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Abstract	  

Elastin-Like Polypeptide (ELP) nanoparticles present a promising mechanism for 

delivering brachytherapy for cancer treatment. These organic, polymer-based 

nanoparticles are injectable, biodegradable, and genetically tunable. Presented as the 

motivation of this thesis is a genetically encoded polymer-solution, composed of novel 

radiolabeled-ELP nanoparticles that are custom-designed to self-assemble into a local 

source upon intratumoral injection1. While preliminary results from a small animal 

study demonstrate 100% tumor response, effective radionuclide retention-rates, strong 

in vivo stability, and no polymer-induced toxicities, the current workflow lacks a 

dosimetry framework. The purpose of this thesis research was to provide such an 

infrastructure. We have developed a robust software framework that provides image-

guided dosimetric-planning capabilities for ELP brachytherapy. This has resulted in 

several novel applications. First, the development of a point-dose-kernel-convolution-

based dose calculation algorithm has invited the possibility of more quantitative ELP 

brachytherapy outcomes. Likewise, the ability to graphically pre-determine ELP 

injection sites under µCT image-guidance has introduced a new technical advantage into 

the current workflow. The planning system has also been integrated into a Monte Carlo 

environment, where SPECT imaging information can be exported and converted into a 

simulated source, allowing realistic, injection specific simulations to be performed. In 

addition to these technical developments, ELP steady state distributions have been 

experimentally measured via µSPECT acquisition, and the dose calculation algorithm 

has been validated against Monte Carlo simulation. The planning system was ultimately 

used to perform an internal dosimetry calculation of an in vivo ELP solution. Prior to 

this thesis work, this type of calculation had yet to be performed.  
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1.	  Introduction	  	  

1.1 Motivation 
Elastin-like polypeptide (ELP) nanoparticles present a promising mechanism for 

delivering brachytherapy for cancer treatment. Derived from a unique class of 

genetically engineered peptide polymers, these organic nanoparticles are injectable, 

biodegradable, and capable of being fine-tuned at the design level. Their novelty is an 

ability to exhibit inverse temperature phase transitions; i.e., ELP nanoparticles are highly 

soluble in aqueous solution below a threshold temperature, but will aggregate to form a 

hydrophobic structure in response to a slight increase in temperature 2,3. The 

temperature at which this phenomenon occurs is variable, and can be fine-tuned by 

adjusting the amino acid composition, molecular weight, and concentration of the 

polymer. This versatility makes possible the design of ELP nanoparticles that are soluble 

at room temperature, but rapidly aggregate upon equilibrating to internal body 

temperature. Such an ELP design is therefore ideal for the local delivery of 

radiopharmaceuticals.   

 Presented at the heart of this thesis is a genetically encoded polymer solution, 

composed of a novel radiolabeled ELP design that is tuned to self assemble into a local 

source upon intratumoral injection1. While previous studies have demonstrated that the 

injection of these ELP nanoparticles is highly promising as a novel brachytherapy 

mechanism1, 4,5, its current pre-clinical workflow lacks a dedicated dosimetry framework 

and planning system. Such a clinical analog is not only a new development, but also a 

requirement if the nanoparticle approach is to someday be implemented into clinical 

practice.      
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1.2 Objectives 
The overall objective of this thesis work was to provide an infrastructure that was 

previously missing from the pre-clinical ELP brachytherapy workflow. This was 

achieved through the development, validation, and evaluation of a methodology for 

determining the internal dosimetry associated with the injection of ELP nanoparticles. 

Essential tasks included implementing modern diagnostic imaging capabilities into the 

existing workflow, developing new dose calculation schemes that account for the unique 

nature of ELP dynamics, integrating in-house developed software with commercial 

Monte Carlo code, and designing novel software to that act as the technical foundation 

of the pre-clinical procedure. Figure 1 provides an overview of the various components 

of ELP brachytherapy. The yellow components indicate where this thesis work has 

impacted the overall preclinical workflow.   
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Figure 1: Overview of the different components required for a preclinical ELP 
brachytherapy procedure. The yellow components indicate original contributions 
made towards the existing workflow. The development, validation, and 
implementation of these contributions are discussed in detail in throughout this 
thesis document. 

