
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Figure 7: Plot showing the exponential relationship between the depth of the
lesion and the NSECT signal.
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Figure 8: Plot showing the linear relationship between the element
concentration in the lesion and the NSECT signal.
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Figure 9: 3-D plot showing the change in NSECT signal as a function of both
element concentration and lesion position.
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The results validated egs. 1, 2, 6 and 8; gamma counts increased exponentially
with decreases in neutron and gamma attenuation through the tissue and increased

linearly with increases in the iron concentration.

4.3.2 Relationship between NSECT signal, beam width ~ and lesion size

The goal of NSECT for liver imaging is to locate and quantify lesions within the
organ. The location of a lesion can be determined either through tomographic scanning
followed by image reconstruction or using information about the time of flight of
neutrons as will be described in chapter 5. However, the quantification of the different
elements depends on the counts obtained from the elements present in the lesion. The
counts obtained depend on the number of neutrons incident on the lesion (eq. 1), the
concentration of element present in the lesion (eq. 2) and length or size of the lesion (eq.
4). To quantify the element in the lesion, the counts must be normalized by the number
of incident neutrons and the size of the lesion. Number of incident neutrons depends on
the neutron attenuation through the tissue and the beam width. Neutron attenuation
was normalized using Beer-Lambert’s attenuation law and the neutron attenuation
coefficients corresponding to soft tissue. The beam width and rate of change of counts
with beam width at different radial distances from the beam axis was investigated in
this experiment. Similarly, the lesion size with respect to the beam width determines the

number of neutrons incident on the lesion. If the lesion is smaller than the beam width a
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portion of the neutrons miss the lesion completely. If the lesion is bigger than the beam
width some of the scattered neutrons interact in the lesion. However, in a clinical setting
unless the patient has undergone a previous screening there is no prior information
about the lesion size. Hence, to establish an accurate quantification technique, the
relationship between lesion size, beam cross-section and NSECT signal was studied
using a simple cylindrical model [41].

Now, we know that the number of inelastic scatter in a tissue sample is directly
proportional to the number of gamma counts emitted and thereby proportional to the
NSECT signal strength. In this experiment the number of inelastic gamma interactions at
different radial distances from the center of the beam in a simple tissue equivalent
sample was examined to determine the relationship between the lesion size, beam-width
and gamma counts. If a lesion was located such that the lesion center coincided with the
center of the beam, the number of inelastic scatter interactions in the lesion is a function
of radius of the lesion with respect to the size of the beam width. This experiment
determines the rate of change of signal intensity with respect to the lesion size.

Tissue Phantom: A schematic representation of the phantom is shown in figure
10a. A cylinder of radius 40 cm and length 80cm, filled with 1% iron solution was
simulated in GEANT4. Water has attenuation properties similar to that of soft tissue and

hence the phantom mimics the neutron attenuation properties of tissue.
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Neutron source: A neutron source was placed at the center of the tissue phantom
and the beam direction was set along the length of the cylinder as shown in figure 10.

Detector: No external gamma detectors were used in this model. Instead, the
entire water phantom was made sensitive and was set to report the position of every *Fe
- neutron inelastic scatter interaction in the phantom. Analyzing the number of inelastic
scatter interactions instead of the gamma counts at a detector eliminated the dependence
of NSECT signal on gamma attenuation and detector properties.

Data acquisition: To investigate the effect of change in lesion diameter and beam
cross-section, the phantom was irradiated with 3 beam widths; 0.5cmx0.5cm, 1cmx1cm
and 2cmx2cm. The beams were simulated with neutron energy of 5 MeV, circular beam
cross-sections and uniform neutron distributions. 107 neutron histories were simulated
at each beam width.

Data processing: The inelastic scatter counts obtained from each beam width were
binned to provide trends in gamma counts as a function of increasing lesion size from
0.25 cm to 40 cm. The phantom was divided into 2 cm bins from 0 to 40 cm along the
depth of the phantom. The dark strip in figure 10a shows a representative 2 cm bin
along the direction of beam incidence. At each 2 cm bin the scatter counts were further
divided into two radial bins; counts within a tube with cross-section equal to beam
width and scatter counts outside this tube. Figure 10a shows a representative tube with

diameter equal to beam width. The scatter counts in the tube were binned at every 0.25
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cm radius radial bins around the central axis of the beam (yellow circles in figure 10b).
The scatter counts outside the tube were binned at 1 cm radial bins around the central
axis of the beam (red circles in figure 10b). The trends of scatter counts vs. radial bins at
three different depths are shown in figure 11.

The results in figure 11 show that the rate of change of scatter counts depends on
the radial distance from the beam axis. The rate of change of scatter counts at radii less
than the beam width was different as compared to that at radii greater than the beam

width.

&

Beam
Neutron Width

source
Beam T
Direction l

40 cm

40 cm

80 cm 40 cm

Figure 10: Schematic diagram of the cylindrical iron solution phantom
simulated to study the relationship between NSECT signal, lesion size and beam
width. (a) The cylinder showing a representative 2 cm bin along the depth and a tube
with cross-section equal to the beam width. (b) Normal view of the region of neutron
beam incidence. The red circles represent the radial bins outside the tube and the
yellow circles represent the radial bins inside the tube. The dark circle represents the
incident beam width. The diagrams are not to scale.
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Figure 11: Plots showing the trend at different radial bins starting from 0.25 cm
to 10 cm radius from the axis of beam. Plots (a, b, ¢) correspond to trends at 2 cm, (d, e,
f) correspond to trends at 4 cm and (g, h, i) correspond to trends at 6 cm along the
phantom depth. Plots (a, d, g) correspond to trends for a 0.5x0.5 cm? beam width, (b, e,
h) correspond to 1x1 cm? and (c, £, i) correspond to 2x2cm? beam width. The vertical
dotted line in each plot corresponds to the beam width and the horizontal dotted line
corresponds to 1000 scatter counts.

From this experiment it was concluded that [41]:

a. When beam width > lesion diameter, the NSECT signal drops by a factor of
1/r2, where r is the radius of the lesion.

b. When beam width <lesion diameter, the NSECT signal increased linearly.

From the plots in figure 11 it can be observed that the trends in scatter counts
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at radial distances > beam widths have similar slopes under all observed
conditions. This slope can be attributed to a volumetric effect of elastic scatter
in a uniform water media. From the results shown in figure 11 the average
rate of increase of the slopes > beam-widths was ~ 0.014% per cm/radial bin
(Icm). This number can be used to normalize counts from lesions with
diameter > beam-width.

c. On an average ~61% of the total scatter interactions at a given depth along the
phantom occurred within the beam width, scatter count at 40 cm was
considered as 100%.

From this study we gather that apriori knowledge of the lesion size is required to

quantify the element concentration in a lesion. In a clinical implementation of NSECT no

prior information will be available, unless the patient undergoes an imaging screening

test.
When the lesion size is known the following normalizations can be used:
Condition 1: Beam-width > lesion diameter; gamma count acquired from the
b 2
lesion is multiplied by (r#, where b is the beam-width and r is the radius of the lesion.

Condition 2: Beam-width < lesion diameter; gamma count acquired is divided by

the product(number of radial bins * 0;)01)4

), where number of radial bins =r — b/z.

When there is no prior knowledge about the lesion, the lesion size becomes a

confounding factor. To overcome this, the NSECT signal from a phantom with a lesion
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of known size, at a known depth and element concentration can be compared to the
signal with the unknown lesion after normalizing for neutron attenuation, beam-width

and lesion size.

4.3.3 Relationship between NSECT signal and detecto  r position

As discussed in eqn. 5, the relationship between the acquired NSECT signal at a
detector and the detector position depends on the emission profile of the elements of
interest. However, in a clinical setting the availability of lesion position information is
limited. Due to this lack of knowledge, the detectors are generally placed symmetrically
around the patient as close as possible to the organ of interest. The detectors can be
placed at backward angles and forward angles with respect to the direction of the beam
as long as they are not in the neutron beam path (direct neutron incidence can cause
neutron damage to the detectors [33]). Previous studies have shown that the SNR in a
backward angle detector is higher than that of a forward angle detector [42]. To
efficiently acquire high SNR signal, it is important to study the effect of detector position
on the signal obtained in the detector and properly optimize the acquisition system.

The relationship between detector position and signal were established through
the following two-part experiment. In the first part, the sensitivity of a detector at a
given position was examined as a function of lesion elemental concentration. In the

second part, the potential of a multi-detector NSECT acquisition system was examined
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by attempting to locate and quantify a lesion based on the signal detected by differently
positioned detectors.

Experiment 1: The results from this experiment have been published in [43].
Signal and noise generated in an NSECT system were modeled using Poisson
distributions and the likelihood ratio of these distributions. These ratios were used to
design an optimum detector based on the signal known exactly (SKE) case for Gaussian
distributions from signal detection theory. The detector was implemented in MATLAB
and tested using ROC analysis with signal generated from a GEANT4 Monte-Carlo
simulation of a simple tissue sample. The model used is described below.

Tissue Phantom: The same cube tissue phantoms and lesions described in section
4.3.1, figure 6 and tables 4 and 5 were used in this experiment. However, the lesion
position was fixed at P1 (figure 6¢) and the iron concentrations were limited to 1, 3, 5, 8
and 10 mg/g simulated one at a time.

Neutron source: A mono-energetic beam generated 5 MeV neutrons. The neutron
beam cross-section was a square with area 0.64 cm?.

Gamma detectors: Six HPGe cylinders, 10 cm diameter, 10 cm height, located at
+45° (both backward angles) with respect to the neutron beam (figure 6b) were
simulated. Detectors D2 and Ds were in the plane of the neutron beam (figure 6a).

Detectors D1, Ds, Ds and Ds were offset by + 20 cm from the plane of the beam (figure 6a).
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Data acquisition: To investigate the effect of detector position on the signal, the
following data acquisition steps were followed:

a. 20 sets of simulation runs were executed for each concentration of >Fe with

2x107 neutrons per set.

b. From the 20 gamma spectra, the gamma counts corresponding to iron (847

keV) were extracted separately for each detector (D1-Ds).

c. The counts obtained for combinations of detector and concentration were

averaged over the 20 sets and are shown in table 6.

d. .The average counts from background noise, i.e., the counts in the Compton
scatter continuum at the energy bins corresponding to the iron peak (at 846
and 847 keV) were obtained by irradiating the 15 cm cube with no iron in the
sample (using the same 20-set acquisition procedure).

Optimum detector design: Both signal (i.e., gamma counts from iron peak) and
noise (i.e., gamma counts from the Compton scattering continuum) were modeled as
Poisson distributions that are typical of photon-counting systems. From signal detection
theory, we know that for Gaussian distributed signal and noise, the SKE (signal know
exactly) case can be used to design an optimum detector using the likelihood ratio[44].
Thus, an optimum detector using the SKE case for Poisson distributed signal and noise

was designed as shown below:
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Where,

x: number of gamma photons detected by the detector at the peak of interest
s: number of gamma photons corresponding to inelastic scatter of neutrons by
the nuclei of interest

n: number of gamma photons corresponding to noise in the peak of interest
ux: mean gamma count detected at peak of interest

Hx= psn under the alternative hypothesis Hi and

px= pn under the null hypothesis Ho

p(x! Hi) and p(x| Ho) were the probability of x given the alternative and null
hypotheses, respectively.

A(x): the likelihood ratio, which projects multidimensional data into one

dimension and thresholds it.
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This optimum detector was implemented in MATLAB®. The data corresponding
to different iron concentrations from each of the six HPGe detectors shown in figure 6a
were used to test the designed optimum detector. The likelihood ratio obtained from
this design was used to perform an ROC analysis for lesion detectability from signal
obtained at a detector. The ROC curves were compared using the area under the curve
(AUC). AUC of > 0.5 signifies that signal from iron was detected above the background
from Compton scattering; greater the AUC, greater the SNR. (Note: the threshold was
set at 0.5 as this was the first time such a technique was implemented with NSECT, and
hence benchmarking threshold data were not available). The obtained average gamma
counts, ROC curves and AUC results are shown in table 6, figure 12 and table 7
respectively.

Table 6: Mean + standard deviation of the gamma counts obtained at each

HPGe detector
Iron Conc D1 D2 D3 D4 D5 D6
in mg/g
0.0 99.619.4  125.849.6  97.0+5.2 98.2+7.3  118.0¢9.8  97.449.8
(Noise)
1.0 99.8+12.4 135.8+#11.1 105.8+10.1 110.2+7.8  128.6+10 97.2+7.9
3.0 108.649.1 137.4+10.1 98.149.2  109.1+8.9 137.6+13.2 111.945.6
5.0 113.449.2 144.4+13.2 113.8+#10.1 121.0+10.7 145.4+8.7 122.0+12.1

8.0 130.2+6.46 160.0£12.2 128.8+12 121.2+10.7 162.6+12.6 128.8+11.2
10.0 143.0¢6.4 167.8£12.2 139.6x12 130.6+10.7 165.2+12.6 143.4+11.2
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Figure 12: Plots showing ROC curves for different lesion iron concentrations.
The 6 lines in each plot correspond to the 6 HPGe detectors in the NSECT acquisition
system shown in figure 6a. Plots a-e correspond to 1.0, 3.0, 5.0, 8.0 and 10.0 mg/g of
iron respectively.

Table 7: AUC of ROC curves

Iron Conc D1 D2 D3 D4 D5 D6
in mg/g
1.0 0.4699 0.7208 0.7179 0.8019 0.6997 0.3747
3.0 0.6755 0.7522 0.5527 0.7832 0.8112 0.7877
5.0 0.7777 0.8595 0.8749 0.9077 0.9181 0.8279
8.0 0.9275 0.9271 0.9392 0.9293 0.9425 0.8976

10.0 0.9387 0.9392 0.9450 0.9420 0.9425 0.8975

From the results in figure 12a and table 7, observe that detectors D1 and D6 have
AUC <0.5; these detectors were not in the plane of the neutron beam or the lesion.
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However, detectors D3 and D4 despite being off plane show AUC > 0.5. This difference
is due to statistical differences in photon counting. From figure 12b and table 7 observe
that all the other curves have AUC> 0.5 and hence the signal is detectable above the
background noise. In figure 12b the ROC curve from detector D3 has the lowest AUC.
Also, from figure 12a and b, it can be concluded that the AUC from detectors closest to
the lesion are greater than the AUC from the detectors farther away from the lesion. This
is due to larger gamma attenuation path lengths through the tissue. The lesion is closer
to detectors D2 and D5 and the signal detected in these detectors are attenuated and
scattered less than the signal detected by detectors DI, D3, D4 and Dé.

From figure 12 we also observe that there is a significant increase in AUC with an
increase in element concentration. The AUC values are shown in table 7. From visual
inspection of the ROC curves plotted in figures 12 (b-e) we can conclude that all six
detectors can detect iron (°Fe) concentrations in the range of 3 to 10 mg/g above the
background noise. Also, from the results of the AUC test, shown in table 7, we observe
that four of the six detectors are capable of detecting 1 mg/g of *Fe above the
background noise. From the discussion in Eq. 2 and Eq. 5 we know that the signal
strength increases linearly with increase in element concentration and the solid angle
subtended by the detector. From table 7 we see that for all detectors, the AUC increases
with increasing iron concentration with the exception of the highlighted AUC values.

(E.g., the values obtained in detectors D3 and D4 for 3 mg/g) in table 7. AUC > 0.5
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suggests that a signal from iron was detected above the background noise. From table 7
we see that with the exception of the values underlined (values obtained in detectors DI
and D6 for 1 mg/g) all other detectors showed AUC > 0.5.

Another, pattern that is evident from this experiment in table 6 is the relationship
between detector position and gamma counts. Detectors D2 and D5, the detectors
positioned closest to the lesion, have higher average counts as compared to the average
counts in detectors D1, D3, D4 and D6, for each iron concentration. These results
indicate that the detectors placed closest to the lesion acquire high signal and noise.
When noise reduction techniques such as neutron time resolved imaging (described in
chapter 5.), and background subtraction [45] are implemented, the SNR of the
acquisition system increases.

Experiment 2: To utilize NSECT for the diagnosis and staging of disease, it is
important to reduce the dose delivered to the patient to the lowest reasonably achievable
limit (in accordance with the ALARA principle). Traditionally, image reconstruction is
required for simultaneously localizing and quantifying an abnormality such as a lesion
or calcification. Although several reconstruction algorithms such as MLEM and OSEM
allow image reconstruction using undersampled acquisition, they still require scanning
at approximately 8- 10 angles over the field of view [3]. The goal of this project is to
simultaneously determine the position of the lesion and quantify the element

concentration in the lesion. From the previous simulation experiment it was observed
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that each detector in the NSECT acquisition system detected signal as a function of
detector position with respect to lesion position. Therefore, placing a set of detectors at
optimal locations around the lesion should show a specific ratio of gamma counts
between the different detectors that is related to the position of the lesion. By measuring
the ratio of signal between the different detectors, it should be possible to determine the
location of the lesion.

In this project the observed change in signal in each detector was used to localize
and quantify the lesion, while irradiating the phantom to acquire data from a single
projection. This experiment demonstrates the principle of the technique through Monte-
Carlo simulation and is the first step towards the development of an iterative approach
to localize and quantify a lesion through a single-angle, multi-detector acquisition to
reduce radiation dose and scan time.

Tissue Phantom: The same cube tissue phantom and lesions described in section
4.3.1, figure 6 and tables 4 and 5 were used in this simulation. The entire data set
obtained from the combination of 7 lesion positions and 7 iron concentrations simulated
one at a time was used in this experiment.

Neutron source: A mono-energetic beam generated 5 MeV neutrons. The neutron
beam cross-section was a square with area 0.64 cm?.

Gamma detectors: Six HPGe cylinders, 10 cm diameter, 10 cm height, located at

+45° with respect to the neutron beam (blue line, figure 6b) were simulated.

59



‘Known’ or look-up data acquisition: The data acquired in the simulation described
in section 4.3.1 was used in this experiment as a known dataset. The gamma counts
corresponding to iron were extracted from each of the 49 simulations (7 lesion positions
*7 iron concentrations) for each detector in the simulation. These were plotted as surface
plots with position, concentration, and gamma counts on the x, y and z axes,
respectively for each detector. The surface plot corresponding to one of the detectors is
shown in figure 13. This constituted the known data set on which the unknown data set
was mapped.