   



 

 4 

1.3 Elastin-Like Polypeptides 

1.3.1 Tunable Biopolymers 

Genetically engineered derivatives of the human protein tropoelastin, ELPs are a 

repeating motif of amino acids, Val-Pro-Gly-XaaGly. Here, Xaa is known as the guest 

residue, and can be any amino acid other than Proline. ELP sequences are commonly 

depicted according to Figure 2. The color wash in this generic diagram is supposed to 

represent a local hydrophobicity gradient along the polymer sequence. 

 

Figure 2: Generic elastin-like polypeptide design. This graphic is commonly used 
throughout this thesis work to visualize ELP polymers and their dynamics. The color 
map represents a local hydrophobicity within the polymer, where the green is 
hydrophobic, and the red is hydrophilic. (Permission acquired from Dr. Wenge Liu). 

As has previously been shown by Urry et al., varying the guest residue, Xaa, of an 

ELP demonstrates a considerable change in its transition temperature 6,7. Specifically, a 

linear relationship exists between guest residue hydrophobicity, and the resulting ELP 

transition temperature. The presence of a non-polar, hydrophobic amino acid acting as 

the guest residue results in an ELP exhibiting a relatively low transition temperature. In 

contrast, the presence of a polar, hydrophilic amino acid acting as the guest residue 

results in an ELP exhibiting a higher transition temperature. This phenomenon is known 

as the ΔTt Effect, and can be exploited to genetically engineer ELPs that are fine-tuned 

for specific biomedical applications8-11.  

 Furthermore, Conticello et al. have demonstrated the local hydrophobicity 

gradient existing within ELP sequences causes a formation of micelle-like spherical 

nanoparticles12-14. While each nanoparticle maximizes its entropy by establishing a 

hydrophobic core, its hydrophilic surface area promotes solubility in aqueous solution 



 

 5 

below the ELP transition temperature. However, at higher temperatures, a structural re-

organization forces a dramatic phase separation to occur between the nanoparticles and 

their solvent. This in turn results in hydrophobic subunits that aggregate together into 

an insoluble cluster. The biological half-life of the resulting hydrophobic structure 

depends on the molecular weight of the polymer, such that there is a direct relationship 

between the number of sequence repeats, n, and structure longevity5. 

 

Figure 3: Demonstration of inverse temperature phase transition. On the left, ELP 
nanoparticles are shown to be soluble in aqueous solution at an intermediate 
environmental temperature. On the right, a single hydrophobic polymer depot is 
formed when the environment is warmer than both transition temperatures of the 
copolymer. (Permission acquired from Dr. Wenge Liu). 

1.3.2 ELP-based Injectable Brachytherapy 

Due to their unique thermally responsive properties, ELP nanoparticles present a 

promising mechanism for delivering brachytherapy for cancer treatment. In particular, 

Liu et al. at Duke have developed an alternative approach to current brachytherapy 

standards1, 4,5. They have presented a genetically encoded copolymer solution composed 

of a thermally responsive ELP radiolabeled with 131I that self-assembles into a 

radionuclide source upon intratumoral injection1. Their novel ELP design results in a 

transition temperature of 18 °C when injected at 1000 µM. The ELP chain is 120 repeats 
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long, resulting in a molecular weight of 50.624 kDa. This molecular weight gives the 

aggregate cluster a biological half-life on the order of many months. Figure 4 

demonstrates the polymer design. 

 

Figure 4: The novel ELP polymer design used throughout this thesis research. The 
hydrophobicity gradient causes the formation of stable nanoparticles between 10 °C 
and 18 °C. (Permission acquired from Dr. Wenge Liu). 

In their previous small animal study, Dr. Liu’s loaded the ELP with radioactive 131I, and 

administered it to Balb/c nude mice bearing one of two subcutaneous tumor xenografts. 