‘Unknown’ or test data acquisition: A randomly chosen iron concentration and
lesion position in the beam was simulated to acquire a test data point. In this particular
experiment, the randomly selected test lesion had an iron concentration of 13 mg/g and
was positioned at a depth of 3.7 cm from the phantom edge closest to the neutron source
(Note: both parameters were unknown prior to the data acquisition). This simulation
was also irradiated with 10® neutrons, and the gamma counts from the iron peak were
extracted. A graphical method was used to localize and quantify this lesion as described
below.

Graphical method of obtaining lesion position and iron concentration: Five key factors
affected the obtained gamma-counts as discussed in eq. 8; neutron attenuation,
probability of inelastic scatter, gamma attenuation, distance of the detector from the

lesion and detector efficiency.
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Using these factors, an analytical equation similar to eq. 8 can be setup to
estimate the expected counts for each detector in the acquisition system. These equations
corresponding to the multiple detectors can then be solved simultaneously using an
iterative technique to yield a unique solution that represents the best estimate of location
and concentration. In this experiment the unique solution or an estimate of the solution
was obtained through a graphical approach as follows.

Step 1: A surface plot of concentration vs. lesion position vs. gamma signal was
generated for each detector in the acquisition geometry. (as described in “’known” or
look-up data acquisition).

Step 2: The gamma counts from the unknown lesion measurement obtained at
each detector was mapped onto the surface plot of the corresponding detector to obtain
a contour line. Each contour line provided a set of iron concentrations and positions that
fit the detected gamma signal from each detector. A representative contour line on a
surface plot is shown as a yellow dashed line in figure 13.

Step 3: Contour lines from each of the six detectors for the unknown gamma
count (counts + standard deviation) were used to generate a two-dimensional plot of
lesion position vs. iron concentration for each detector. Hence, a total of 6 sets of contour
lines corresponding to the six detectors in the simulation were obtained, as shown in

figure 14.
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Step 4: The number of overlaps of the contour lines at a given region on the plot
represented the relative probability of detection of the unknown test lesion. The region
of maximum overlap of the contour lines for all detectors corresponded to the best

simultaneous estimate of the lesion position and iron concentration in the phantom.

Surface plot of a gamma detector

Gamma counts

Iron concentration in mg/g

Figure 13: Surface plot of known data points from a HPGe detector. The x-axis
is the lesion position and y-axis is the lesion iron concentration in mg/g. The z-axis
shows the gamma counts. The yellow dashed line is a representation of the mapping
of the unknown test lesion data on the known surface plot of a HPGe detector.

Figure 14 shows several regions of overlap between the contour lines for
different detectors. A MATLAB function was written to count the number of overlaps
and determine the region with maximum overlap (this region is shown by the black
circle in figure 14). The output of this function was processed to form a relative

probability distribution map shown in figure 15.
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Contour Lines

Lesion position

Iron concentration in mglg

Figure 14: The two-dimensional plot showing six sets of contour lines
corresponding to the six detectors in the NSECT acquisition system for all known
combinations of lesion position (P1 to P7, shown in figure 6c) and iron concentration
(Img/g to 150 mg/g), The x-axis is iron concentration in mg/g and the y-axis is lesion
position. The line color represents the gamma counts (heights with respect to the x-y
plane). The MATLAB function contour(x,y,z,v) was used to plot the contour lines at
the data values specified in vector v. 'v' here represents the range: Gamma-counts of
test-lesion + standard deviation. The black circle shows the region of maximum
overlap corresponding to the best estimate of the position and concentration of the
unknown test lesion.

The probability map in figure 15 indicated that the highest probabilistic estimate
of the lesion position and concentration (indicated by the brightest pixel) was 3 cm and
13 mg/g, respectively. The true values for this lesion were 3.7 cm and 13 mg/g,
respectively. Hence, the iron concentration was estimated with 100% accuracy and the
lesion position showed an error of 18.9%. These results show that a multi-detector
NSECT acquisition system acquiring data from a single projection is capable of
estimating the lesion position and element concentration by simultaneously solving
equations corresponding to each detector in the system. This technique is the basis for

63



the development of the low-dose liver imaging NSECT system. The MLEM algorithm
was modified to reconstruct data obtained from a multi-detector NSECT system. This
algorithm was validated on a simulated patient population. The details of the patient

population are described in the next section.
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Figure 15: A map showing a probabilistic estimate of the location and
concentration of the test lesion. The x-axis represents iron concentration in mg/g and
the y-axis is the lesion position. The corresponding pixel intensities represent the
relative probability of the lesion being present at that position and concentration.
White represents probability of 1and black represents probability of 0.

4.4 Patient population samples

In the previous section, a simple cube model (shown in figure 6) was developed
and used to study the relationship between the parameters affecting the signal strength
and the NSECT signal. However, to develop a liver imaging technique based on NSECT

we require an anatomical phantom. In this section the simulations used to develop and
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test the technique are described. To validate the imaging technique a patient population
was simulated with the liver diseases of interest as will be described in the next few

sections.

4.4.1 Anatomical model

To develop the liver imaging technique, an anatomical model of a section of the
human abdominal cavity with the liver and spine was simulated in GEANT4. Figure 16
shows the model. The details of this model are as follows:

Abdominal section: Two torso sizes were simulated to validate the imaging
technique across patients of different sizes. The smaller patient had a 30-cm torso major
axis. Figure 16a shows the top view of this model. The torso was modeled as an elliptical
tube (yellow oval in figure 16a) with dimensions matching the size of an average adult
human. The larger patient had a 50-cm torso major axis. In both patients, the height of
the abdominal section (transverse section) was maintained at 30 cm to provide sufficient
tissue volume to obtain an accurate estimate of the scatter noise generated in the
abdominal cavity. The material composition of the torso was set to soft tissue as
described in the ICRU report 46 and shown in table 8. This composition exhibits neutron
and gamma attenuation coefficients similar to the human tissue and mimics the signal
losses and noise effects generated by the human body. This transverse section of the

torso also contained the spine and the liver.
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Liver: The liver was modeled as a Boolean combination of multiple solid
structures to approximate the anatomical shape and size of an average adult human
liver with a volume of approximately 1.5 It. The liver volume was kept constant to
restrict the effects on the signal from change in organ size. The shape and volume were
determined from CT scan images of the human liver. The detailed structure of the
simulated liver can be seen in figure 17. The human liver is present in the right upper
quadrant of the abdominal cavity. Hence the simulated liver was placed at the right side
of the abdominal section as shown in figure 16a and c. The material composition of the
healthy liver tissue used in this simulation is shown in table 4 [23].

Spine: The spine was simulated with radius of 2 cm and height of 30 cm (identical
to the torso’s transverse section) and was positioned close to one edge of the minor axis
(solid white circle shown in figure 16a). The material was set to elemental composition

of bone as defined in ICRU report 46 [23] and shown in table 9.

Figure 16: (a) View of the transverse plane of the simulated liver (pink)
positioned in a section of the human abdominal cavity (yellow margins), also shown
is the spine (white tube). (b) Sagittal view and (c) coronal view of the liver and spine

in a section of the abdominal cavity.
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Figure 17: A Boolean combination of the solid structures a, b and c are used to
simulate the complex liver structure. The Boolean equation used is c+a-b.

Table 8: Composition of soft tissue as defined in ICRU report 46 [23]

Elements % by mass
H 10.1
2C 11.1
4N 2.6
10 76.2
Total 100%
Density 1000
kg/m3

Table 9: Composition of bone as defined in ICRU report 46 [23]

Elements % by mass
H 3.4
2C 15.5
UN 4.2
10 43.5

ZNa 0.1

%#Mg 0.2
3P 10.3

325 0.3
“Ca 22.5
Total 100%
Density 1920

kg/m?3
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The anatomical model was the basis for the patient population that was
developed to validate the liver imaging technique. Liver diseases, as discussed
previously, manifest as both diffused disease tissue in normal liver tissue and focal
lesions in liver tissue. In this study liver diseases were modeled as focal lesions of
diseased tissue embedded in healthy liver tissue. The 4 diseases of interest in this project
have been discussed in detail in section 2.2.1. The diseases were modeled in GEANT4 as

described below.

4.4.2 Liver iron overload

Liver iron overload or Hemochromatosis is the accumulation of high concentration of
iron in the liver. The clinically significant concentration of iron in a diseased liver is from
2 to 20 mg/g [46]. Some of the significant conclusions from previous studies with regard
to detection of liver iron load through NSECT are:

a. 10 mg/g of iron in a 3 cm lesion can be detected when the lesion is
embedded in a liver with diffused iron overload of 5 mg/g [3]

b. 5mg/g of iron in a 3 cm lesion can be detected when the lesion is
embedded in a healthy liver [3].

c. The sensitivity of the NSECT system for detection of liver iron overload
that is homogenously distributed in the liver, in adult patients, is

between 0.5 to 2 mg/g [40].
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d. Iron concentrations of Img/g in a 2 cm lesion embedded in a healthy
liver can be detected with sufficient statistical significance [43].

In this study a moderate concentration of 5 mg/g of iron was chosen to represent
liver iron overload. This concentration is above the sensitivity limit of the NSECT system
[40] and can be directly compared with the data available from NSECT tomographic
reconstruction in [3]. The composition of liver iron overload is shown in table 4.10 and
was modeled based on the iron overload composition described in [3].

Table 10: Composition of liver iron overload with 5 mg/g of iron in the liver

tissue
Elements % by mass
H 10.2
12C 13.9
1N 3.0
160 71.1
2Na 0.2
31p 0.3
325 0.3
35C1 0.2
MK 0.3
5Fe 0.5
Total 100%

Density (kg/m?) 1060

4.4.3 Fatty liver tissue

Fatty liver disease or Steatosis is the accumulation of triglycerides in the vacuoles
of hepatocytes. Clinically fatty liver tissue can occur as homogenously distributed fat

globules, focal depositions and focal sparings [19]. In this study, lesions with the
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composition of fatty liver tissue as described in ICRU report 46 [23] were used to model
this disease. Table 11 shows the composition of fatty liver tissue. The aim of this study is
to detect fatty liver tissue embedded in healthy liver tissue by detecting the change in

carbon concentration between the two tissue types.

Table 11: Composition of fatty liver tissue as defined in ICRU report 46 [23]

Elements % by mass
H 10.3
2C 18.6
UN 2.8
10 67.1

ZNa 0.2
sIp 0.2
325 0.3
3Cl 0.2
YK 0.3

Total 100%

Density 1050
kg/m3

4.4.4 Cirrhotic liver tissue

Liver cirrhosis is generally the final stage of most liver diseases. Liver cirrhosis is
an irreversible condition of formation of scar tissue. Due to the gross morphology of
cirrhotic tissue, in many cases lesions occurring due to liver cirrhosis are misdiagnosed
as liver cancer [47]. In this study, lesions with the composition of cirrhotic liver tissue as
described in ICRU report 46 were used to model this disease. Table 12 shows the
composition of cirrhotic liver tissue. The aim of this study is to detect cirrhotic liver

tissue embedded in healthy liver tissue by detecting the change in carbon concentration
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between the two tissue types. It is also important to differentiate between cirrhotic and
fatty liver tissue.

Table 12: Composition of cirrhotic liver tissue as defined in ICRU report 46

[23]
Elements % by mass
H 10.4
2C 23.0
N 24
1°0 63.0
»Na 0.2
3ip 0.3
28 0.2
3Cl 0.2
YK 0.3
Total 100%
Density 1050
kg/m?

4.4.5 Hepatocellular carcinoma (HCC)

Liver cancer or primary hepatocellular carcinoma is a form of cancer that affects the
liver. Tumors can range in size from occupying entire liver lobes to being restricted to
small focal lesions. In this study, lesions with HCC tissue were embedded in healthy
liver tissue. The composition of HCC tissue shown in table 13 was derived from various
literature sources and kept constant throughout the study as a first step to validate and

test the imaging technique [24, 25, 48, 49].
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Table 13: Composition of HCC as derived from various sources [24,25,48,49]'

Elements % by mass
H 10.2
2C 13.9
UN 3.0
10 69.827

ZNa 0.2
sIp 0.16
5Fe 0.4
#47Zn 0.025
6Cu 0.048
325 0.3
3Cl 0.2
YK 0.3
Total 100%
Density 1060
kg/m3

4.4.6 Patient population

Using the development of the anatomical model and disease tissue composition,

a patient population was designed to provide a large dataset to test and validate the

liver imaging technique. The anatomical details of the patient population are shown in

table 14. Figure 18 shows the top views of the simulations and the simulated lesion

positions. Figure 19 shows the NSECT acquisition system used to generate the signal

and is described below:

! The phosphorous in the HCC composition represents the concentration in renal cell carcinoma (RCC) and
is used as a signature of liver cancer metastasis [ref: 25].
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Neutron source: The neutron source was a 5 MeV mono-energetic source with 1x1
cm? cross section. This source was translated in steps of 1 cm to scan the desired FOV.

Gamma ray detectors: From section 4.3.3 we know that the signal changes with
change in detector position. The detectors in the plane of the beam are more sensitive to
the signal as compared to detectors in the off beam plane axis; assuming the lesions are
present in the beam plane. Hence all the detectors used in this study were in the plane of
the beam. The detectors were discs of air which were positioned as place holders for
gamma-ray detectors and had the properties of the ideal detector as described in section
4.1.2. The ideal detector discs were used to reduce the computation time required to
generate the patient population. These ideal detectors reported the energy and time of
arrival of each gamma photon passing through them. The signals or gamma counts from
these detectors were used to generate images. In a second step, the signals from these
detectors can be degraded to represent signal from various physical detectors such as
HPGe, or LaBrs detectors, as required. Figure 19 shows the detector positions as

simulated for the two patient sizes.
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Figure 18: Top view of lesion positions in patients 1-6. Table 14 shows the
lesion compositions. The colors of the lesion indicate the order (red, green and blue)
in which they appear in table 14.

The lesion positions were not changed between the two patient sizes as reflected
in table 14. Figure 19 shows the comparison of size and detector positions between the

smaller and larger simulated patients.
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Figure 19: Comparison of the 2 patient sizes simulated in the patient
population. (a) and (b) show the transverse and coronal views of the smaller patient
(30 cm torso major axis). (c) and (d) show the transverse and coronal views of the
larger patient (50 cm torso major axis). Also, shown are the positions of the 7 detectors
around the patients.
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Table 14: Shows the different cases simulated to generate a patient population. In the table, HCC = Hepatocellular
Carcinoma, HCh = Hemochromatosis, Cirrhosis = Cirrhotic liver tissue, Fatty = Fatty liver tissue. Patients 7 and 14 are healthy
adults with no lesions in the liver. The different tissue compositions are shown in tables 10, 11, 12 and 13.

Patient Torso  # of Red lesion properties Green lesion properties Blue lesion properties

# Major lesions Radius Disease Position = Radius Disease Position Radius Disease Position
axis (cm) (xy,z)(cm)  (cm) (xy,z)(cm)  (cm) (xy,z)(cm)
(cm)

1 30 1 1 HCh (-6, 4, 8) - - - - - -

2 30 2 1 Cirrhosis (-6, 4, 8) 0.5 HCh (-4,2,8) - - -

3 30 3 1 Cirrhosis (-6, 4, 8) 0.5 HCh (-4,2,8) 0.75 Fatty  (2,35,8)

4 30 3 0.25  Cirrhosis (0, 4, 8) 1 HCC (-4,2,8) 0.75 Fatty (2,6,8)

5 30 1 1 HCC 0,4, 8) - - - - - -

6 30 2 1 Fatty 0,7,8) 1 HCC 4,3,8) - - -

7 30 - - None - - - - - - -

8 50 1 1 HCh (-6,4,8) - - - - - -

9 50 2 1 Cirrhosis (-6, 4, 8) 0.5 HCh (-4,2,8) - - -

10 50 3 1 Cirrhosis (-6, 4, 8) 0.5 HCh (-4,2,8) 0.75 Fatty  (2,35,8)

11 50 3 0.25  Cirrhosis (0, 4, 8) 1 HCC (-4,2,8) 0.75 Fatty (2,6,8)

12 50 1 1 HCC 0,4, 8) - - - - - -

13 50 2 1 Fatty 0,7,8) 1 HCC 4,3,8) - - -

14 50 - - None - - - - - - -




5. Neutron time resolved imaging

In chapter 4, an overview of the physical processes and parameters that affect the
NSECT signal were presented. The main challenges of NSECT are its inherent low-SNR,
high dose to the patient from neutrons and long scan times. To overcome these
challenges, a novel method of imaging called neutron time resolved imaging (n-TRI)
was proposed. In this technique the detected gamma photons are time tagged as a
function of the velocity of the transmitted neutrons. This information is used to
determine the depth at which the gamma emission originated; this information can be
used to estimate lesion location. In this chapter, n-TRI technique is described and
investigated to counteract the challenges of NSECT while retaining the quantitative

information provided by NSECT.

5.1 Theoretical foundation of n-TRI

Previous NSECT studies have demonstrated that tomographic scanning with
NSECT followed by image reconstruction can successfully localize lesions while
quantifying elements in the liver [3]. With n-TRI imaging lesion localization and element
quantification can be achieved with a single projection scan, resulting in reduced patient
dose, decreased scan time and increased signal-to-noise ratio as will be demonstrated

through Monte-Carlo simulations.
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N-TRI exploits the advances in neutron source and gamma detector technology
to improve the overall performance of the NSECT imaging system by resolving the
gamma energy spectra according to the time of detection.

Time-of-flight is the time taken for a particle or photon to travel a known
distance. If the time-of-flight is known, the distance traveled can be calculated and this
gives an estimate of the point of origin of the particle or photon. The resolution of time-
of-flight determines the spatial resolution. Particle time-of-flight imaging is a well-
known image optimization technique used extensively in different medical imaging
modalities such as PET [50]. The limitations in time-of-flight imaging arise from the time
resolution of the detectors used, the associated rise time and the frequency of source
pulsing that is practically possible in some cases.

Acquiring n-TRI information requires gamma ray detectors that can be pulsed
synchronously with a pulsed neutron source. Compact table-top pulsed neutron sources
such as DD and DT generators are available commercially, and can generate neutrons
with energies between ~2.5 to ~14.1 MeV [51, 52]. Similarly, there are gamma detectors
that can provide time resolution of 2 to 3 ns (examples: LaBr crystals (2 ns) and BGO
crystals (3 ns) [36]. These components can be used to develop an n-TRI scanner with
spatial resolution of approximately 6-10 cm, which is sufficient for large non-biological
applications (e.g., cargo scanning). For biological imaging where higher spatial

resolution is needed, the detectors must provide better timing resolution (0.3 to 0.5 ns,
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corresponding to 1-2 cm resolution). Gamma detectors such as LSO crystals (225 ps) and
LaBr3 (260 ps), which are used in time-of-flight PET imaging [36], may be well suited for
n-TRI applications. These detectors can be used in cascade with HPGe detectors or other
anticipated gamma ray detector technology to provide the required timing and energy
resolution to build a high spatial resolution n-TRI imager.

Principles of n-TRI: To generate n-TRI images, the detectors in the NSECT
acquisition system report the detected gamma energy as well as the time of detection.
The gamma counts obtained at the energy of interest, detected in each detector
corresponding to each beam position, are plotted as a function of time of detection. This
generates a map with time of detection on the x-axis and beam positions on the y-axis.
The pixel intensities on the map correspond to the gamma peak heights. This map
provides estimates of the location of the lesions and the approximate shape and size of
the sample being scanned. The n-TRI technique has the following advantages:

a. Provides an estimate of the lesion location with a single angle scan.

b. Real-time improvement in SNR.

c. Radiation dose reduction.

d. Reduced scan time.

e. The generated images can be used with a reconstruction algorithm to
obtain quantitative images of the different trace elements in the lesion

(described in chapter 6).
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These advantages will be discussed in detail in section 5.2.

From basic physics we know that the inelastic scattering of a neutron with an
elemental nucleus in a tissue and the subsequent emission of a gamma ray is anear
instantaneous process that requires only a few nanoseconds. The transport and detection
of gamma rays over the distance of tissue samples requires only a few picoseconds as
gamma rays travel at the speed of light. Depending on the energy of the incident
neutron (5 MeV) the velocity of the neutron can be calculated as shown below:

Mass of a neutron m,, = 1.674 X 10~ ?’kg

Energy of neutron E;,, = 5.0 MeV

We know that,

Kinetic Energy KE = E, = %mnvz, where v is the velocity of the neutron in m/s.

_ _ |2En _ 7
=> v = /mn~3.09><10 TS i Eq. 16

From eq. 16 we calculate, time required for a 5 MeV neutron to travel a distance of

lcm is ~ 0.32 ns

From these calculations, we can expect the detection of gamma rays in NSECT to
occur within a few nanoseconds from the time of neutron creation. By analyzing the
gamma emission spectra obtained in a suitable nanosecond range the distance traveled
by the gamma photon from the point of emission can be calculated. The point of
emission will give an estimate of the depth at which the trace element is located in the

tissue.
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5.2 Advantages and limitations of n-TRI

Some of the advantages and limitations of n-TRI based NSECT liver imaging are
discussed below:

Spatial localization with single projection data: n-TRI gives the depth information
along a beam path. If a lesion is present in the beam path a single neutron beam incident
on the lesion can give us the lesion location. This eliminates the need for a 180° scan
around the patient. The location of the lesion can be calculated from n-TRI images by
scanning the tissue with translations in one direction and no rotation of the neutron
source or the target. This eliminates the need for multiple-angle scanning and saves time
on rotations and translations. However, a limiting factor in this case is the low
sensitivity of the NSECT system to low concentrations of trace elements present at
increasing depths. As described in sections 4.2 and 4.3, the signal from a lesion decreases
linearly with decrease in element concentration and decreases exponentially with
increase in depth (eq. 1 and 2). This limitation in sensitivity can however be overcome if
there is prior knowledge of the lesion location (e.g., from anatomical images from other
clinical imaging modalities such as CT or MRI). The NSECT acquisition parameters can
be adjusted such that the lesion or region of interest is illuminated sufficiently with a
change in neutron beam direction and the detectors are close enough to the lesion to

acquire a high SNR signal.
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Spatial resolution: The spatial resolution of n-TRI images depends on the beam
width on the y-axis and the detector’s time resolution on the x-axis. By decreasing the
beam width and increasing the time sensitivity of the detectors, the spatial resolution
can be increased. This provides flexibility and the option of controlling the spatial
resolution. However, this also means that the spatial resolution cannot be better than the
resolution provided by the combination of beam width and inherent detector time
efficiency. In the case of the low-resolution n-TRI images, they still provide some
information about the location of the element of interest. The low-resolution images can
be used as a basis for iterative image reconstruction (described in chapter 6) as either an
initial guess to an algorithm to achieve faster convergence or to generate apriori matrices
for reconstruction techniques such as MLEM [53].

Real-time improvement in SNR: The main sources of background noise in NSECT
signal are the gamma peaks from neutron capture, 511 keV from pair production and
Compton scattering of high energy gamma rays to produce low-energy gamma rays.
The peaks from neutron capture are specific to given elements and have been
extensively tabulated [54], and are easily identifiable in the output gamma spectra; e.g.,
2.2 MeV gamma peak from neutron capture by 'H. The low-energy photons generated
from Compton scattering in the tissue are harder to identify and isolate from the signal
of interest. Previously, when processing NSECT images various background subtraction

techniques have been used to estimate and eliminate these background counts[45]. In
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the case of n-TRI imaging the desired signal from neutron inelastic scatter is detected in
the nanosecond range, the noise from neutron capture and consequent Compton scatter
is detected in the micro- or milli-second range. The detection of this noise signal can be
eliminated by cleverly pulsing the source and detectors. Turning on the source and
detectors for a predetermined nanosecond window corresponding to the time range for
inelastic scatter interactions and turning off the system for a few microseconds
corresponding to the time range for background noise generation will help reject the
background noise and acquire high SNR signals for the duration the detectors are on.

Dose reduction: This is a direct consequence of imaging without tomography and
elimination of multi-angle scans.

Reduced scan time: This is another direct advantage of non-tomographic imaging.
Rotating and translating either the patient or the gantry housing the acquisition system
requires considerable time. Long scans also cause discomfort to the patient and can lead

to motion artifacts.

5.3 Practical potential of n-TRI for liver imaging

To test this technique a GEANT4 simulation was used to generate data from
different detector types and tissue samples. The data obtained from the simulations
were processed using MATLAB to generate images. The following section describes the

simulation and steps used to generate the images.
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NSECT Acquisition system: A Monte-Carlo simulation of an ideal NSECT system
was developed in GEANT4 as described in section 4.1. The system had a mono-energetic
neutron source that generated a 5 MeV neutron beam with a cross section of 1 cm?. The
detector used was the ideal detector described in section 4.1.2 [55].

Tissue Sample: The tissue sample was the model of the abdominal section with the
liver and spine described in section 4.4.1 and shown in figure 16. The top view of the
phantom is shown in figure 20. Five hemochromatotic lesions were embedded at
different positions in the liver as shown in figure 20. The elemental composition of the
materials in the torso, liver and spine were set to adipose tissue (table 14), adult healthy
liver tissue (table 4) and adult skeleton cortical bone tissue (table 9), respectively, as
described in ICRU report 46 [23]. The adipose tissue simulated visceral fat and had
higher concentration of carbon compared to healthy liver tissue and bone. Similarly the
three tissues had varying nitrogen concentrations. Using the n-TRI technique, these
differences in element concentrations were expected to be visible as variations in pixel
intensity in the n-TRI images. The material compositions of the lesions were set to liver
tissue with varying concentrations of iron to represent hemochromatotic tissue as
described in the legend in figure 20. The iron concentrations simulated in the lesions in
this experiment were selected to cover a large range above the previously determined

sensitivity; i.e., from 3.0 mg/g to 50 mg/g of iron. This range was chosen to demonstrate
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that the n-TRI technique can detect variations in concentration as the goal is to

accurately quantifying the elements’ concentrations in the tissue.

I : 2 cm, 4 mglg
[T 2 cm. 10 moig /’\
2 cm, 50 mglg e N

=4—] 1 cm, 3 mglg / ' N\

Figure 20: A cross-section of the tissue phantom modeled in GEANT4. The
ellipse is the 30 cm torso containing adipose tissue; the irregular structure in the torso
is the liver. The large white circle in the torso is the spine containing cortical skeletal

bone. The 5 lesions are visible in the liver. The diameters of the lesions in cm and
iron concentrations in mg/g are shown in the legend. Lesions 4 (3 mg/g *Fe) and 5 (5
mg/g *°Fe) are 1 cm in diameter, lesions 1 (4 mg/g *Fe), 2 (10 mg/g *Fe) and 3 (50 mg/g
56Fe) are 2 cm in diameter. The horizontal red arrow is the direction of the neutron
beam and the vertical blue arrow represents the direction of beam translation.
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Table 14: Composition of adipose tissue as defined in ICRU report 46 [23]

Elements % by mass
H 11.2
2C 51.7
UN 1.3
10 35.5

ZNa 0.1
25 0.1
3Cl 0.1
Total 100%
Density 970
kg/m?

Data acquisition: The tissue sample shown in figure 20 was scanned axially with
18 neutron beam positions. In figure 20, the direction of beam translation is represented
by the blue vertical arrow, and the direction of neutron incidence is represented by the
red horizontal arrow. The beam was translated in steps of 1 cm, and the beam cross-
sectional area was 1.0x1.0 cm?. At each beam position, the tissue sample was illuminated
with 1.5x107 neutrons. In previous non-time resolved acquisition NSECT was able to
detect > 2.0 mg/g of iron in the liver with 2x107 neutrons; it was anticipated that fewer
neutrons would be needed to examine the potential of n-TRI due to its better sensitivity
[55]. Therefore, 1.5x107 was selected as the starting point. The gamma photons emitted
as a consequence of neutron-tissue interactions were detected by the ideal detector,
which recorded both the energy and the time of arrival of each gamma photon. An
example of a gamma energy spectrum obtained at the ideal detector without the timing

information is shown in figure 21. In the spectrum, gamma energy peaks corresponding
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to different elements in the tissue and its surroundings can be identified. Gamma spectra
were generated for each of the 18 beam positions and were post processed to generate n-

TRI images as described below.

Gamma Energy Spectrum
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Figure 21: Gamma energy spectrum obtained from the ideal detector showing
gamma lines corresponding to elements in the sample. The red arrow marks the >Fe
line. The other highlighted lines correspond to 'H from neutron capture (2.224 MeV),

12C (4.439 MeV) and “N (2.312 MeV) from inelastic scatter, a 511 keV line from pair
production, and some other lines from inelastic scatter of neutrons with other
elements in the tissue.

Data processing and visualization: The following steps were used to generate n-TRI
images from NSECT data:
a. The gamma energy peak of interest (such as >Fe line shown in figure 21),

recorded by the ideal detector, was obtained for each beam position.
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b. The time of arrival of gamma counts in each peak as recorded by the ideal
detector were sorted into different time bins (2 ns, 0.5 ns, 0.3 ns and 0.1
ns). The time bins were chosen to represent the time resolutions
achievable in commercially available detectors as mentioned in section
5.1.

c. The time-resolved distributions were plotted as pixel intensity for each
beam position to generate n-TRI images.

The resulting images were similar to B-mode ultrasound images with time-
resolved depth along the x-axis and beam position along the y-axis. Hence the spatial
resolution or pixel size was limited by the detector’s time resolution on the x-axis and
the beam width on the y-axis. The pixel intensity was the number of detected gamma
photons at each pixel.

From these n-TRI images and basic neutron kinematics (eq. 16), the depth of
lesions, boundaries of different tissue types and relative concentration of the element of
interest across the illuminated tissue slice can be estimated.

As described in section 5.2, most of the gamma counts that contribute to the
background noise which in this case were the gamma counts recorded as a consequence
of Compton scattering of higher energy gamma photons within the tissue were
generated in the millisecond and microsecond ranges. The gamma counts with arrival

times (at the ideal detector) in the millisecond and microsecond ranges were discarded.
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This process eliminated the counts from background noise and lead to a real time
improvement in SNR. The n-TRI images were then corrected for neutron attenuation by
assuming uniform neutron attenuation in the entire tissue sample (an effect of the
similar hydrogen content in different tissues in the sample). The neutron attenuation
correction was applied for each beam path using the attenuation coefficient of water[56].
The attenuation-corrected images are shown in figure 25. The images are thresholded if
necessary to visualize features in a specific region of interest. The images before and
after thresholding are shown in figure 22 and 24.

Figures 22, 23 and 24 show the resulting n-TRI images corresponding to Carbon
(12C), Nitrogen (*N) and Iron (*°Fe) generated using 0.1 ns detector time resolution. The
0.1 ns bin represents the best-case scenario modeled in this study (i.e., a spatial
resolution of 3.125 mm). Figure 25 shows the n-TRI images corresponding to 0.1, 0.3, 0.5
and 2 ns. The 0.3 ns (9.375 mm), 0.5 ns (15.625 mm) and 2 ns (62.5 mm) time bins
represent the results that are possible with present commercially available gamma ray

detectors.
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Time resolved C12 image Time resolved C12 image after attenuation correction

Number of translations, each unit is equal to 1 cm
Number of translations, each unit is equal to 1cm
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Time in ns (each bin is 0.1 ns) Time in ns (each bin is 0.1 ns)

Figure 22: n-TRI 2C images with 0.1 ns timing resolution before (a) and after
(b) attenuation correction. Each pixel corresponds to 0.1 ns in the x-axis and 1 cm in
the y-axis. The pixel intensities correspond to the number of 4.4 MeV photons

detected by the ideal detector within a given time window. The differences in the 2C
concentration between adipose tissue, liver tissue and bone are clearly visible as
variations in pixel intensity in the images. The high pixel intensity in the images

correspond to adipose tissue in the torso has a higher concentration of 2C compared

to bone and liver tissue.

Figures 22 (a and b) show the 2C n-TRI images obtained before and after neutron
attenuation correction, respectively. The gamma counts are binned into 0.1 ns bins with
a spatial resolution of 0.3125 cm. In figure 22(a) the pixel intensities gradually decrease
as we go from left to right in the image. This effect is corrected by applying neutron
attenuation correction as seen in figure 22(b). In Figure 22(b) the pixel intensities change
with concentration and density of 2C in the tissue, relatively free of the depth of the
feature within the object. Table 15 shows the comparison of pixel intensity to 2C

concentration in the different features. The gamma counts in an arbitrarily fixed number
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of pixels! in each tissue type are calculated over multiple regions of interest (ROI) within
the tissue type and an average gamma count value is calculated. The ratios in table 15

are calculated as follows:

12C Concentration yiyery* Tissue density iver) Gamma countsiver)
True = _ - - , Measured =
12C Concentration * Tissue density Gamma counts

|[Measured — True|
Percent Error = * 100
True

Table 15: Comparison of pixel intensity in the n-TRI images and carbon
concentration in the tissue

Tissue 2C Tissue Gamma Ratio
Type Concentration density counts True Measured  Error
(% by mass) (kg/m?) (%)
Liver 13.9 1071 17810.33 - - -
Bone 15.5 1920 41160.00 0.50 0.43 13.50
Adipose 51.7 970 56738.33 0.30 0.31 5.74

1 The number of pixels depends on the number of pixels that can be counted in the tissue with the
smallest area. In the case of figure 22(b) the number of pixels over which the signal from the spine is
distributed limited the number of pixels in each ROL. In this case 9 pixels are used in each ROL
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Time resolved N14 (1635 keV) image after attenuation correction Time resolved N14 (2312 keV) image after attenuation correction

| 2
4
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Time in ns (each bin is 0.1 ns) Time in ns (each bin is 0.1 ns)

Number of translations, each unit is equal to 1cm
Number of translations, each unit is equal to 1cm

Figure 23: n-TRI neutron attenuation corrected N images. Each pixel
corresponds to 0.1 ns in the x-axis and 1 cm in the y-axis. (a) “N image from 1635 keV
gamma energy peaks and (b) is “N image from 2312 keV gamma energy peaks. From
these images it is evident that bone has the highest concentration of “N followed by
liver tissue and adipose tissue. The noisy background around the torso is due to the

presence of “N in the air around the torso.

Figure 23 (a and b) show the neutron attenuation corrected n-TRI images
corresponding to N in the phantom. “N has two prominent gamma lines from inelastic
scatter of 5 MeV neutrons: 2312 keV and 1635 keV. Figure 23 (a and b) show the images
generated from gamma counts registered in the 1635 keV and 2312 keV energy bins,
respectively. In the figures it is evident that the concentration of N is higher in the liver
tissue compared to adipose tissue present in the torso. However, the spine has the
highest concentration of N in the phantom. Table 16 shows the comparison of the pixel
intensity to N concentration for the features observed in the image. The ratios in table
16 are calculated similar to the 2C calculations, however instead of liver the ratios are

calculated with respect to adipose tissue, which has the lowest concentration of “N.
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Table 16: Comparison of pixel intensity in the n-TRI images and nitrogen
concentration in the tissue

Tissue N Conc o  Gamma Counts Ratio
Type  (%by (kg/m® Figure Figure | True Measured Error% Measured Error%
mass) 23(a) 23(b) (54a) (54a) (54b) (5.4b)

Liver 3.0 1071 1473.50 2284.77| 0.39 0.36 8.67 0.36 7.06
Bone 4.2 1920 3906.50 5494.90| 0.16 0.14 13.54 0.15 3.01
Adipose 1.3 970 528.19 833.43 | - - - - -

Figures 24a and 24b show the n-TRI images corresponding to *Fe in the phantom
(847 keV bin). As expected, there is no iron present in the torso, liver or in the spine. The
iron deposits in each lesion exhibit different pixel intensities due to their different iron
concentrations. Figure 24(a) shows the n-TRI image of *Fe without neutron attenuation
correction. The 5 lesions are visible and their locations can be verified with the simulated
lesion positions shown in figure 20. Figure 24(b) shows the n-TRI iron image after
attenuation correction. The lesions closer to the left of the image have low pixel
intensities and are visible only after applying a threshold (figure 24(c)). Figure 24(d)
shows the 5 lesions i.e., the regions of iron accumulation in the liver, superimposed on
the 2C image (from figure 22(b)) to visualize the position of the lesions with respect to
the liver. Table 17 shows the comparison of iron concentrations and measured pixel
intensities. In table 17, lesions with equal diameters have been compared to eliminate the
dependence of quantification accuracy on the ratio of beam width to lesion size
(discussed in section 4.3). The gamma counts are calculated from the image after

neutron attenuation correction. The gamma counts are sum of counts (> full width half
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max, FWHM) from the beam positions incident on the lesion. The ratios are calculated
with respect to the lesions with highest concentration (5 mg/g for 1 cm diameter lesions

and 50 mg/g for 2 cm diameter lesions).

a Time res chved F58 imags [ o QoS imags sher sttenustion comection

ach unil i equal to 1om
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Figure 24: n-TRI >Fe images (847 keV bin). In the x-axis each unit is 0.1 ns and
in the y-axis each unit is 1 cm. (a) Fe image from gamma counts at 847 keV before
neutron attenuation correction. (b) Fe image after neutron attenuation correction.