Preliminary results have demonstrated 100% tumor response, effective radionuclide 

retention-rates, strong in vivo depot stability, and no polymer-induced toxicities1. These 

results are highly promising, as previous synthetic polymer-based approaches have 

failed to meet such requirements15-21. A sample of these results is shown in Figure 5. 
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Figure 5: Pre-clinical ELP brachytherapy FaDu xenograft tumor response. (Permission 
acquired from Dr. Wenge Liu).  

 

1.4 Point-Dose Kernel Convolution Theory 
In linear systems theory, a system’s response to some external change is modeled by the 

system’s linear response function, h(x) . Based on the superposition principle, the 

response of a shift invariant linear system, SOUT, can be mathematically described as the 

convolution of an input signal, SIN, and the system’s linear response function24, 

 
sout = sin ⊗ h ≡ sin ξ( )

−∞

∞

∫ ⋅h x − ξ( )dξ  [Eq 1.1] 

In internal radiation dosimetry calculations that use point-dose kernel 

convolution formalism22, the linear response function is assumed to be a point-dose 
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kernel, k(x, y, z) . Mathematically, point-dose kernels describe a system’s impulse 

response to a single decay of a specific radionuclide. Physically, they describe the 

isotropic dose distribution from a point source of radiation within a uniform medium. 

Point-dose kernels are typically derived though Monte Carlo methods, and are used to 

generate 3D dose maps25, 26.   

If A(x, y, z)  represents the absolute radioactivity distribution per voxel, its 

response to a point-dose response function results in the associated dose-rate 

distribution. As such, dose-rate as a function of position can be calculated as the 

convolution between a radioactivity distribution, and its representative point-dose 

kernel23, 

 dD
dt

x, y, z( ) = k x, y, z( )⊗ A x, y, z( )  [Eq 1.2] 

Which by definition is equal to, 

 dD
dt

x, y, z( ) = k x − x ', y − y ', z − z '( )
−∞

∞

∫
−∞

∞

∫
−∞

∞

∫ ⋅ A x ', y ', z '( )dx 'dy 'dz '  [Eq 1.3] 

The above convolution can be evaluated in the frequency domain by means of 

Fourier Transformation. The system’s transfer function, K(u,v,w) , is defined as the 

Fourier Transform of the point-dose kernel24, 

 
K u,v,w( ) = ℑ k x, y, z( ){ } = k x, y, z( )e− i2π ux+vy+wz( ) dxdydz

−∞

∞

∫
−∞

∞

∫
−∞

∞

∫  [Eq 1.4] 

such that the frequency response of the system is, 

 
ℑ k x, y, z( ){ } ⋅ ℑ A x, y, z( ){ } = A x, y, z( ) ⋅ k x, y, z( )e− i2π ux+vy+wz( ) dxdydz

−∞

∞

∫
−∞

∞

∫
−∞

∞

∫  [Eq 1.5] 

Finally, the dose-rate distribution is then the inverse Fourier Transform of the system’s 

frequency response, 
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 dD
dt

x, y, z( ) = ℑ−1 ℑ k x, y, z( ){ } ⋅ ℑ A x, y, z( ){ }{ }   [Eq 1.6] 

which by definition is equal to, 

 dD
dt

x, y, z( ) = A u,v,w( ) ⋅K u,v,w( )ei2π ux+vy+wz( ) dudvdw
−∞

∞

∫
−∞

∞

∫
−∞

∞

∫  [Eq 1.7] 

Using Equation 1.7, we can pre-calculate the dosimetry expected from an ELP injection 

as the convolution of its representative point-dose kernel, and its steady-state 

distribution in tissue.   
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2.	  Methods	  	  

2.1 Development of a Point-Dose Kernel Dosimetry Algorithm 
Preliminary data shows a non-uniform steady-state distribution of ELP aggregate within 

tumors. Accurate dose calculations must therefore account for the resulting 

inhomogeneous radioactivity distribution. It has been demonstrated that for similar 

scenarios of inhomogeneous activity, internal dosimetry calculations can be performed 

with a point-dose kernel convolution technique 22,23. Therefore, a dose calculation 

algorithm has been developed based on this method. This section will demonstrate how 

point-dose kernels were derived for this research, as well as how they were 

implemented towards the development and validation of an ELP dose calculation 

algorithm. As the ELP design demonstrated in Figure 4 is only capable of being 

chemically loaded with iodine-based radiopharmaceuticals, iodine point-dose kernels 

are considered in this thesis. In particular, 125I is used extensively in the following two 

chapters, primarily due to its ability to be detected via SPECT acquisition.   