These intensities are more accurate representations of the actual iron concentrations
in the lesions. (c) An image generated by thresholding figure 24b to visualize the
lesions with low iron concentrations. (d) Locations of the 5 lesions (shown using a red
colormap) superimposed on the 2C image (in gray scale). The five lesions are visible
and marked with the iron concentrations in mg/g.
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Table 17: Comparison of pixel intensity in the n-TRI images and iron
concentration in the tissue

Lesion 56Fe Gamma Ratio
Diameter Concentration counts True  Measured Error (%)
(cm) (mg/g)

1.0 3.0 65.01 0.06 0.645 7.50
1.0 5.0 100.79 - - -

2.0 4.0 400.56 0.08 0.081 0.95
2.0 10.0 1007.10 0.20 0.203 1.53
2.0 50.0 4959.80 - -

Effect of timing resolution on lesion size: The images in figure 25 are generated by
binning the gamma counts in 4 different timing bins 0.1 ns, 0.3 ns, 0.5 ns and 2 ns and
show the difference in image quality and resolution. The 0.1 ns and 0.3 ns binning
(figure 25 (a, b, e, {, i, j, m, n)) shows no noticeable difference to the output if the lesions
are 1 cm diameter or more. If the lesions are smaller than 1 cm in diameter the 0.1 ns
binning will estimate the lesion location better than the 0.3 ns binning as 0.32 ns is the
time taken by the neutrons to travel a distance of ~1 cm. From the n-TRI images with 0.5
ns binning (Figure 25 (¢, g, k, 0)) the different tissue types can be distinguished similar to
0.1 ns and 0.3 ns binning, however the size of the lesions < 1.5 cm in diameter are
overestimated and the boundaries between different tissue types are blurred in the x-
axis. Finally, in the n-TRI images corresponding to 2 ns (Figure 25 (d, h, i, p)) the tissue
boundaries are lost and the lesions and the different tissue regions are indistinguishable.
However, the n-TRI images with poorer spatial resolution can be used as the basis for

iterative image reconstruction. Table 18 shows the quantitative comparison of the 4
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different timing bins. In most cases the error increases with increase in timing bin, which
is expected. However, in 2 cases out of 3 for bone the errors for 0.3 and 0.5 ns are less
than those for 0.1 ns; since bone is a dense tissue there may be insufficient counts to
uniformly fill each of the short time bins in the 0.1 ns case.

0.3 ns is a practically viable timing resolution that can be achieved using a LaBrs
based detection system and the largest error corresponding to this time binning is 17.8%
for carbon in adipose tissue (table 18). These results are highly encouraging and
demonstrate the potential of the technique in simultaneously determining lesion

position and concentration without tomographic acquisition.
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Figure 25: n-TRI images with 4 different timing bins (0.1 ns, 0.3 ns, 0.5 ns and
2ns). Figures (a)-(d) are 2C images, (e)-(h) are “N images generated from 1635 keV
peaks, (i)-(1) are “N images generated from 2312 keV peaks and (m)-(p) are *Fe
images. (a), (e), (i) and (m) are figures 22(b), 23(a), 23(b) and 24(a) reprinted for
continuity. In each figure, each unit is 1 cm on the y-axis and the time binning
corresponding to each column are shown below the arrows. In these figures the
change in spatial resolution with change in time binning is clearly evident.
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Table 18: Comparison of percent error across the 4 timing bins used to generate
n-TRI images shown in figure 25. The values represented by ‘-’ correspond to the
tissue used as the value against which the other errors are calculated. The values
represented by ‘x” correspond to values that cannot be accurately calculated as the

features (lesions) are not visually separable.

Error (%)

Element - Tissue 0.Ins 03ns 05ns 2ns
2C - Adipose 5.7 17.8 289 412
12C - Liver - - - -
12C — Bone 13.5 2.1 079 351
1N (1635 keV) - Adipose - - - -
N (1635 keV) — Liver 8.6 11.1 183  23.0
N (1635 keV) - Bone 13.5 1.78 294 1482
4N (2312 keV) - Adipose - - - -
1N (2312 keV) — Liver 7.0 12.9 261 470
4N (2312 keV) — Bone 3.0 11.8 18.0 138.8
5Fe Lesion 1 (4 mg/g) 0.9 0.05 2.4 x
5Fe Lesion 2 (10mg/g) 1.5 13.2 2.3 x
Fe Lesion 3 (50 mg/g) - - - -
Fe Lesion 4 (3 mg/g) 7.5 0.3 17.6 x
Fe Lesion 5 (5 mg/g) - - - x

Additional simulation studies: Apart from the n-TRI images obtained from the ideal
detector setup, two conditions found in an experimental or clinical setup are simulated:

Neutron beam spread: Generally, quasi-monoenergetic neutron sources such as the
Van-de-Graaff accelerator used in NSECT studies in our group exhibit a small albeit
finite standard deviation in the beam energy profile. This energy distribution could lead
to blurring of the tissue boundaries and subsequently worsen the resolution of the image

teatures in the n-TRI technique. To study the impact of a poly-energetic neutron beam
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on the n-TRI technique, a neutron beam with Gaussian energy spread (N(p,0?) = N(5
MeV, 0.25 MeV)) is simulated. The n-TRI images obtained with 0.3 ns bins for the
Gaussian beam are shown in figure 26. As expected, blurring of the tissue boundaries
were observed; the spread was due to the small changes in neutron energy that translate
to a spread in the gamma detection times at the detectors. Certain correction techniques
such as deconvolution can be applied to overcome this blurring, however the discussion

of these techniques is beyond the scope of this dissertation.

n-TOF C12 image after attenuation correction
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Figure 26: n-TRI images generated using a quasi-monoenergetic neutron beam.
In the x-axis each unit is 0.3 ns and in the y-axis each unit is 1 cm. (a) *C n-TRI images
after neutron attenuation correction. (b, ¢) N n-TRI images after neutron attenuation
correction. (d) 5¢Fe n-TRI image, the five lesions are visible clearly, with the highest
pixel intensity corresponding to the lesion with 50 mg/g of iron. However, the lesion
boundaries are slightly blurred. These images can be compared to figures 25 (b, f, j
and n) respectively.
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Gamma ray detectors: Different types of gamma detectors were simulated and
placed around the tissue sample to study the impact of realistic detectors on the n-TRI
signal and images. In this experiment the acquisition system is modeled as a 5 MeV
mono-energetic neutron source with 13 HPGe detectors’ surrounding the tissue as
shown in figure 27. The detectors are 10 cm diameter and 10 cm height cylinders of high-
purity Germanium (HPGe) and their arrangement around the torso was optimized to
cover maximum area around the tissue while avoiding detector damage from the
neutron fluence. The detectors reported the time of incidence and photon energy of each
incident gamma photon. The beam is translated in five discrete steps through the
phantom, with 1.5x10” neutrons per step. In this scenario, the signal in each detector
depends on the angular position of the detector, the distance of the phantom (and lesion)
from the detector and the concentration of the element present in the phantom. The
signals from each detector are processed (using the methodology described for the ideal

detector case) to generate n-TRI images. The images are shown in figure 28.

2 In the multi-detector model, 5 detectors were placed on top of the torso section (figure 27), this
arrangement of detectors is impractical in a clinical setup. The detector positions were fixed on top of the
model to avoid moving the detectors with every translation of the beam. The detectors in a clinical setup
will be placed around the torso as required.
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Figure 27: (a) Sagittal view of the multi detector model with 13 HPGe
detectors. The detectors were placed around the torso as follows: 4 backward angle
detectors (B1, B2, B3, B4), 4 forward angle detectors (F1, F2, F3, F4) and 5 detectors on
the top (T1, T2, T3, T4, T5). The results corresponding to the detectors marked with
black dots are shown in figure 28.

Figure 27: (b) Top view of the lesion positions. The neutron beam was
translated perpendicular to the spine (Anterior-Posterior transmission) in 5 steps of
1cm each to generate a transverse plane view of the liver and lesions. The numbers

labeling each lesion indicate the concentration of Fe in mg/g. The white arrow
represents the beam direction.
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Figure 28: n-TRI *Fe image superimposed on the n-TRI ?C image of signal
from the detectors shown in figure 27. (a) signal from detector B2 (dotted detector on
the right, cyan), (b) from detector F1(dotted detector on the top, green) and (c) from
detector T1 (dotted detector on the left, magenta). The gray colorbar represents the 12C
image pixel intensity. The red colorbar corresponds to 5°Fe image pixel intensities.
The neutron beam enters from the left side of the image. Each unit on the y-axis is 1-
cm.

In figure 28 all images showed the highest iron pixel intensity (red colorbar) at
the center corresponding to the lesion with the highest iron concentration (200 mg/g,
figure 27(b)) and the lowest pixel intensity for the lesion farthest away from the detector.

In figure 27 (a) the image from the backward angle detector (dotted detector on the right
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in figure 27 (a), cyan) has lowest pixel intensity from the lesion with 100 mg/g of 5°Fe
(figure 27 (b)), as the detector is closest to the lesion with 50 mg/g of *Fe (figure 27 (b)).
Similarly, in figure 28 (c), generated from signal in a forward angle detector (dotted
detector on the left in figure 27 (a), magenta), the lowest pixel intensity corresponds to
the farthest lesion from the detector, i.e., lesion with 50 mg/g of Fe (figure 27 (b)).
Figure 28 (b) represents an image from one of the detectors placed on top of the
phantom ((dotted detector in the center in figure 27 (a), green); in this case all three
lesions are represented well in the image. These images from the three different
detectors can be combined to accurately localize and quantify the elements present in a
tissue sample. The counts from iron visible around the torso in figure 28 are from inter-
detector scatter and scatter through the tissue. From these images it can be concluded
that clinically significant images can be generated by combining images from multiple
elements and multiple detectors.

In the next chapter we explore a technique to combine n-TRI images from
multiple detectors using the Maximum Likelihood Expectation Maximization (MLEM)

algorithm.
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6 N-TRI image reconstruction

In the previous chapter, from the results of the multi-detector NSECT system we
saw that the signal from each detector around the patient was a function of three
parameters: Lesion position, detector position, and beam direction. The detector position
and beam direction are both acquisition parameters that can be set as required to achieve
high SNR, image quality and patient comfort. The goal is to set these acquisition
parameters and combine the signals from all the detectors to estimate the lesion
positions by generating NSECT images.

To generate an NSECT image corresponding to the element of interest, the signal
from the multiple detectors around the patient must be combined. From section 4.2, we
know that the signal at a detector depends on lesion position with respect to the neutron
source (eq. 1) and the detector position with respect to the lesion position (eq. 5 and eq.
6), the image cannot be a simple addition of the signal from each detector, nor can it be a
simple average. The signal from each detector must be treated as a separate function
with a detector-weighting factor that depends on probability of detection at that
detector. These functions must be simultaneously solved to generate an image, which
shows the relative position of the lesion with respect to all the detectors. Such
computational problems are typically solved using image reconstruction algorithms.

There are several image reconstruction algorithms that are used in clinical

imaging modalities to estimate the location of a lesion. Most of these reconstruction
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algorithms use tomographic data for reconstruction; for example, the Fourier-based
Filtered Back Projection algorithm (FBP), this requires uniformly sampled tomographic
data for reconstruction [57], there are a group of iterative reconstruction algorithms
based on the algebraic reconstruction technique (ART), these algorithms are
computationally expensive and the convergence relies on the values assigned to
“relaxation parameters”, also ART based algorithms do not work well with Poisson
distributed data [58].

In this project, to achieve our goal of lowering dose while accurately localizing
and quantifying the elements in the lesion, we perform image acquisition using a multi-
detector system and generate an under-sampled data set. Hence, we must implement an
algorithm that can reconstruct images from incomplete data. When dealing with
incomplete data it is important to utilize all available apriori knowledge to improve the
performance of the reconstruction algorithm. Hence we must implement an algorithm
capable of modeling all available apriori knowledge of the acquisition system and the
sample tissue.

With the algorithm we are trying to solve for two unknown variables i.e., the
location and the concentration of the lesion, using d independent equations, where d is
the number of detectors. When there are multiple parameters to be estimated it is

desirable to have an algorithm that converges to a unique solution quickly.
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In previous studies Maximum Likelihood Expectation Maximization (MLEM)
has been used to reconstruct NSECT images [3]. MLEM is an iterative technique and is
based on Maximum Likelihood Estimation (MLE) and converges to the maximum
likelihood solution. The following properties of MLEM make it a suitable algorithm for
non-tomographic reconstruction of NSECT data [53]:

a. MLEM is based on an exact stochastic model of the projection measurements.

b. It allows modeling of the physics of transmission and emission in a realistic

manner; i.e., physical differences between transmission and emission can be
carefully maintained.

c. It can account for the Poisson nature of photon counting

d. The convergence of the algorithm does not depend on the values provided as

the first estimate (Generally a vector of zeros) of the solution. The value of
this estimate increases towards the final solution with each iterative step.

e. It performs well with incomplete data sets as it embeds the known

“incomplete” sample space in a larger “complete data” sample space where

optimization problems are easier to solve.
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6.1 Overview of Maximum Likelihood Expectation Maximization
for NSECT

Lange and Carson in [55], have discussed the implementation of MLEM for
emission tomography. In [3] this algorithm was used to reconstruct NSECT images.
MLEM for NSECT consists of 2 steps:

E-step: in which the conditional expectation is calculated with the current value
of the parameters being estimated.

EINFXGAY, AN ceiiiiiiiiiicei it Eq. 17

Where,

X: complete unobserved source data.

Y: incomplete data observed by detectors.

A: parameter to be estimated. (Intensity of the pixel in the reconstructed image)

An: current estimate of the parameter.

M-step: in which the conditional expectation is maximized to calculate new

estimates of the parameters, with the current estimates held fixed.

d n
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The main equation that describes the MLEM algorithm is [53]:
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Where,

i: subscript for projection path

jk: subscript for pixel

Ii: set of all pixels that contribute to projection i

Ji set of all projections contributed to by pixel j

A: vector representation of the phantom pixel source intensities

N: best current estimate of the number of detected photons originating from
pixel j in the i projection

Cj: probability of a neutron incident along projection path i causing a gamma

photon to be emitted for image pixel j and be detected at the gamma detector.

This MLEM algorithm was implemented in C++ for NSECT image
reconstruction. The inputs to the algorithm were the NSECT sinogram (Yi in eq. 19) and
the apriori probability matrix (Cjj in eq. 19). The NSECT sinogram was obtained from a
GEANT4 simulation of the NSECT acquisition system and an anatomical phantom of the
liver. Vector form of the sinogram is the input to MLEM and is generated by arranging
the gamma counts corresponding to the element of interest in the order of the
projections. The Cj matrix was generated using a simplified Monte-Carlo simulation
program designed specifically for this purpose. The Cij matrix was calculated using the

data acquisition geometry: i.e., the number of pixels, the pixel size, beam width, step size
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and the number of projections. The field of view (FOV) was divided into a grid of square
cells each representing a pixel in the final image. The user defined the number of cells
present within each beam width. A random number generator uniformly distributed a
predetermined number of neutron rays within the beam's width. Each ray was assumed
to interact within the FOV and probabilities of interaction were calculated for each cell
traversed by the ray as the length of the ray in that cell divided by the total length of the
ray. This Monte-Carlo calculation of the Cjj matrix did not take into account the detector
position, neutron and gamma attenuation and the cross-section of interaction in the
sample [3].

This method was previously used for NSECT reconstruction with tomographic
data acquisition with one detector [3]. NSECT with MLEM reconstruction was able to
generate images corresponding to carbon and iron in the liver [3]. However, with the
multi-detector approach used in the current work, the algorithm required modification
to account for the detector positions and the n-TRI information. The modifications were

performed as follows.

6.2 Introduction to MLEM for n-TRI image reconstruction

MLEM for n-TRI images was developed by modifying eq. 19 to represent an
algorithm that can reconstruct images from sinograms generated from single angle scans

and time-resolved images. The modifications to the inputs, the algorithm and the
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development of the Cijmatrix are described below with the aid of Patient 1 (table 14) as

an example.

6.2.1 Input sinogram to MLEM for n-TRI image recons  truction

The generation of the input sinogram vector to the MLEM algorithm is described
in this section. As described in section 6.1, each entry in the input sinogram vector
corresponding to an element of interest is the number of gamma counts at a given
projection number i (eq. 19). In case of MLEM for n-TRI image reconstruction, each entry
in the sinogram vector for an element of interest is the gamma count at a given:

i.  Beam position (b),
ii.  Time bin (¢) and
iii.  Detector (d).

The total number of beam positions (b) is equal to the number of beam steps in
the NSECT acquisition protocol. The time bin () is determined by the timing resolution
of the detectors used; each t corresponds to a certain depth in the given beam position
(b). The number of detectors (d) corresponds to the total number of detectors used in the
acquisition system. Hence, each entry in the sinogram of an element of interest
corresponds to the number of gamma counts detected by detector d from a beam at

position b from a pixel at depth corresponding to time bin .
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Figure 29: Top view of Patient 1 with a 7-detector NSECT system. The green
arrows represent the direction of the neutron beam, and 1 and 30 represent the
neutron beam positions. The gamma detectors are shown as pink discs marked 1 to 7.
The red sphere in the liver is a hemochromatotic lesion with 1-cm radius.