2.1.1 Derivation of Point-Dose Kernels using Monte Carlo Methods  

Monte Carlo methods have been used to independently derive point-dose kernels for 

each radionuclide relevant for ELP brachytherapy. Specifically, MCNP (Monte Carlo N-

Particle) Version 6 was used for this purpose. MCNP is a general-purpose radiation 

transport code designed to simulate the creation, interaction, and energy-deposition 

associated with photons, neutrons, and electrons27. It processes information based on 

built in libraries of continuous-energy cross sectional data. The structure of MCNP input 

files are constructed as 3 “blocks” of text data, each consisting of a series of “cards” that 

provide necessary information for the simulation to be performed. The 1st block consists 

of cell cards, which give physical meaning to the geometries that are defined in the 2nd 

block. The 3rd block consists of essential information such as material descriptions, 
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branching ratio data, source definitions, etc. In addition, a variety of user-defined tallies 

– such as particle current, flux and energy deposition – are used to record desired 

information at specific spatial locations during a simulation27. To acquire statistical 

convergence, MCNP simulations are repeated a number of times, where each iteration is 

defined as a new particle history. Tally outputs are normalized to the number of starting 

particles per history, and include an estimated relative error associated with them.  

 To derive point-dose kernels in MCNP, the following procedure was 

implemented. The simulation environment was designed as a collection of 199 

concentric water spheres with radii ranging from 1 mm to 199 mm. An 80 cm diameter 

sphere of air, beyond which particle transport was terminated, encompassed all of the 

water spheres. The Boolean subtraction of adjacent water spheres was used to create a 

series of 1 mm thick concentric water shells, and each was defined as a tally volume. 

This geometry inherently accounted for physical source considerations such as inverse-

square falloff and solid angle geometrical effects. Attenuation was accounted for based 

on the elemental composition of the spheres. The simulation environment is shown in 

Figure 6. 

 

Figure 6: Monte Carlo simulation environment used to create point-dose kernels. 

            For a specific radionuclide, 5 million isotropic decay events were spawned from 

the environment origin with energies according to the referenced branching ratio data. 
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A cutoff energy was set to 1 keV, below which secondary particles were terminated from 

the active simulation history. MCNP’s ‘f6’ tally was used to track the dose deposited to 

each concentric water shell, resulting in the dose to water as a function of radial 

distance. A total of 2 million initial particle histories were generated per simulation, 

resulting in relative errors of less than 0.001.  

2.1.2 Post-Simulation Processing 

After the simulation was finished, the following post-processing procedure was carried 

out. The dose, D, deposited to a single water shell located at a radial distance, r, is 

 
r
ShellD = f 6r MeV ⋅ g−1 ⋅decay−1⎡⎣ ⎤⎦  [Eq 2.1] 

The simulation was designed such that each history only spawned a single source 

particle. After the completion of a simulation, the total number of histories is therefore 

equivalent to the total number of decays. In effect, this scheme ensures the Monte Carlo 

tally output to be a measure of dose-per-decay, 

 MeV ⋅ g−1 ⋅history−1 = MeV ⋅ g−1 ⋅decay−1  [Eq 2.2] 

Converting the units of dose from MeV/g to cGy gives, 

 
r
ShellD = f 6r ⋅

Mev
g ⋅decay

⋅
1000g
kg

⋅
1.6E −13J

MeV
⋅
100cGy
Gy

= f 6r ⋅1.6E − 8 cGy
decay

⎡

⎣
⎢

⎤

⎦
⎥

 