Example: Figure 29 shows the top view of patient 1. As described in section 4.4
the anatomical GEANT4 model of this patient has a 30 cm major axis torso section
containing the liver (~1.5 liter volume) and a tubular spine. The liver contains a single
hemochromatotic lesion of 1-cm diameter with 5 mg/g of iron (corresponding to clinical
liver iron overload). This torso section is surrounded by 7 ideal gamma detectors of 10-
cm diameter each. These discs record the time of arrival and energy of the incident
gamma photons incident with 100% efficiency. The setup also ignores the neutron
interactions occurring in the detectors since they occur in a time range much greater
than the nanosecond time range corresponding to the gamma signal of interest.
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The mono-energetic 5 MeV neutron source generated a beam of square cross-
section of 1 cm? that was translated in 30 steps of 1 cm perpendicular to the spine to
cover the torso’s major axis. At each beam position 10® neutrons were simulated. The
corresponding gamma photons incident on each detector were recorded. The energy
peaks corresponding to the elements of interest, carbon (4439 keV), nitrogen (1635 keV),
iron (847 keV) and phosphorous (1266 keV), were sorted into time bins of 0.3 ns duration
for each detector. As a reminder, a time of 0.3 ns corresponds to approximately 1 cm for
neutrons at 5 MeV. Since the minor axis of the torso measured 22.5 cm, 30 time bins were
sufficient to cover the length of the torso minor axis. These time bins were used to
generate n-TRI images centered in the FOV for each detector and element of interest.
The n-TRI images were then used to generate the input sinogram vectors for
reconstruction. Figure 30 shows the n-TRI images generated for patient 1 for 4 different
elements of interest.

In this example beam positions b = 30, time bins ¢ = 30 and detectors d = 7. The
output from each ¢, b and d were stacked to generate the vector form of the input
sinogram. The length of the sinogram is the product of b, t and d and in this example is
6300.

In this implementation of MLEM the order in which the gamma counts are
stacked is important because a similar order must be maintained while calculating the Cj

matrix (as will be described in section 6.2.2).
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Some observations from figure 30: Figure 30 shows the n-TRI images from carbon
(4439 keV), nitrogen (1635 keV), iron (847 keV) and phosphorous (1266 keV) in patient 1
from each detector. The detector bias is clearly visible moving down a column in figure
30; example: the brightest pixels in the carbon images moving from figure 30a to figure
30b are the pixels closest to detector 1 to detector 7 respectively. The n-TRI images from
this set of 7 detectors are arranged in vector form to provides a single sinogram
corresponding to each element of interest. Hence, with a single scan of 30 beam
positions acquired at one angle, we can generate images corresponding to multiple
elements of interest.

In the n-TRI images corresponding to iron in figure 30 (30 v-ab), the bright pixels
are concentrated at a region corresponding to the hemochromatotic lesion position in
patient 1. However, the number of pixels or area over which the bright pixels are
distributed are not consistent in the n-TRI images going from figure 30 v to figure 30 ab.
This inconsistency leads to an ambiguity in the estimation of the lesion size. Hence a
mathematical combination of the signal from the individual n-TRI images, through
MLEM reconstruction to generate an NSECT image, is expected to provide a better
estimate of the element spread or lesion size.

The dependencies of gamma counts on b, t and d described here have to be
worked into the MLEM reconstruction algorithm as well as the Cjj matrix. The

modifications made to the Cj matrix are described in the next section.
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SéFe

Figure 30: Table of n-TRI images corresponding to different detectors and
elements. Images (a-f) are ?C n-TRI images corresponding to detectors 1-7 marked in
figure 29. Similarly, (h-n) are “N n-TRI images, (0-u) are 3P n-TRI images and (v-ab)
are *Fe n-TRI images. In the 2C and N images, (a-n), the bright spots in the images

correspond to the pixels that are closest to the detectors. In the 3P images, (0-u), the
bright cluster of pixels on the right correspond to the high concentration of
Phosphorus present in the high density spine and on the top left the pixels

correspond to the low concentration of phosphorus present in the liver. In the *Fe

images, (v-ab), the brightest pixels represent signal from the lesion.
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6.2.2 Apriori or C j; matrix input to MLEM for n-TRI image
reconstruction

The Monte Carlo simulation used to calculate the Cij matrix described in section
6.1 was modified for use with n-TRI. Specifically, the size of the time bins and the
location and size of the detectors were added to the model. The Cj matrix was modified
to calculate the change in probability of detection of gamma photons with respect to the
position of the detectors over the FOV. The Cj matrix was calculated in two steps:

a. Calculation of probability of interaction at each cell or pixel (p)

b. Calculation of probability of detection at each cell with respect to each

detector (d)

Figure 31 shows a sample FOV which has 9x9 cells or pixels, each time bin ¢ is
divided into 3 cells (along the x-axis) and each beam width b is divided into 3 cells
(along the y-axis). These blocks of 9 cells are outlined in red. Individual neutrons are
uniformly distributed within the beam width using a random number generator and
probabilities of interaction are calculated based on the length of the ray in a cell divided
by the overall length of the ray. Unlike the Cij matrix described in 6.1, the overall length

of the ray is no longer the total length of the ray in the FOV but the length of a specific

Lengthof t

——————— These calculations are repeated for each block in the FOV.
Number of cells

time bin ¢

A predefined number of neutron histories are simulated to transmit through a
FOV. For a single beam position and time bin, interaction probabilities are summed in

each cell for all neutron events. Cells outside the beam and/or not in the time bin are
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assigned zero probability. For each detector modeled in the simulation a weighting
factor is calculated based on the distance (D) of the cell to the detector and the size of the
detector (7, radius of the detectors). The probability is a function of 1/D2. The detection
probability also depends on the solid angle subtended at a cell by the detector face.

Hence, if the detector face has a radius r the area is 7r? and the angle subtended by this
2
face at a distance D from a cell is%. Hence, the probability of detection of a photon for
2
a cell at a detector at distance D and radius r is#. One assumption made is that the

detector centers are positioned in the same plane as the neutron beam. The actual

implementation is described below with an example.
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Figure 31: Schematic diagram of the FOV showing the various parameters used
in calculating the Cij matrix. Beam translation and beam transmission directions are
labeled on the left. ‘b’ is the beam width, ‘¢’ is the width of a single time bin and “p’ is
the size of a pixel. A block is a subunit of the FOV which is ¢ wide on the x-axis and b
wide on the y-axis. The Cij matrix is calculated one block at a time for each detector d.

Example: Patient 1 acquisition protocol used 30 beam positions or beam steps
and 7 detectors with 5 cm radius. The Cjj matrix grid was set to 300x300 pixels. The grid
size determined the number of pixels in the final NSECT image for each element. Each
time bin was 0.3 ns (~ 1cm) and was divided into 10 cells along the x-axis and each beam
width (1 cm) was divided into 10 cells along the y-axis. Uniform distributions of 10°

histories were simulated at each beam position along y.
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The probabilities of interaction were calculated for a single block, the probabilities
of interaction for the remaining blocks in the FOV were set to zero. In this
implementation, ¢, b and the number of cells in each block were held constant. Therefore,
with sufficient statistics, the probability of interaction in each cell can be constant.

In the second step, the probability of detection was calculated as follows: the

distance (D) of each cell in the FOV from a given detector d was calculated based on the
2
known position of the detector. A fraction :? was then calculated where r was the

radius of detector d. This fraction determined the probability of detection at detector 4
under the assumption that the gamma emission was isotropic at each cell. This
calculation was made for each of the 7 detectors shown in figure 29. Each detector has a
radius of 5 cm. The probabilities calculated for each detector was stacked in vector form
to generate the Cj matrix in the same order in which the detector outputs were stacked
in the sinogram vector.

From this calculation we see that the probabilities in the Cjj matrix are a function
of the distance of the detectors from each pixel in the FOV. The Cj matrix has no
information about the composition of the tissue being scanned and hence is independent
of the element of interest, neutron attenuation through the tissue, gamma attenuation
through the tissue and the shape and size of the tissue in the FOV. As long as the NSECT
acquisition protocol remains the same the Cij matrix can be used with multiple patient

data to generate NSECT images corresponding to that FOV. In the patient population
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described in section 4.4, there were 2 torso sizes, each scanned with a constant NSECT
acquisition protocol. Hence, only 2 Cj matrices were required to reconstruct images for
all elements of interest from the entire patient population.

In the next step the MLEM algorithm is used to generate NSECT images with the

Cj matrix and sinograms as inputs. This is described in the next section.

6.2.3 MLEM algorithm for n-TRI image reconstruction

The general MLEM algorithm and the steps described by Lange and Carson in
[53] do not change in case of the n-TRI image reconstruction. The two steps of image
reconstruction as discussed in section 6.1 are: E-step (eq. 17) in which a new expected
image is calculated using the Cjj matrix and the M-step (eq. 18) in which the new
expected value is maximized with respect to the previous estimate of the image. At each
iteration of MLEM, given the input sinogram (section 6.2.1) and an estimate of the image
(initial estimate is all zeros) a new expected image is calculated using the Cj matrix
(section 6.2.2). This algorithm is generally allowed to reach convergence or terminated
when a certain stopping criteria is reached. In n-TRI image reconstruction the
convergence to the solution is a function of the relative signal at different detector
positions; unlike tomographic image reconstruction where the convergence is a function

of relative signal from rotation of the source. Hence, the general MLEM equation (eq. 19)
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remains unchanged except for the indices or parameters over which the calculations are

performed. The MLEM equation with the changed indices is:

n+1l _
/1,:]' =

n
LijepgNij Ay CijYij
- i,jED
SijtenyCij  Zijeny Cij <" 74 Tkten, Critiy

Where,

i,k: subscript of pixel along x

j1: subscript for pixel along y

Da: set of all pixels that contribute to detector d

A: vector representation of the phantom pixel source intensities

N: best current estimate of the number of detected photons originating from
pixel i, j in the d* detector

Ci: probability of detection of photons from pixel i, j causing a gamma photon to
be detected at detector d.

This algorithm in eq. 20 generates NSECT images for each element of interest.

The images are generated from detector weighted sinograms. The modifications made to

input singram, Cj matrix and MLEM are summarized in table 19. An example of the

images generated from n-TRI MLEM for data from patient 1 are shown in figure 32.
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Table 19: Comparison of MLEM with tomography and MLEM with n-TRI

images
Parameter MLEM with tomography MLEM with n-TRI
Input Sinogram Each entry is a function of Each entry is a function of
projection number projection number, time bin
and detector position
Gj Cumulative apriori probability = Cumulative apriori probability
of interaction at each pixel in of interaction at each pixel in
the FOV the FOV multiplied by the
probability of detection at
detector d
MLEM Estimate of pixel value is a Estimate of pixel value is a
function of the number of function of the relative
projections through the pixel positions of the detectors
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Figure 32: NSECT images generated from MLEM reconstruction with n-TRI
sinograms. The images are from 4 elements present in patient 1: 12C at 4439 keV, *Fe at
847 keV, “N at 1635 keV and 2312 keV, and 3'P at 1266 keV and 2233 keV. These
images show the output from the 15t iteration of MLEM.
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In figure 32, the 2C image shows the boundary of the torso, liver and spine, the
%Fe image shows the lesion with iron overload, the nitrogen images show the difference
in nitrogen concentrations between the soft tissues in liver and torso and high density
bone and the 3P images show the boundary of the liver and spine. Comparing figures 30
and 32 shows that NSECT image reconstruction with n-TRI images can be used to
generate clinically significant liver images with better localization of lesions than
individual n-TRI images. However, these images cannot be used for quantification of the
elements due to the large variations in pixel intensities in a given tissue type. Hence, two
techniques have been implemented to improve the image quality and render them
useful for quantification: neutron attenuation correction, and image smoothing. These

techniques and their effect on NSECT images are described in the next section.

6.2.4 Neutron Attenuation Correction and Image Smoo  thing

Attenuation correction technique to improve image quality and ability to
quantify different parameters is a well-known subject in emission computed
tomography. In NSECT neutron attenuation correction was applied to the n-TRI images
before reconstruction. The correction was applied to the entire sample assuming
uniform attenuation, since the hydrogen content of different tissue types is similar [59].
The correction was applied to each beam path using the neutron attenuation co-efficient

of water. The position of the patient or the contour obtained from a bulk element image
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can be used to segment the FOV into background and sample area. In this project the
contour of the torso was obtained from the carbon image. This contour was used to
generate a binary mask and the neutron attenuation correction was applied only to the
region corresponding to the torso for each element’s image.

Image smoothing is a well-known technique used in medical imaging to reduce
variance and remove high frequency noise from images. Smoothing also accelerates the
convergence of MLEM reconstruction. Various kernels can be used to smooth an image;
in this particular case, a 3x3 averaging kernel was used after every MLEM iteration. The
kernel size was chosen to be smaller than the simulated lesion sizes and worked well
with the generated NSECT images.

Figure 33 shows the image generated with the inclusion of the two techniques
(attenuation correction and image smoothing). In figure 33 the NSECT carbon image
from Patient 1 was generated by

a. Applying neutron attenuation correction on the n-TRI images before
forming the sinogram vector, and

b. Smoothing with a 3x3 averaging kernel after each iteration of MLEM.
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Figure 33: (a) NSECT 2C image after attenuation correction and smoothing. (b)
2C images from figure 32 reprinted here for reference. Both of these images are from
the same sinogram and the 15 iteration of MLEM.

Comparing figures 33 (a and b) it is clear that the liver, spine and torso are better
differentiated in the corrected image. By visual inspection of the corrected image it can
be concluded that the carbon concentration is highest in the spine, followed by liver and
finally soft tissue. However, the visual inspection of the uncorrected image presents an
ambiguous result. To reinforce the results from visual inspection, a comparison of the
standard deviations is summarized in table 20. The standard deviation was calculated
by placing a ROI in each of the tissue types (soft tissue, liver tissue and bone)
represented in these images. As expected the standard deviation in the case of the

corrected image is lower than that for the uncorrected image in all three tissue types.
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Table 20: Comparison of standard deviations of corrected 2C image vs.
uncorrected ?C image from patient 1

Standard deviation as a percentage of
the mean value

Tissue Type uncorrected image  corrected image
(figure 33 (b)) (figure 33 (a))
Bone 24.77 9.53
Liver 55.72 7.24
Torso 52.33 12.14

In this section, the MLEM reconstruction of n-TRI based NSECT imaging was
discussed. This algorithm can be used to generate NSECT images from multiple
elements, while acquiring a single angle scan with a multi-detector acquisition system.
This technique leads to dose-reduction due to the use of a single angle scan and reduced
scan time due to the elimination of multiple rotations and translations. In the next
section the algorithm and the NSECT imaging technique will be validated using the

patient population described in section 4.4.

6.3 Validation of n-TRI based MLEM algorithm and NSECT
imaging for liver diseases

In the previous sections a new method of generating low-dose liver images has
been described. This imaging technique was implemented on the patient population
described in section 4.4. The images generated from this patient population were used to

validate the technique and determine a set of acquisition parameters for clinical

126



implementation of n-TRI based NSECT imaging. The section below describes the

methods used to optimize and validate the low-dose liver imaging system.

6.3.1 Acquisition geometry

The NSECT acquisition geometry for n-TRI based imaging of liver diseases can

be optimized for the following parameters:

1.

Number of neutrons per beam position: An increase in number of neutrons
increases the signal intensity, leading to an improvement in lesion
detectability. An increase in number of neutrons increases the dose delivered
to the patient. Hence, this parameter has to be optimized such that the dose
to the patient is as low as reasonably achievable (ALARA).

Number of detectors: An increase in number of detectors increases the total
solid angle available for gamma detection. This increases the signal intensity
again leading to an improvement in lesion detectability. However, having
more detectors increases the cost of the NSECT system and in some cases
may not significantly improve the sensitivity of the system. Hence, it is
crucial to clinical implementation to determine the optimum number of
detectors.

Beam width: As examined in section 4.3, the narrower the beam-width the
higher the probability of detecting, localizing and classifying small lesions.

However, if the number of neutrons per beam position is fixed and the beam

127



width is reduced, there is a significant increase in dose delivered to the
patient. Hence optimization of beam-width is crucial for dose reduction.

The GEANT4 simulation of the NSECT acquisition system used to generate data
from the patient population was described in section 4.4. The number of neutrons per
beam position was fixed at 10%; this dataset was down-sampled to generate images from
0.5x108, 0.2x10% and 0.1x10% neutrons per beam position. Comparisons of images
generated from these under-sampled datasets are discussed in section 6.3.3. The number
of detectors were simulated in the acquisition system was 7; this was fixed for small (30
cm) as well as large (50 cm) patients. In chapters 4 and 5, we described that the signal
detected by any detector depends on (a) the distance of the detector from the lesion, and
(b) the solid angle subtended by the detector on the sample.

While being mindful of patient comfort, generally in NSECT it is advantageous
to place the gamma detectors as close to the patient as possible to reduce loss in signal
intensity due to scatter and provide a large solid angle for gamma detection. Two factors
determine the practical distance at which the detectors can be positioned with respect to
the lesion: the physical dimensions of the detectors, and the patient size. The physical
dimension of the detectors and other detector properties will be discussed in the section
6.3.3. However, with increases in the patient size the total gamma attenuation path
length to the detectors increases, leading to a decrease in signal strength. This is

especially true for deep-seated lesions.
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The total solid angle subtended by all detectors in the acquisition system
increases with an increase in the number of detectors. For a fixed number of detectors
(as is the case with the patient population simulations), the effective solid angle
subtended by the detectors is larger for the smaller patient. Hence with an increase in
the patient size, the distance of the detectors from a specific lesion in the liver increases,
and the effective solid angle subtended by a fixed number of detectors decreases. This
decrease in effective solid angle due to an increase in the patient size for a fixed number
of detectors is comparable to the decrease in effective solid angle due to the decrease in
the number of detectors for a fixed patient size. Comparisons between images from two
different patient sizes with fixed number of detectors are discussed in section 6.3.3.

From the discussion of the relationship between beam-width, lesion size and
NSECT signal in section 4.3, we know that the signal obtained from a lesion is
proportional to the size of the lesion with respect to the beam width. As the lesion size
increases, the signal obtained from the lesion increases and is a function of a ratio of the
beam width to the lesion size. In this patient population study the beam-width or cross-
section is fixed at 1.0x1.0 cm?2. The patient population designed in this work contained
lesions with radii ranging from 0.25 cm to 1 cm. Comparisons of these images are
discussed in section 6.3.3 and can be used to determine if the 1.0x1.0 cm?beam cross-

section is optimum for a clinical implementation of NSECT.
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6.3.2 Liver disease diagnosis

Apart from optimizing the NSECT system for clinical implementation the goal of
this project is to detect, localize and classify liver lesions based on quantification of
changes in bulk and trace elements present in the liver. In the population described in
section 4.4, the patients were simulated with liver lesions at various locations in the
liver, with radii in the range of 0.25 cm to 1 cm. The lesions were also simulated to
represent 4 different liver abnormalities; hemochromatosis, cirrhotic liver, fatty liver and
HCC.