[Eq 2.3] 

Without any loss of generality, both the numerator and the denominator can be 

multiplied by 1 hertz, which results in the dose-rate per unit activity, 

 

 [Eq 2.4] 

Equivalently, this can be thought of as the absorbed dose in cGy, per cumulated activity 

in Bq•sec, 
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 [Eq 2.5] 

Expressing activity in	  µCi and time in hours gives, 

 ∂Dr
Shell

∂t
A

= f 6r ⋅
1.6E − 8cGy / s

Bq
⋅
3.7E10Bq

Ci
⋅

Ci
1E6µCi

⋅
3600s
hr

= 2.13 ⋅ f 6r
cGy / hr
µCi

⎡

⎣
⎢

⎤

⎦
⎥  [Eq 2.6] 

such that the dose-rate per-unit-activity is equal to, 

 ∂D
∂t

A−1 = F ⋅ f 6r  [Eq 2.7] 

Above, F is the derived conversion factor normalizing default MCNP output to 1 cGy-

per-hour-per-µCi, 

 
F = 2.13 cGy ⋅hr−1 ⋅µCi−1

MeV ⋅ g−1 ⋅decay−1
 [Eq 2.8] 

 Taking into account every shell, , results in the dose-rate as a function of 

radial distance, r, for a 1 µCi point source, 

 dD
dt

r( ) = F ⋅ f 6r
cGy
hr

µCi−1  [Eq 2.9] 

This is the desired point-dose kernel, k, 

 
 [Eq 2.10] 

 For each radionuclide, kernels were developed as the superposition of two 

separate components, 

 k r( ) = kP r( ) + kNP r( )  [Eq 2.11] 

Penetrating radiations are those produced by photon emission, and are accounted for by 

the kp component of Equation 2.11. In contrast, non-penetrating radiations are those 
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produced by beta emissions, and are accounted for by the kNP component of Equation 

2.11.     

2.1.3 Three-Dimensional Point-Dose Kernel Design 

To programmatically implement Equation 2.11, it first had to be converted from 

spherical coordinates to Cartesian coordinates. The process of discretizing the radial 

point-dose kernel was performed in MATLAB (Natick, Massachusetts) with a basic cubic 

interpolation scheme. A 3D matrix of 199x199x199 elements was pre-allocated for speed. 

The center element, [100, 100, 100], was defined as the location of the point-source voxel. 

The position of this element is a true center, as it exhibited symmetry in every direction. 

This is important because it allowed for an accurate isotropic distribution of dose. A 3D 

resultant vector was calculated from the center voxel, Voxo, to every other voxel in the 

matrix, Voxi, 

 
RVox0→Voxi

= i
2x +

i

2y +
i

2z( )1/2  [Eq 2.12] 

where, xi, yi, and zi, are the component vectors from Voxo to Voxi. Component vector 

distances were calculated relative to the center of each voxel. For each resultant vector 

location, , the dose-rate was determined by evaluating the radial point-dose 

kernel at the corresponding resultant distance,  

 k r = RVox0→Voxi( )  [Eq 2.13] 

 For orthogonal matrix elements, there was a 1:1 ratio between the radial point-

dose kernel and the Cartesian point-dose kernel. As such, no interpolation was required. 

In contrast, cubic interpolation was used to determine the correct dose-rate for non-

orthogonal, off-axis matrix elements. To increase computational efficiency, orthogonal 

resultant vectors were evaluated first, followed by non-orthogonal resultant vectors. 
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Since the shells of the Monte Carlo simulation were 0.1 cm thick by design, the spatial 

resolution of the Cartesian point-dose kernel was inherently 1.0 mm3 per voxel. 

 As every radial distance in the Monte Carlo simulation was tallied relative to a 

point source, a mathematical singularity existed in the limit that the radial distance 

approached zero. Therefore, the kernel did not exist at this location, which 

programmatically resulted in an unrepresentable value at the center voxel. However, 

since the source geometry was point-like, the value of the center voxel was determined 

at an infinitesimally small distance away from the singularity, 0+, 

 k 0+( ) = lim
r→0

k r( )  [Eq 2.14] 

The point-dose kernel was therefore extrapolated backwards to find the value 

corresponding to R = 0. This value was then assigned to voxel Voxo. 