¢ Hemochromatosis was represented by an elevated iron concentration of 5 mg/g,

e Cirrhotic liver tissue (23% 2C)

o Fatty liver tissue (18.6% '2C) contained higher concentrations of carbon compared
to healthy liver tissue (13.9% 2C), and

e HCC was simulated with elevated concentrations of iron (4 mg/g) and
phosphorous (1.6 mg/g). HCC also contained 0.25 mg/g of zinc and 0.48 mg/g of
copper.

However, spectroscopic examination of n-TRI images before image

reconstruction showed that zinc and copper concentrations simulated in HCC were
below the sensitivity of the NSECT system. Hence, in this study carbon, iron and

phosphorus images were compared to study the sensitivity, specificity and accuracy
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of n-TRI based NSECT for liver imaging. The comparisons are discussed in the next

section.

6.3.3 Reconstructed images from patient population

Sinograms generated from neutron-attenuation corrected (section 6.2.4) n-TRI
images (section 6.2.1) corresponding to carbon (4.439 MeV), iron (sum of 0.847 and 0.846
MeV) and phosphorous (two peaks at 1.266 MeV and 2.233 MeV) and the Cij matrix
generated from a Monte-Carlo code (section 6.2.2) were used to reconstruct liver images
using the MLEM algorithm discussed in section 6.2.3 for the patient population
described in section 4.4. Previous studies of tomographic MLEM reconstruction without
smoothing typically required between 15 to 20 iterations to converge on a local maxima
solution before converging on the noise in the image [3]. Since, n-TRI based MLEM is a
novel reconstruction algorithm the upper bound on the convergence rate has not been
estimated previously and requires rigorous investigation. With smoothing the
convergence is expected to be quicker [60, 61] as compared to without smoothing. In
this project, the images generated at the end of each MLEM iteration were smoothed
(section 6.2.4) and images up to 30 MLEM iterations were examined to determine the
optimum number of iterations required to reconstruct an image.

Optimum Iteration: To determine the optimum number of iterations, images

from two elements were examined; carbon, a bulk element present in large
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concentrations in the torso and liver, and phosphorous, a trace element present in the
liver and spine. The images obtained after each iteration of MLEM and smoothing were
used in this analysis. The mean and standard deviation corresponding to a ROl in the
liver was calculated. Due to the smoothing step the mean and standard deviation
decreased with increasing iterations till convergence was reached. Figures 34 and 35
show the trends of percent standard deviation with respect to mean of the ROI at each
iteration for >C images generated with 10® (100M) neutrons per beam position; figure 34
shows the trends for patients with 30 cm torso and figure 35 shows the trends for
patients with 50 cm torso.

From the trends it can be concluded that the MLEM algorithm converged before
the 20t iteration in each case. Similar comparisons were made on >C images generated
using different number of neutrons per beam position; 108, 0.5x108, 0.2x10% and 0.1x108
neutrons per beam position for patient 1 data from both 30 cm and 50 cm torso groups.
The trends are shown in figure 36. In most cases the algorithm converged before the 10*
iteration. In two cases (Patient 1, 30 cm torso, 0.5x108 neutrons and Patient 1, 30 cm
torso, 0.1x10%neutrons) the algorithm converged at the 14" and 15 iteration

respectively.
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Figure 34: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in 2C images corresponding to patients with 30 cm major axis torso. 10
neutrons were used to irradiate each beam position. From these trends we can
conclude that MLEM algorithm converged before the 20% iteration.
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Figure 35: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in ?C images corresponding to patients with 50 cm major axis torso. 108
neutrons were used to irradiate each beam position. From these trends we can
conclude that MLEM algorithm converged around the 6t iteration.
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Figure 36: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in 2C images corresponding to 30 cm major axis torso (left) and 50 cm major
axis torso (right). 108, 0.5x108, 0.2x10% and 0.1x10% (100M, 50M, 20M and 10M) neutrons
were used to irradiate each beam position. From these trends we can conclude that
MLEM algorithm converged before the 10t iteration in most cases and before the 20
iteration in all cases.

Similar comparisons were made for the 3P images. Figures 37, 38 and 39 show
the trends corresponding to the 3P images. In all cases the MLEM algorithm converged

before the 20t iteration.
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P31 images with 100 M neutrons at each beam position
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Figure 37: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in P images corresponding to patients with 30 cm major axis torso. 108
neutrons were used to irradiate each beam position. From these trends we can
conclude that MLEM algorithm converged between the 10t and 14t iteration.
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Figure 38: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in 3'P images corresponding to patients with 50 cm major axis torso. 108
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neutrons were used to irradiate each beam position. From these trends we can
conclude that MLEM algorithm converged before the 8t iteration.
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Figure 39: Plots showing trend in liver percent standard deviation vs. MLEM
iterations in 3'P images corresponding to 30 cm major axis torso (left) and 50 cm major
axis torso (right). 108, 0.5x108, 0.2x10% and 0.1x10® (100M, 50M, 20M and 10M) neutrons

were used to irradiate each beam position. From these trends we can conclude that
MLEM algorithm converged between the 8 and 14t iteration in all cases.

A visual representation of the actual >C images corresponding to patient 1,
before the first smoothing step and the 20t iteration of MLEM are shown in figure 40.
The 4 sets of images are from 108, 0.5x108, 0.2x10% and 0.1x10% neutrons per beam

position. 20" iteration images corresponding to *Fe and ' are shown in appendix C.
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Figure 40: 2C Images corresponding to patient 1. Each row has images from the
1¢t iteration before smoothing on the left and the 20t iteration after smoothing on the
right.
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In both the bulk element (Carbon) and the trace element (Phosphorous) cases the
algorithm converged to a solution before the 20" iteration, beyond which the mean and
standard deviation values did remained constant. Hence, the 20t iteration was used for
the further analysis of this dataset. This is similar to the tomographic MLEM algorithm,
which converged between the 15* and 20® iteration.

A major goal of this project is to reduce dose to the patient. Two methods of dose
reduction were implemented in the scanning geometry; (a) use of multi-detector
acquisition system and (b) acquiring a single angle scan. Apart from these two methods,
the acquisition system can be optimized based on the number of neutrons incident per
beam position. The sensitivity, specificity and accuracy of a single-angle, multi-detector

system were determined as described in the next section.

6.3.3.1 Detection of a lesion

To calculate the sensitivity, specificity and accuracy of the NSECT system and
optimize the acquisition system, the images reconstructed from the patient population
data were analyzed for different parameters and figures of merit. The first task was to
determine the accuracy of detection of the lesions. Each lesion in the dataset was treated
as a separate case. The locations of the lesions were known from the patient population
simulations; hence to eliminate bias and classify a lesion as detected, the following three

tests were performed:
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a) Visualization: As a first step, all the reconstructed images were examined to
identify lesions without the use of any computer aided detection algorithm. If a pixel
intensity contrast difference between background and ROIs was identified and the
contrast difference corresponded to an actual lesion, the lesion was classified as a
positive detection case. If the ROI was part of the background, the ROI was discarded
and the lesion present in the image was classified as undetected.

b) Mean and standard deviation: The mean pixel value and the standard
deviation of the lesions classified as “positive detection” or “undetected” were
calculated and compared to the mean pixel value and standard deviation of the
background (Liver tissue) using the student t-test. If the lesion pixel value was not
statistically significantly different from the background pixel value, the lesions were
classified as undetected. In case of statistical significance the lesion was classified as a
positive detection.

c) Spectral analysis: Line profiles were plotted along the neutron beam paths
through the lesions in the reconstructed images. If there were multiple other
confounding peaks present in the same beam positions as the lesion, the lesion was
classified as undetected.

Lesions that passed the three tests were classified as positive detections. Some of

the results from these tests are discussed here.
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If all the lesions in the dataset from all patient sizes, all elements and all dose
levels were pooled, the dataset contained 144 lesions. The overall percentage of positive
detection was 77.78%; 32 of the 144 lesions were classified as undetected. Though
initially all lesions from each element were treated separately to test detection, in further
analysis some of these lesions were grouped; specifically lesions with hepatocellular
carcinoma composition. These lesions have two trace elements iron (*Fe) and
phosphorous (*'P); iron has a peak at 0.847 MeV and phosphorous has two peaks at
1.266 MeV and 2.233 MeV. Hence, when comparing across other parameters of interest,
lesions in the iron images having corresponding lesions in the phosphorous images were
grouped together; if and only if lesions in all three images were classified as positive
detections the group was classified as a positive detection. This reduced the total
number of lesions in the data set to 96 and hence the percentage of lesions detected was
72.9%.

In this next experiment, the lesions were separated based on patient size. The
number of lesions in each of the two patient sizes was 48. Table 21 shows the sorted
data. A ROC curve was plotted for this data to determine the sensitivity and specificity

of the NSECT system to patients of different sizes.
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Table 21: Number of lesions sorted by lesion size and patient size

Patient Size Classification Lesion size < Lesion size =1 Lesion size > 1
lcm cm cm
Undetected 4 0 2

30 cm Positive 0 8 34
detection

Undetected 4 5 13

50cm Positive 0 8 18
detection

From the ROC curves in figure 41 we observe that the AUC increases with
decrease in patient size hence the sensitivity to lesion detection increases with decrease
in patient size. This increase is due to many factors that have been discussed previously;
shorter neutron and gamma attenuation path lengths, larger effective solid angle and
higher probability of gamma photons reaching the detectors. These results are highly

encouraging for the first study of this new liver imaging technique.

Figure 41: ROC Curves corresponding to 30 cm and 50 cm major axis torsos.
The ROC curve was fit using a non-parametric estimation approach and
bootstrapping was the method used for uncertainty estimation. AUC30=0.802,
AUCs0=0.6573 and SE30=0.112, SE50=0.059.
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A similar study was conducted by sorting the lesions by the number of neutrons
per beam position; this was used to optimize the dose levels. Table 22 shows the

calculated AUC and standard errors.

Table 22: Results of ROC analysis for the lesion detectability over number of
neutrons per beam position and patient size. The ROC values for AUC and their
standard errors are obtained from LABROC software (semi-parametric estimation).
The AUC values corresponding to the 30 cm patient are greater than the 50 cm value
in most cases.

Number of 30 cm Major axis 50 cm Major axis
neutrons per torso torso
beam position AUC SE AUC SE
108 1.0 0 0.823 0.146
0.5x108 1.0 0 0.699 0.132
0.2x108 1.0 0 >0.5 -
0.1x108 0.715 0.15 >0.5 -

As expected the AUC was highest at higher number of neutrons per beam
position and a smaller patient size. To understand these AUC values, phosphorus
images (2.233 MeV) from patient 4 (30 cm major axis) and patient 11 (50 cm major axis)
are shown in figure 42. Both patients have a single 2 cm diameter lesion of HCC. Here,
the lesion, liver, spine and torso have 1.6%, 0.2%, 10.3% and 0% phosphorous
respectively. The window level on the images is adjusted such that the lesion is visible in
the liver despite the high intensity in the spine and this has intensified some of the
spurious noise in the background. In all 8 cases the lesion was classified as detected. It

must be noted that, in figures 42 (b and d) corresponding to patient 11 at 0.1x108 and
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0.2x108% neutrons per beam position, no window leveling was applied since the spine
signal statistics were low due to the scatter of neutrons in the larger torso. The AUC for
the bigger patient can be improved by including more detectors in the acquisition
system. These images show that the presence of high density features such as ribs will
not affect the detectability of lesions in the liver.

To summarize the results and conclusions from the tests of lesion detection, we

have;

a) The AUC values shown in table 22 indicate that the task of lesion detection
can be achieved with acceptable sensitivity and specificity at the dose
corresponding to 0.2x10% neutrons per beam position for the smaller patient.

b) Overall the technique is successful in detecting a majority of lesions. In this
population, almost 73% of lesions were detected successfully.

¢) In the 30 cm torso, the sensitivity of the system in lesion detection was 85% at
a specificity of 100% at a dose corresponding to 0.2x10® neutrons per beam
position. In the 50 cm torso, the system was able to achieve a sensitivity of
85% with a trade-off in specificity, which was at 68.1% at a dose
corresponding to 10® neutrons per beam position. Hence it can be concluded

that the n-TRI based imaging technique can detect lesions with high
sensitivity across patient sizes.
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Figure 42: Reconstructed phosphorus images from patient 4 and patient 11
(section 4.4). Images a, ¢, e and g correspond to patient 4 with number of neutrons per
beam position as indicated in the figure. Similarly, images b, d, f and h correspond to
patient 11. The features visible in these images are liver, lesion and spine. The
window level on the images is adjusted such that the lesion is visible in the liver
despite the high intensity in the spine and this has intensified some of the spurious
noise in the background. In all 8 cases the lesion was classified as detected.
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Having demonstrated that the n-TRI based NSECT images can be used to detect
lesions in the liver, the next goal of this experiment was to localize the lesions. Tests
performed to determine the accuracy of localization of the NSECT system are described

in the next section.

6.3.3.2 Localization of a lesion

Detection of a lesion was defined as the presence of statistically significant
difference in the pixel values present in the lesion vs. background pixels. For the task of
localization, it is important that the pixel intensities appear in the location corresponding
to the true position of the lesion. In this study the lesions classified as positive detections
were analyzed to determine the accuracy of localization. The detected lesions were
classified as true localizations, if and only if:

i.  Inthe reconstructed images the lesions lay in the same beam projection
line as they were modeled in the patient.

ii.  Aline profile along the x-axis of the image through the lesion indicated
that the maximum pixel intensity corresponding to the lesion coincided
with the center of the simulated lesion in the patient with a + 4 pixel
threshold.

The threshold of 4 pixels was chosen as an arbitrary starting point since no

previous measurements or gold standards are available for this imaging modality. In
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case of multiple peaks with the same pixel intensity, the peak closest to the true center of
the simulated lesion was considered for the localization task. In case of lesions with
multiple elements, the element with a peak closest to the true center was considered for
the localization task; however the peaks from the other elements could not lay more
than 4 pixels away from the chosen peak. These conditions were included to avoid
classifying two proximal lesions as a single lesion. In the images of the smaller patient 4
pixels correspond to 3.75 mm and in the larger patient it is 6.25 mm.

Lesions that failed the localization task were grouped with the lesions that failed
the detection task and classified as ‘failed to localize’.

Each lesion was localized as a separate case and a ROC curve was plotted to
determine the sensitivity and specificity of the NSECT system to lesion localization. The
maximum error in localization was 8 pixels. Since, the threshold value of 4 pixels was
arbitrarily picked; ROC curves were generated for thresholds starting from 0 to 8 pixels
to determine the optimum error value. The AUC was 0.7926 with SE of 0.0182. Hence,
the probability that a randomly detected lesion would be localized accurately was
79.26%. From the ROC curve it was evident that at a specificity of 70%, the sensitivity of
the NSECT system to lesion localization was 82.4%. The probability of localization was
also studied across different number of neutrons in the beam and different patient sizes.

The results of these calculations are shown in table 24.
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Table 23: Summary of change in probability of detection with increase in pixel
threshold. The pixel threshold was increased from 0 to 4. As can be seen the
probability of detection increased with increase in pixel threshold.

Number of 30 cm Major axis torso 50 cm Major axis torso
neutrons per Pixel threshold Pixel threshold
beam position 0 1 2 3 4 0 1 2 3 4
108 41.67 58.33 66.67 91.67 100 16.67 41.67 41.67 75 91.67

0.5x108 16.67 41.67 50 91.67 100 41.67 58.33 58.33 100 100
0.2x108 4167 50 50 100 100 58.33 5833 75 91.67 91.67
0.1x108 66.67 75 83.33 91.67 91.67 75 75 83.33 91.67 91.67

Table 24: Summary of the percentage of lesions detected and lesions localized
at 4 different dose levels and 2 patient sizes. The term localized refers to lesions that
were detected and localized accurately at a pixel threshold of 4.

Number of 30 cm Major axis 50 cm Major axis
neutrons per torso torso
beam position ~ %Lesions %Lesions %Lesions %Lesions
Detected Localized Detected Localized

108 91.67 91.67 75.00 66.67
0.5x108 91.67 91.67 50.00 50.00
0.2x108 91.67 91.67 50.00 33.33
0.1x108 75.00 66.67 50.00 33.33

A summary of the results and conclusions from the localization task are
presented here:
a. Not all detected lesions are accurately localized.
b. The probability of localization decreases with increase in patient size.
c. Opverall the technique is successful in locating a majority of detected
lesions. In this population, almost 73% of all lesions were located

successfully.
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d. The probability that a detected lesion will be accurately localized is ~80%.

e. The overall sensitivity of the NSECT system to lesion localization is 82.4%
at a specificity of 70%.

f. In the 50 cm torso, even with the highest dose the probability of
localization is 66.67%. This can be improved by increasing the number of
detectors.

g. Inthe 30 cm torso, even at a dose level corresponding to 0.2x10% neutrons

per beam position the probability of localization is 91.67%.

6.3.3.4 Estimation of lesion size

Apart from detecting and localizing a lesion, it is important to estimate the size
of the lesion to determine the accuracy of the imaging technique. The lesion size as
represented in a reconstructed NSECT image depends on the beam-cross section as
discussed in section 4.3. The lesion size estimation also depends on the resolution of the
NSECT image and the time resolution of the gamma detectors. The timing resolution
was fixed at 0.3 ns in the simulated, multi-detector, single angle NSECT acquisition
system (section 4.4). At neutron energy of 5 MeV, 0.3 ns = 0.9375 cm and the beam width
was set at lcm. Hence the resolution of the n-TRI images generated from the patient
population was 1lcm along the y-axis and 0.9375 cm along the x-axis. These n-TRI images

were reconstructed using MLEM algorithm to generate images with 300x300 pixels. In
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case of the 30 cm torso each pixel was set to 0.1 cm on the y-axis and 0.09375 cm on the
x-axis; similarly in the case of the 50 cm torso, each pixel was set to 0.167 cm on the y-
axis and 0.156 cm on the x-axis. To estimate the size of a lesion in the NSECT images an
appropriate conversion from pixel units to centimeters must be performed and depends
on the size of the pixel in centimeters along x and y axis used in generating the Cij
matrix.

Another feature of the NSECT image that affects the estimation of the lesion size
is the pixel intensities within the lesion. The pixel intensity decreases as the cross-section
of the lesion decreases. In case of spherical lesions there is a Gaussian drop-off in pixel s
starting from the center of the lesion. This drop-off in pixel intensity must be accounted
for during lesion size estimation. An example of the Gaussian drop off is shown in

figure 43.
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Figure 43: The Gaussian drop off in pixel intensity in the reconstructed iron
lesion is evident both along the x and y —axes. The blue line represents the line profile
along the y-axis and the red line represents the line profile along the x-axis.
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With this information about the pixel intensity, the lesion size was estimated as
the number of pixels at full width half max (FWHM) on both axes. The number of pixels
was then converted to centimeter. In the case of 30 cm torso, the conversion is a product
of the number of pixels corresponding to the lesion and 0.09375 cm/pixel; similarly for a
50 cm torso image, the conversion is a product of the number of pixels and 0.15625
cm/pixel.