 The resulting matrix was a voxelized, physical representation of the dose-rate 

deposition to water from a specific point source of radiation. As such, it could be 

implemented as a point-dose kernel and used as a linear response function to calculate 

internal dosimetry. 
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2.1.4 Implementation of Point-Dose Kernels 

The resulting kernels are used as inputs to an in-house developed ELP dose calculation 

algorithm. The calculation is performed according to the point-dose kernel convolution 

theory covered in Section 1.4, and the algorithm was written in MATLAB (Natick, 

Massachusetts). The algorithm workflow is shown in Figure 7. 

 

Figure 7: Workflow for the dose calculation algorithm. 

 For a given radioactivity distribution, the convolution integral is calculated in the 

Frequency Domain using Fast Fourier Transforms. Anti-aliasing filtering is implemented 

to avoid sampling artifacts within the resulting dose distribution edges. Frequency 

Space is re-sampled by padding it with zeros, such that wrap-around effects existing in 

the high frequency regions are minimized. Prior to inverse transformation, the 

frequency response of the system is cropped down to the same 3D field-of-view as the 

original activity distribution. Inverse Fast Fourier Transformation then yields the 

desired dose distribution. Figure 8 and Figure 9 demonstrate this calculation using a 

uniform spherical volume source. The former shows the resulting dose-rate distribution 

without anti-aliasing filtering, while the latter demonstrates the resulting dose-rate 

distribution that has been corrected for such artifacts.        
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Figure 8: Dose-rate distribution without anti-aliasing filtering. Wrap around artifacts 
are demonstrated. 

 

Figure 9: Dose-rate distribution, corrected for wrap around artifacts. 
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 In addition avoiding wrap around artifacts, the design of the kernel is constricted 

to a minimum dimension requirement. That is, the kernel dimension must be at least 

twice the length of the longest resultant distance from the origin of the geometry that is 

to be convolved. In the algorithm developed for this thesis work, a 100mm x 100mm x 

100mm convolution field-of-view was used such that the maximum resultant distance 

was equal to . Therefore, the minimum kernel dimension has to be at least twice 

this number, or 173.21 mm. This ensures that the entire convolution field-of-view is 

covered during the calculation process. If too small of a kernel dimension is used as a 

response function input, the dose will be severely underestimated in the periphery of 

the field-of-view. This effect is shown in Figure 10, where the tail end of a dose 

distribution is shown from an artificial spherical volume source. Monte Carlo simulation 

was used as the ground truth (blue x’s). While the dose fall-off resulting from the bigger 

199 mm kernel fit the simulation data perfectly (red line), the 99 mm kernel (which was 

too small) underestimated the dose (red points).  

 

Figure 10: Periphery field-of-view dose calculation error, resulting from a kernel that 
is too small. 
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2.2 Algorithm Validation 

2.2.1 Monte Carlo Environment Design 

Validation of the dose calculation algorithm was rigorously carried out using full Monte 

Carlo simulations. This was done over the course of several simulations, each using a 

different artificial source geometry. Analysis was performed in MCNP, where a 

universal simulation environment was designed and used independently for all source 

geometries. This universal simulation environment is shown in Figure 11.     

 

Figure 11: Universal simulation environment. A sphere of air (30 cm diameter) 
encompassed a sphere of water (20 cm diameter). Smaller spheres (1 mm diameter) 
were defined as tally points along the three major axes. This resulted in line profiles 
for any given source geometry that was coded into the environment.   