Apart from the lesion size we can estimate the major and minor axes of the torso,
the diameter of the spine and the size of the liver at a given beam position using the
same conversion discussed above. For example: the average minor axis measurement
from carbon images corresponding to patients 1-6 at 0.1x10® neutrons dose level is
23.6563, the true value is 22.5 cm, which is an error of 5.13%.

Table 25 shows the error in average lesion size estimation of 2 cm and 1 cm
lesions. Though the errors of lesion size estimation are small this can be a confounding
factor, specifically in cases where the lesion diameter is less than the beam width as
discussed in section 4.3.2. In this data set all 8 lesions with diameter less than the beam-
width failed the detection test. This can be overcome by either reducing the beam width
or improving the time resolution of the detectors in the acquisition system. This study
was performed to reiterate that the results from this imaging technique are encouraging.
And using appropriate normalization techniques, such as discussed in section 4.3.2, the

lesion size can be estimated.
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Table 25: Percent error in estimation of lesions of diameter 1 cm and 2 cm are
calculated for 2 patient sizes and 4 different dose levels. The lesions are not sorted by
element in the lesion

Number of 30 cm Major axis 50 cm Major axis
neutrons per torso torso
beam position 2cm lem 2cm lem
Joerror  %error  %error  Y%error
108 2.7 5.9 21 0
0.5x108 8.1 10.4 8.6 7.8
0.2x108 6.8 1.2 11.1 -
0.1x108 1.4 0.95 9.5 -

6.3.3.4 Element quantification

The last step before classification of lesions into different diseases is element
quantification. Once a ROI has been detected, localized and the bulk and trace elements
in the lesion have been quantified, they can be classified using a decision model. The
quantification of elements in NSECT images is based on the ratio of the pixel intensity in
the lesion to the pixel intensity of a ROI with a known concentration of an element. If the
ratios matched the true ratios of the elements within 15% error the lesion was considered
successfully quantified. In the case of multiple elements of interest each element had to
be independently quantified successfully for the quantification of the lesion. The ratios
were calculated within an image whenever possible. No calculations were performed
across patient sizes or dose levels.

In case of the elements used in the patient population, the ratios used for

quantification are shown in table 26
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The ratio *Fe(HCC)/5*Fe(HCh) in the table was calculated across images with the
same number of neutrons per beam position and same patient size. The ratio 3P (HCC)/
3P (Liver) was not calculated; this ratio is prone to considerable statistical variation due
to the low concentration of phosphorous in the liver (0.2%). The results of quantification
are shown in table 26. Since quantification leads to the classification of lesions, the ROC
analysis and sensitivity and specificity calculations are the same for the two cases. The

analysis of the classification process is presented in this next section.

6.3.3.5 Lesion Classification

Figure 3 shows the block diagram of the process that leads to quantification. The
next step following quantification is lesion classification. Classification of an element is
based on; successful quantification of all elements in a given tissue type. In this study, 4
different diseases were modeled in the patients and used in the classification tests;
Hemochromatosis (HCh), Hepatocellular Carcinoma (HCC), Fatty Liver tissue and
Cirrhosis. The composition of these tissue types are defined in section 4.4. The ratios that

were used for quantification and classification are shown in table 26.
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Table 26: Different ratios calculated to quantify and classify lesions in the
reconstructed images. The x symbol indicates the disease(s) classified using the listed

ratios.
) True . .
Disease HCh HCC Fatty  Cirrhosis
Value

5%Fe(HCC)/5**Fe(HCh) 4/5 x

3P(Lesion)/*'P(Spine)  1.6/10.3 x

2C(Liver)/®2C(Fatty) 13.9/18.6 x

2C(Liver)/2C(Cirrhosis)  13.9/23 x

Each ratio was calculated from the mean + standard deviation values of the pixel
intensity in the lesion and in the tissues present in the background. Example: The
concentration of *'P in the simulated HCC lesion was 1.6% and that in the spine was
10.3%. This ratio is directly proportional to the ratio of mean pixel intensity in the lesion
vs. pixel intensity in the spine. In the case of *Fe, none of the organs in the torso were
simulated with a known concentration of iron (i.e., there was no iron “background”).
This challenge could be overcome through one of two options: (i) simulate a phantom
with a known iron background and generate new NSECT images for quantification, or
(ii) compare the true known ratios of iron present in the simulated patient population
with the pixel intensity ratios from the reconstructed images. Under a fixed set of
acquisition parameters this comparison is similar to comparing two different tissue
types in the same image. For ease of data management, the second option was utilized in

this work.
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The error between the true known ratios and the measured ratios was calculated.
If the error was greater than 15% the lesion was considered not classified. Again, due to
lack of availability of a gold standard for NSECT experiments, the 15% error threshold
was selected arbitrarily as a starting point.

In the next step the sensitivity, specificity, positive and negative predictive
values and accuracy of quantification and classification of lesions by the NSECT liver
imaging system were calculated for different patient sizes and dose levels. Table 27
summarizes the calculated values. From the values in table 27 it can be concluded that:

i.  The performance of the system decreases with reductions in in dose as
well as increases in patient size

ii.  For the 30 cm torso, the dose level at 0.2x10% neutrons per beam position
is sufficient to achieve 88.23% accuracy in classification of lesions with a
7-detector, n-TRI acquisition system and n-TRI based image
reconstruction.

iii. ~ For the 50 cm torso, at 0.5x10% neutrons per beam position the accuracy is
70.58%, however the sensitivity to quantifying and classifying a lesion is
only 58.33%. At 10® neutrons per beam position a trade-off has to be made
between dose to the patient and accuracy.

iv.  The overall sensitivity to localization of a lesion was reported in section

6.3.3.2 as 82.4% at specificity of 70%. The overall sensitivity of
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classification at a dose corresponding to 10% neutrons per beam position is
78.26% at specificity of 100% and accuracy of quantification is 82.35%. All
these numbers can be increased by adding detectors to the acquisition

system.

Table 27: Summary of NSECT system performance for detecting, locating,
quantifying and classifying a lesion across 2 patient sizes and 4 dose levels.

30 cm Major axis torso 50 cm Major axis torso Total

1E8 5E7 2E7 1E7 1E8 5E7 2E7 1E7 1E8 5E7 2E7 1E7

Sensitivity 83.3 833 833 583 727 583 333 16.6 782 708 583 37.5
Specificity 100 100 100 100 83.3 100 100 100 909 100 100 100
PPV 100 100 100 100 88.89 100 100 100 94.7 100 100 100
NPV 714 714 714 50.0 625 50.0 384 333 66.6 58.8 50.0 40.0
Accuracy 88.2 882 882 705 764 705 529 41.1 823 705 705 482

FOM

The accuracy of classification of lesions is affected by three parameters: (i) The
probability of classification of the system, (ii) the element(s) being classified and (iii) the
image SNR.

The probability of classifying a disease accurately is shown in table 28. All lesions
of a particular disease were grouped together across all dose levels. From the table it can
be concluded that the probability of classification increases with decrease in patient size.
The probability of classifying a lesion correctly also depends on the element being used.
Example: Two trace elements were used to classify HCC. Even if one of the elements

was not quantified the lesion was an unsuccessful classification. In the case of the 50 cm
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torso with the phosphorous images (shown in appendix C), the SNR closer to the spine
was lower than the SNR in the liver. In low-dose cases the signal from the spine was
either not detected or was statistically not significant. In such cases, although the lesion
was detected and localized, it was not quantified well based on the 3'P(Lesion)/*'P(Spine)
ratio. In these cases in future experiments, a phantom with known high concentration of
phosphorus must be simulated and the corresponding NSECT images used for
quantification. The SNR in the images corresponding to the various elements are

discussed in the next section.

Table 28: Probability of classification of lesion given the disease.

30 cm Major axis 50 cm Major axis

Total
Disease torso torso
Probability of Probability of Probability of
classification (%) classification (%)  classification (%)
Cirrhosis 100 100 100
Fatty Liver 100 37.5 81.25
Hemochromatosis 90 83.33 88.23
Heptatocellular 83.33 20.0 64.7
Carcinoma
6.3.3.6 Image SNR

As discussed in the previous section, the accuracy of classification depends on
the image SNR. The SNR in these cases were measured at two ROIs; the edge of the
torso closest to the neutron source (leading edge) and the edge of the torso closer to the

spine. SNR is the ratio of mean pixel intensity in the torso to the mean pixel intensity
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outside the torso. For each image the SNR was measured at the leading edge and the
edge close to the spine. Example: the SNR in a 30 cm torso at a dose level of 0.2x108
neutrons per beam position changed from 687.9 (leading edge) to 107.01 (edge closer to
the spine). This large variation in SNR in n-TRI based imaging can be attributed to the
following two factors:

e Variation in detector solid angle and

e Applied neutron attenuation correction.

There are more detectors positioned near the leading edge of the torso as
compared to the edge closer to the spine. Hence, the total detector solid angle changes
and leads to a proportional change in signal intensity. The beam direction is another
cause of this variation in SNR. The neutron attenuation correction applied on the
sinogram before MLEM reconstruction leads to an artificial exponential increase in the
noise level as we go from the leading edge towards the spine along the beam direction
This variation in SNR over an NSECT image can affect the detection, localization and
classification of lesions (as seen in the previous section); specifically in deep-seated
lesions. If during the quantification process in a low-dose image a lesion present closer
to the leading edge is compared to a deep-seated lesion the probability of error in
classification is high. To achieve higher sensitivity and specificity of lesion classification,
the number of detectors can be increased; the expected variation in forward vs.

backward angle detectors in SNR can either be incorporated in the Cij matrix or can be
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corrected for in image post processing. If prior information about the lesion position is
available, the neutron beam direction and detector positions can be optimized such that
the neutron beam path through the lesion and gamma path to the detectors are
minimized. Further investigations are required to optimize the placement and direction

of the neutron beam and detectors to avoid large variations in NSECT image SNR.

6.3.3.7 Practical gamma detectors - HPGe and Labrs

In the simulations of the patient population, gamma detectors were replaced by
ideal detectors to save computational time. However, in a clinical implementation of the
system efficient gamma detectors such as HPGe detectors are used for NSECT imaging
[62]. In the case of n-TRI images, gamma detectors with high timing resolution as well as
high energy resolution are required. Preliminary experimental results of n-TRI imaging
in TUNL laboratories have shown that Cerium doped LaBrs detectors can resolve peaks
from iron and copper with a time resolution of 0.3 ns. To determine the effect of these
detectors on the signal generated from the patient population a LaBrs detector was
simulated in GEANT4 and different gamma energies were detected by the detector.
Figure 44 shows the efficiency of the detector with respect to the incident gamma
energy. The efficiency of the detector decreases with increase in gamma energy and

follows a linear predictable trend as shown in figure 44. Apart from the effect of detector
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efficiency, there is a known 0.3% error associated with the detection of a peak due to the
inherent energy resolution of a LaBrs crystal [37].

These effects due to detector efficiency can be used to degrade the signal from
the ideal detector to simulate a clinical detector system. Both these effects in peak
resolution and energy detection cause a directly proportional drop in gamma counts
detected at the detector. However, this drop in gamma counts is uniform for a given
gamma energy. The NSECT images are reconstructed from sinograms generated from
single energy peaks. Hence, the change in the reconstructed images are uniform and do
not affect the detection, localization, quantification and classification of a given lesion.
The change in peak resolution will affect the estimation of the lesion size and further
investigations are required to study these changes. Hence, the use of ideal detectors does
not significantly bias or affect the performance of the NSECT liver imaging system in

this study.
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Figure 44: Plot showing the efficiency of detection of gamma counts by a
simulated LaBr3 detector vs. energy of gamma counts in keV. The efficiency decreases
as energy increases in a predictable linear trend.

Summarizing, in this chapter, the n-TRI based MLEM reconstruction algorithm
was used to reconstruct images of the liver corresponding to different elements. The
algorithm was validated and the NSECT imaging system performance was studied
under various conditions. Some of the significant results are summarized in table 6.3.3.9.
The results of the classification of the patient population at a dose corresponding to 10%
neutrons per beam position are shown in table 30. From table 29 it is clear that 0.2x108

neutrons per beam position are sufficient to achieve clinically significant accuracy for




the 30 cm torso major axis patients. However, in the case of the bigger patients there is a
trade of between dose and accuracy. A possible method to increase the accuracy while
either reducing or keeping the dose constant is to use more than 7 detectors in the
NSECT system used to scan the larger patient. The reconstructed images from the

different patients at significant dose levels are shown in appendix C.

Table 29: Summary of results from patient population analysis

Parameter 30 cm torso 50 cm torso

Iteration used for

. Iteration 20 Iteration 20
data analysis
; ; "
Optimum dose for At dose corresponding to At dose Correspondmg'tf) 1x10
losion detection 0.2x10®neutrons per beam neutrons per beam position the
position the AUC(SE) 1.0(0) AUC(SE) 0.823(0.146)
Optimum pixel
threshold for 4 4
localization
Optimum dose for 0.2x108 (91.67%) 108 (66.67%)

lesion localization

A trade-off between dose and
sensitivity has to be made; dose
from 0.5x10% (Accuracy =
70.58%, sensitivity = 58.33%)
and dose 10° (Accuracy =
76.47%, sensitivity = 72.72%)

Optimum dose for
quantification and 0.2x108 (Accuracy = 88.23%)
Classification

In the next chapter the actual dose to the patient from the NSECT system,
improvement in dose and scan time and the optimum acquisition geometry are

discussed.
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Table 30: Results of classification of the various NSECT images reconstructed using the n-TRI based MLEM algorithm at
a dose level corresponding to 10° neutrons per beam position. The table reflects the result of localization, quantification and
classification of the lesions present in each simulated patient (table 14). In the table, HCC = Hepatocellular Carcinoma, HCh =
Hemochromatosis, Cirrhosis = Cirrhotic liver tissue, Fatty = Fatty liver tissue, - = NA and ***** indicates a failed classification
result. Patients 7 and 14 are healthy adults with no lesions in the liver. The lesion color represents the pseudo color assigned to
the lesions in the GEANT4 simulations as shown in table 14

Patient # Red lesion Green lesion Blue lesion
100M Localized Quantified Classified Localized Quantified Classified Localize Quantifie Classifie
d d d
1 yes yes HCh - - - - - -
2 yes yes Cirrhosis yes Yes HCh - - -
3 yes yes Cirrhosis yes Yes HCh no - o
4 no - S yes Yes HCC yes yes Fatty
o 5 yes yes HCC - - - - - -
6 yes yes Fatty yes Yes HCC - - -
7 no no Healthy - - - - - -
8 yes yes HCh - - - - - -
9 yes yes Cirrhosis yes Yes HCh - - -
10 yes yes Cirhosis no - sk no - sk
11 no - e yes Yes HCC yes yes Fatty
12 yes no HCh - - - - - -
13 yes yes Fatty yes Yes HCC - - -
14 no no Healthy - - - - - -

Note: In patient 12 a HCC lesion was misclassified as HCh



7. Optimization of n-TRI based NSECT imaging system

The final goal of all the research described so far is to optimize the n-TRI based
imaging system for liver disease classification. An indication of success of the proposed
technique will be a decrease in patient dose and scan time as compared to the
tomographic reconstruction technique. The dose-calculation process for NSECT has been
summarized in previous studies [3][63]; this process will be used to compare the dose
from a tomographic scan and a single angle scan. The scan time calculation and
comparison will be presented in section 7.1. The acquisition parameters such as neutron
beam width, number of detectors, number of beam stops and number of neutrons per

beam position required to achieve the dose reduction is described in section 7.2.

7.1 Dose and scan time optimization

The clinical implementation of NSECT imaging depends on the dose and scan
time optimization of the technique. NSECT uses fast neutrons, which have a dose
quality factor (Q-factor) of 10; this is of significant concern. In this project, techniques
such as single angle scan and multi-detector acquisition system have strived to reduce
the dose and scan time with respect to the dose from a multi-angle tomographic NSECT
imaging system described in [3].

In [3] 370 grams of liver and 590 grams of torso were illuminated per beam

position. The optimal tomographic scanning geometry for this sample was determined
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to be 4.12x10° neutrons per projection at 26 projections where each neutron deposited
energy of 2.96 MeV in the liver. The total effective dose equivalent from this scanning
geometry was estimated at 0.56 mSv.

In the 30 cm major axis torso simulated in the patient population described in
section 4.4, the slice illuminated by the acquisition system has a volume of 530.14 cm?.
Approximately 247.4 cm? of the volume in the slice is liver tissue. The entire volume is
irradiated by 30 beam positions with 0.2x10® neutrons per beam position; 14 of the 30
beam positions are incident on the liver. The densities of liver tissue and soft tissue
present in the torso are 1.06 g/cm? and 1.0 g/cm?® respectively. Hence, the mass of liver
and torso in the irradiated volume are 262.24 g and 282.74 g respectively. Previous
studies have shown that each neutron deposits on an average 2.96 MeV in the liver and
1.33 MeV in the torso [3]. A summary of the dose calculation to this 30 cm major axis
torso is described in table 31. The total effective dose equivalent delivered is 0.37 mSv; a

reduction of 33.9% in effective dose equivalent compared to the tomographic scan.
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Table 31: Summary of dose calculation for the 30 cm torso

Parameter Liver Torso
Number of incident 2.8x108 3.2x108
neutrons
Total energy deposited 8.28x108 4.25x108
(MeV)
Total energy deposited (J) 13.24x10° 6.8x10°
Tissue mass (kg) 0.262 0.282
Effective dose (J/kg) Gy 50.56x10" 24.11x10°%
Neutron Q-factor 10 10
Liver RBE 0.05 0.05
Effective dose equivalent 0.25 0.12
(mSv)

It must be noted that the entire torso was irradiated in this research to study the
effect of the new scanning technique and n-TRI based MLEM reconstruction. In the
clinical implementation of this technique only the upper abdominal quadrant in which
the liver is positioned will be scanned and each irradiated slice will have an effective
dose equivalent of ~0.25 mSv. If 15 slices of the liver are irradiated the total effective
dose equivalent to the patient will be 3.75 to 4 mSv; a typical abdominal CT scan is 13
mSv. Hence, the n-TRI based NSECT liver imaging technique can develop into a low-
dose, robust liver imaging technique.