 The universal simulation environment was developed as follows. First, a sphere 

of water was created, 20 cm in diameter, and was encompassed by a sphere of air, 30 cm 

in diameter. Any particle transport beyond the outer sphere of air was terminated from 

the active history. Likewise, any secondary radiation below a cutoff energy of 1 keV was 

also terminated. Next, a collection of 100 water spheres, of 1 mm diameter each, were 

spaced 1 mm apart along each major axis; i.e., from x = -5 cm to 5 cm, from y = -5 cm to 5 

cm, and from z = -5 cm to 5 cm. Likewise, a water sphere of 1 mm diameter was centered 

at the environment origin, [x = 0, y = 0, z = 0]. These 1 mm spheres were defined as tally 
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volume locations, and their flush spacing in effect created three distinct line profiles 

along each major axis, with 1 mm resolution.   

 An example of a source geometry being coded into the universal simulation 

environment is shown in Figure 12, where two volume sources with identical uniform 

activities are displayed. 

 

Figure 12: Example of a source geometry coded into the universal simulation 
environment. 

 For each simulation, MCNP’s ‘f6’ tally was used to track the energy deposited to 

each 1 mm tally sphere, resulting in the dose to water along the three line profiles. A 

total of 150 million initial particle histories were generated per simulation, resulting in 

relative errors of less than 0.001.  

 A standard rejection scheme was used to generate volume sources that were 

coded into the universal simulation environment. For each source volume geometry, 

sampling radii were defined and used to dictate the spawn location of potential source 

particles. If a sampled location was within the intended source volume geometry, an 

isotropic point source was created. As such, a particle was spawned there with an 
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energy dictated according to the referenced branching ratio data. However, if a sampled 

location was outside of the intended source volume geometry, no point source was 

created. No particle history was recorded in such an event, and a new location was 

subsequently sampled. The result of this rejection scheme was a collection of point 

sources clustered together to approximate a volume source.  

 

Figure 13: Rejection scheme used to create volume sources for Monte Carlo 
simulations. Potential particle starting points were sampled according to the sampling 
radius shown as the red arrow. Only sampled points within the intended source 
geometry resulted in any contribution to the simulation; sampled points outside of 
the source geometry were rejected. The result was a collection of point sources 
resembling a volume source.     

2.2.2 Artificial Source Geometries 

For each simulation, a new source geometry was coded into the universal simulation 

environment. These geometries included (1) an offset point source, (2) an offset, uniform 

volume source, (3) two volume sources with identical uniform activities, (4) two volume 
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sources with different uniform activities, (5) a volume source of non-uniform 

radioactivity, and finally (6) a µSPECT image derived source. Using the resulting Monte 

Carlo output as a ground truth, each source geometry was re-created in MATLAB and 

the resulting 3D dose distribution was calculated based on the point-dose kernel 

convolution algorithm. Line profiles were compared between each method to check for 

consistency.  

 

Figure 14: The 5 artificial source geometries used to systematically validate the 
dosimetry algorithm against Monte Carlo. (1) Demonstrates a single, off set point 
source; (2) demonstrates a uniform, spherical volume source; (3) demonstrates two 
symmetrical, uniform, spherical volume sources of the same activity; (4) demonstrates 
two uniform volume sources, with different activities; and (5) demonstrates a voxel-
by-voxel heterogeneous activity distribution (values shown are in uCi).   

2.3 Development and Use of a Dosimetric Planning Framework 

2.3.1 Software Architecture 

This software was engineered to that act as the technical foundation of ELP 

brachytherapy. The front end was developed as a user-friendly environment to house a 
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series of useful algorithms for the pre-clinical procedure. The primary objective of this 

software was to facilitate the use of image guidance to calculate dosimetric distributions 

and injection placement. Specifically, the source distribution is measured by µSPECT 

acquisition of an ELP injection. This information is required to determine any dosimetric 

distribution, and therefore is a sufficient starting point to calculate ELP dosimetry. In 

addition, concurrent µCT acquisition provides adequate anatomical information to plan 

injection locations, and contour regions-of-interest.   

 

Figure 15: Overview of the dosimetric planning system framework and methodology. 
SPECT and CT imaging data are used as inputs to the system, which uses the 
information for facilitate needle guidance and dosimetry calculations.     