Similarly, in the case of the 50 cm major axis torso at 10% neutrons per beam
position the effective dose equivalent is 1.57 mSv. Despite the large dose to the patient
the accuracy of classification in this case needs improvement. Previous NSECT studies

have estimated that the signal intensity decreases by a factor of 3 for every 10 cm
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increase in patient size [64]; to achieve signal intensity comparable to the smaller patient
with tomographic scanning the effective dose equivalent has to be 5.04 mSv(0.56 mSv*9).
However, the dose of 1.57 mSv is an improvement of 68.84%. Further investigations are
required to optimize the n-TRI NSECT scanner for large patients.

In previous studies, NSECT images were generated using MLEM reconstruction
with tomographic data acquisition. These studies showed that 5 mg/g of iron in a lesion
inside a normal liver with 0 mg/g of iron was detected with the following acquisition
parameters 8 rotations from 0 to 180°, 26 translations, and 4.12x10¢ neutrons per
projection. These acquisition parameters delivered a reasonable dose of 0.56 mSv to the
patient [3]. However, with the presently available neutron source at TUNL and a single
HPGe detector this scan would take ~48 hours. The present TUNL source can generate a
neutron flux of ~1.43x10° neutrons/second at a gas cell pressure of 7.7 atm. From this we
can estimate the time required just to generate enough neutrons is ~1.66 hours, to this
we have to add the time for rotation and translation, source and detector pulsing and the
time required to calibrate the system. Even a 2 hour scan causes a lot of discomfort to the
patient.

For the 30 cm patient the neutrons per beam position is 0.2x108 for a total of
6x108 neutrons, the time required to generate this at the TUNL source is ~1 hour and 10
mins, there are no rotations in the n-TRI based NSECT scanner and the number of

translations are reduced from 208 to 30. The length of this scan is comparable to the time
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taken for an abdominal MRI scan which ranges from 45 mins to 1 hour 15 mins. If the
number of beam positions decrease the scan time decreases too. In a clinical
implementation with 15 beam positions and a neutron source with higher flux the scan
time can be reduced to 30 to 45 mins. However, a similar calculation for the larger
patient at 10° neutrons per beam position approximates the scan time at ~ 9 hours which
is a reduction as compared to 48 hours for tomographic scanning; but is impractical in a
clinical setting. Further investigations are required to optimize the scanner for large

patients.

7.2 Optimum acquisition geometry

As mentioned earlier the acquisition parameters: neutron beam width, number of
detectors, number of beam stops and number of neutrons per beam position can be
optimized to achieve dose reduction. In the current research of the n-TRI based NSECT
imaging, the number of neutrons per beam position can be optimized to achieve high
accuracy of lesion classification.

In this present research, the reconstructed images were divided into two groups
based on patient size. Images were reconstructed from sinograms generated with data
acquired with different number of neutrons per beam position each associated with a
different dose level. At each dose level the images were studied to analyze the

sensitivity, specificity and accuracy of the NSECT system in detecting, localizing,
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quantifying and classifying lesions in the images. The lesions were classified into 4
diseases: Hemochromatosis, HCC, Fatty liver and Cirrhotic liver.
The results of this optimization showed that, for the 30 cm major axis torso
patients at 0.2x10% neutron per beam position:
i.  Alllesions with diameter < 1 cm were undetected.
ii.  91.67% of all the lesions were detected and localized.
iii. ~ The percent error in estimation of lesion diameter was 6.8 % and 1.2% for
2cm and 1cm lesions respectively.
iv.  The accuracy of quantification and classification was 88.23%.
v.  The effective dose equivalent was 0.37 mSv, for a 33.9% decrease in dose
as compared to tomographic scanning.
For the 50 cm major axis torso patient at 10® neutrons per beam position:
i.  75% of all the lesions were detected, only 66.67% were accurately
localized.
ii. ~ The percent error in estimation of lesion diameter was 2.1 % and 0% for
2cm and 1em lesions respectively.
iii. ~ The accuracy of quantification and classification was 76.47%.
iv.  The effective dose equivalent was 1.57 mSv, for a 68.8% decrease in dose

as compared to tomographic scanning.
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8 Summary, Conclusions and Future Work

The purpose of this research was to optimize the NSECT imaging system to
detect, localize and classify hemochromatosis, HCC, fatty liver and cirrhotic liver lesions
in the liver while reducing both the dose delivered to the patient and scan time using
GEANT4 simulations. Two dose reduction techniques were implemented: multi-
detector, single angle acquisition and neutron-time resolved imaging (n-TRI). The
MLEM algorithm was modified to reconstruct multi-detector n-TRI images to generate
liver images. Liver images were generated from a simulated patient population with two
patient sizes and multiple lesions with the 4 liver abnormalities listed above. The
performance of the n-TRI based NSECT system was validated by analyzing the
reconstructed images from the patient population. Finally, this study was used to
determine the optimum acquisition parameters, the effective dose equivalent and scan

time for the n-TRI based NSECT system.

8.1 Summary of findings

Chapters 2 and 3 describe the theoretical principles of NSECT and the motivation
for a low-dose liver imaging technique. NSECT has a unique advantage over other liver
imaging modalities in its ability to detect, localize as well as classify liver lesions

through elemental quantification. This study has demonstrated that NSECT can classify
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hemochromatosis, HCC, fatty liver tissue and cirrhosis based on the presence of
moderate concentration variations in bulk and trace elements in the tissue.

Chapter 4 discusses the analytical equation to estimate NSECT signal and the
various parameters that influence the signal intensity and hence the performance of the
liver imaging system. There are several complex, interdependent processes that either
attenuate or amplify the signal intensity. Certain parameters can be manipulated to
achieve higher signal intensity while reducing the dose to the patient; such as increasing
the number of detectors in the acquisition system. The use of a multi-detector acquisition
system is the first of two dose reduction techniques implemented in this study. In this
chapter the GEANT4 simulations used to generate NSECT signal were described. A
patient population with two patient sizes and multiple lesions in the liver were
developed to study the performance of the liver imaging system.

Chapter 5 describes and discusses the second and novel dose reduction
technique implemented in this study; neutron-time-resolved imaging (n-TRI). The
theoretical principles of n-TRI give it the unique advantage to detect, localize, quantify
and classify liver lesions from signal acquired using a single angle scan and a multi-
detector system. The lesions were quantified for a practical time resolution of 0.3 ns with
errors < 17.8%. The n-TRI technique can be used as a stand-alone spectroscopic

technique.
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Chapter 6 discusses a modification of the MLEM algorithm for liver image
reconstruction. Input sinograms generated from the patient population using n-TRI
imaging technique and multi-detector, single angle acquisition system was
reconstructed using this algorithm and the results of the validation of this technique are
presented in this chapter. ROC curves were generated to determine the performance of
this novel liver imaging technique at two patient sizes and 4 dose levels. This study
served the dual purpose of validating the algorithm and optimizing the dose level for
two patient sizes. The results showed that the 30 cm torso scanned with 0.2x10% neutron
per beam position was able to detect and localize 91.67% all the lesions and the accuracy
of quantification and classification was 88.23%. Similarly, for the 50 cm torso scanned
with 108 neutrons per beam position 75% of all the lesions were detected, only 66.67%
were accurately localized and the accuracy of quantification and classification was
76.47%.

Finally, chapter 7 describes the technique used for dose calculation in NSECT
and compares the dose delivered to the patient using tomographic scanning with the n-
TRI based scanning system. The scan time achieved using the low-dose technique for

different patient sizes are reported.
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8.2 Conclusions

In conclusion, this work demonstrates the potential of a novel low-dose liver
imaging technique based on the theoretical principles of NSECT. NSECT’s ability to
detect, localize, quantify and classify 4 liver abnormalities has been demonstrated. This
technique describes, develops and validates the single angle, multi-detector, n-TRI based
imaging system. The simulations developed in this work will aid the experimental
development of the NSECT technique. While the simulation is not a fully complete
model of the experimental technique, it provides a platform on which further

development can take place.

8.3 Future Work

As the NSECT imaging technique continues to grow, it will require further
optimization of the acquisition parameters and better understanding of the image
features. The acquisition system can be optimized by reconstructing images with fewer
or more detectors, different beam widths and scanning the patient at oblique angles so
as to reduce the neutron and gamma attenuation path lengths. These tasks can be
achieved by using the developed simulations to generate the required data and
analyzing the dataset similar to the work presented here.

The reconstructed images can be used to further investigate the image features

such as the relationship between lesion size and beam width in the reconstructed images
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and the non-uniform SNR present in the reconstructed images. Techniques to correct for
these irregularities can be developed, implemented and tested to improve the overall
performance of the system.

These simulations can also be used to test the detectability of various isotopes
present in clinically relevant concentrations and lay a framework for the expected signal
from experimental data acquisition.

A n-TRI based spectroscopic acquisition system can be developed and used to
classify lesions with known locations in the liver. The n-TRI based NSECT imaging
system can be optimized to detect and classify lesions in other organs such as breast,
kidney, colon and rectum. A multi-slice scan of these organs can be either volume
rendered or reconstructed to generate 3-D visualization of elemental concentrations in
the organ.

Another aspect that can be addressed is the quantification technique. A robust
phantom can be developed with high concentrations of elements of interest and scanned
with different combinations of acquisition parameters, which can be used to quantify
lesions in a NSECT image. A full body human phantom can be scanned to study the
dose delivered by a NSECT liver scan to the surrounding sensitive organs such as heart,
stomach and kidneys.

Finally, experimental implementation of n-TRI based NSECT imaging has

several practical aspects that are not included in this simulation. For example, the
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simulation does not model the variation in efficiency of detectors over the energy range,
the electronic noise, rise-time and dead-time issues and the blurring of signal due to the
energy and time resolution of the LaBrs detectors. The number of neutrons, required to
retain the signal intensity with increase in noise, will increase, thereby increasing patient
dose. All these potential challenges have to be explored before NSECT can be

implemented as a clinical imaging technique.
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Appendix A

Calculations to find intersection of particle path with spherical
ideal detector:

When a particle of interest (or photon) reaches the end of the world we obtain
P.=(X,, Y., Z) the pre-step position of the particle and

P =(X., Y, Z) the post-step position of the particle

B =(x,Y.,Z)=(000) is the center of the ideal detector

AP =[(% = %):(Ye = Yo)(z. — )] = (AX, Ay, AZ)

a=AX* + Ay® + AZ

b=2e(Axe (X —X)+Aye (Y, —¥.) +Aze (z - Z))
b=2e(Axe(x,—0)+Aye(y,—0)+Aze(z -0))

C=X +Y +Z+X+Y+Z —20(X o X FY oY, +20Z)- 1"
where r is the radius of the ideal detector (r =1 m)

if b*—4* a* c <0 the particle path does not intersect the ideal detector.

Else, there can be two points of intersection

_ 2 ANk A%
a=(a+( b e CJ*G%—&»
*a

—b-+b?-4*a*c |,
o (P.~P))

¢ d, = distance(R, P))
et, ,
d, = distance(R,,P))

The point of intersection = min(B,R)
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Converting Cartesian coordinates to Polar coordinates

Let, (x, y, z) be the Cartesian coordinates of the position of a particle on the ideal

detector.
pP=AX+Y +7
¢= cos‘l(ij
P
6 =atan2(x,—2)

where, (p, ¢, 0) represent the polar coordinates of the position of a particle on the

ideal detector.

p =1 m is the radius of the ideal detector.

176



Appendix B

Steps to calculate neutron and gamma attenuation coefficient:

Step 1: Calculate the mass of each element in the sample tissue in grams.

Example: 1 cm? of liver =1.06 g

Elemental Composition of Mass in 1 cm? of liver in
) . Percentage by mass
Liver Tissue g
Hydrogen 0.102 1.06*0.102 = 0.10812
Carbon 0.139 0.14734
Nitrogen 0.03 0.0318
Oxygen 0.716 0.75896
Sodium 0.002 0.00212
Phosphorous 0.003 0.00318
Sulphur 0.003 0.00318
Chlorine 0.002 0.00212
Potassium 0.003 0.00318

Step 2: Calculate number of nuclei of each element in the sample tissue

Avagadro’s number = 6.023*10%

Elemental Composition Mass in 1 cm? of . . Number of atoms in
. . . ) Atomic weight .
of Liver Tissue liverin g liver
0.10812%6.023*10%%/1.01 =

Hydrogen 0.10812 1.01 6.44750F420
Carbon 0.14734 12.011 7.38847E+21
Nitrogen 0.0318 14.01 1.3671E+21
Oxygen 0.75896 16 2.85701E+22
Sodium 0.00212 22.99 5.55405E+19
Phosphorous 0.00318 30.974 6.18362E+19
Sulphur 0.00318 32.066 5.97304E+19
Chlorine 0.00212 35.45 3.60191E+19
Potassium 0.00318 39.1 4.8985E+19

Step 3: Calculate neutron or gamma attenuation coefficient for each element

For gamma attenuation coefficient we have to use gamma absorption cross section
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Elemental Composition of Liver Neutron absorption Neutron attenuation

Tissue ¢/sin cm coefficient
Hydrogen 1.59166E-24 0.10262374
Carbon 1.18407E-24 0.00874846
Nitrogen 1.153E-24 0.00157627
Oxygen 1.02431E-24 0.02926464
Sodium 1.76456E-24 9.8005E-05
Phosphorous 2.55946E-24 0.00015827
Sulphur 2.7384E-24 0.00016357
Chlorine 3.03743E-24 0.00010941
Potassium 3.38503E-24 0.00016582

Step 4: Total neutron attenuation coefficient is the sum of individual neutron
attenuation coefficients.

Liver neutron attenuation coefficient = 0.14290817/cm
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Appendix C

Reconstructed NSECT liver images from the 20" iteration of
MLEM

Patient 1; dose 0.37 mSv; shows the lesion details.

Carbon Iron

Phosphorous 1266 keV Phosphorous 2233 keV
The reconstructed carbon and phosphorous images have no lesions. The iron

image shows a region of elevated pixel intensities corresponding to the simulated lesion.

This patient was classified successfully.
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The pixel intensity between images of two different elements cannot be
compared. Pixel intensities of images of the same element from two different patients
can only be compared if the maximum concentration of the element is the same in both

patients.
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Patient 2; dose 0.37 mSv; Table 14 shows the lesion details.

Carbon Iron

Phosphorous 1266 keV Phosphorous 2233 keV
Both carbon and iron images show regions with high pixel intensity in the liver.

These lesions correspond to cirrhotic tissue and hemochromatosis. There are no lesions

in the phosphorous images.
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Patient 3; dose 0.37 mSv; Table 14 shows the lesion details.

The carbon image is reprinted with a high contrast colormap to visualize the
fatty lesion in the liver

Iron Phosphorous 1266 keV Phosphorous 2233 keV
The carbon image has two lesions, higher intensity corresponds to cirrhotic tissue

and the deeper, smaller and lower intensity lesion corresponds to fatty liver lesion. The
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iron image shows a single lesion and there are no corresponding lesions in the
phosphorous images. The iron lesion corresponds to hemochromatosis.

Patient 4; dose 0.37 mSv; Table 14 shows the lesion details.

Carbon Iron

Phosphorous 1266 keV Phosphorous 2233 keV
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The simulation had two lesions with elevated carbon concentration; one lesion
had a diameter of 0.5 cm (red) which is less than the beam width and the other 1.5 cm
lesion (blue) had fatty liver composition. In the reconstructed carbon image the 0.5 cm
lesion was undetected. The carbon image here shows the larger fatty liver lesion. The
iron and phosphorous images show regions of elevated pixel intensity in the liver
coressponding to HCC.

Patient 5; dose 0.37 mSv; Table 14 shows the lesion details.

Carbon Iron
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Phosphorous 1266 keV Phosphorous 2233 keV
The iron and phosphorus images show elevated pixel intensities at coincident
positions at the center of the liver, this corresponds to a HCC lesion.

Patient 6; dose 0.37 mSv; Table 14 shows the lesion details.

Carbon Iron
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Phosphorous 1266 keV Phosphorous 2233 keV

In this patient a fatty liver lesion was simulated very close to the top edge of the
liver. All carbon images have high pixel intensity at the top edge due to the proximity of
the detectors to this edge of the phantom (figure 19). However, when a line profile
through the region was drawn a distinct peak was observed at the position
corresponding to the simulated lesion. If the carbon images from the other patients are
compared to the carbon image from patient 6, it can be observed that the total area of
high intensity pixels is greatest in the image from patient 6. Hence the lesion in the
carbon image was detected. The iron and phosphorous images show the HCC lesion in

the liver.
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Patient 7; dose 0.37 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV

Patient 7 was a control healthy patient. The carbon and phosphorous images
contain no regions of high intensity pixel values in the liver. The iron image could not be
reconstructed due to the sparse nature of the sinograms, the phantom does not contain

any background iron.
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Patient 8; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV
The iron image shows the lesion with iron overload. The carbon and

phosphorous images have no lesions.
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Patient 9; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV

Both carbon and iron images show regions with high pixel intensity in the liver.
These lesions correspond to cirrhotic tissue and hemochromatosis. There are no lesions

in the phosphorous images.
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Patient 10; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV

Of the three simulated lesions, the lesion with iron overload and cirrhotic tissue
were classified in this patient. The 1.5 cm fatty liver lesion was undetected due to the

large neutron attenuation path length.
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Patient 11; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV
All four images show a lesion. The lesions in the iron and phosphorus images
correspond to the simulated HCC lesion and the lesion in the carbon images is a fatty

liver lesion.
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Patient 12, dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV
A single HCC lesion is visible in the iron and phosphorus images at the center of

the liver.
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Patient 13; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV

The simulated fatty liver and HCC liver were successfully classified. The carbon

image shows the fatty liver lesion at the edge of the liver as a region of high pixel
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intensity (dark blue). The liver and phosphorous images show coinciding high pixel
intensity in the liver.

Patient 14; dose 1.57 mSv; Table 14 shows the lesion details.

Phosphorous 1266 keV Phosphorous 2233 keV

Patient 7 was a control healthy patient. The carbon and phosphorous images
contain no regions of high intensity pixel values in the liver. The iron image could not be
reconstructed due to the sparse nature of the sinograms, the phantom does not contain

any background iron.
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