2.3.2 SPECT-to-MCNP Source Conversion Function 

The planning system has the capability to integrate with MCNP to generate a source 

geometry that is based on the imaging information within the active session. The user 

can export an image from the planning system as an MCNP-compatible source 

geometry. To do this, an automatic conversion algorithm has been written, which 

translates voxelized information into the text-based information required of an MCNP 
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environment. Specifically, exporting the SPECT image in this manner generates a source 

geometry that is exactly defined from the measured image information. The voxel values 

are automatically translated into individual source probabilities, and formatted as a 

source geometry ready to be loaded into an MCNP input file. This allows effective 

communication between imaging data, which exist in voxelized domains, and MCNP, 

which operates in a non-voxelized, physical space. As there are limited software 

applications to provide this type of communication, this feature is particularly useful in 

benchmarking dose calculations against Monte Carlo. 

 

Figure 16: Planning system integration into MCNP. SPECT image information can be 
exported and automatically converted into a compatible source geometry within an 
MCNP input file. 

The algorithm functions as follows. First, the user graphically selects a 3D 

convolution field-of-view. This is the space that the convolution will be performed 

within, and is therefore limited by the size of the input kernel. The SPECT information is 

then normalized to the maximum intensity value. As the MCNP source probability card, 
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Sp, consists of relative input values, this step weights each individual voxel’s probability 

of spawning a source particle according to physical measurements.  

Next, for each axial slice of the SPECT data, MATLAB’s default linear matrix 

indexing (i.e., i=1:Nvoxels) is converted to image-space (i, j) coordinates. This is performed 

via the Ind2Sub command, and results in two 1xNvoxels vectors: a column vector (i-

direction components) and a row vector (j-direction components). These vectors are then 

used to create a transformation matrix, where the image-space (i,j,k) locations are 

transformed to a real-space Cartesian (x,y,z) coordinate system. For a cubic, n-

dimensional convolution field-of-view, where n is an odd integer value, this 

transformation is calculated according to, 

 
(x, y) = Mi, j = j − n +1

2
,−i + n +1

2
⎛
⎝⎜

⎞
⎠⎟  [Eq 2.15] 

A graphical example of this transformation is shown in Figure 17. 

 

Figure 17: A graphical example of the matrix transformation procedure used to create 
an MCNP source geometry based on SPECT data. The i,j values are the original 
image-space voxel coordinates, which are transformed to a Cartesian coordinate 
system and used as MCNP inputs.   
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Once the transformation matrix is calculated, the algorithm loops again through 

the entire SPECT image. For each voxel in image-space, the SPECT intensity value is 

coupled with its corresponding Cartesian coordinate location via the transformation 

matrix. A resulting 4D data set is then generated, consisting of the three spatial 

coordinates of each voxel, as well as the corresponding SPECT intensity value.  

Since MCNP is a strictly text-based syntax, this 4D data set is then converted 

from a double to a string using the double2str function. The three spatial elements of the 

cell are extracted, concatenated, and delineated by single spaces. This results in a 

3xNvoxels cell of strings, of which an ‘ &’ symbol is automatically formatted at the end of 

every row. As MCNP does not allow any syntax to exist past the 80th column in a 

standard text editor, this step allows the code to be extended to the proceeding line. At 

this point, the information is fully formatted as a usable MCNP Source Information 

Distribution (Si) card, and is subsequently exported as a stand-alone text file. It can then 

be copy-and-pasted into the 3rd block of the desired MCNP input file, where it acts as the 

source information distribution within the source definition (SDEF) card.   

The 4th element of the data set (i.e., the SPECT intensity values) is left as a single 

1xNvoxels cell of strings. For similar reasons as above, an ‘ &’ symbol is automatically 

formatted at the end of each row. At this point, the information is fully formatted as a 

usable MCNP Source Probability Distribution (Sp) card, and is subsequently exported to a 

separate text file. It can then be copy-and-pasted into the 3rd block of the desired MCNP 

input file, where it acts as the source probability distribution within the source definition 

(SDEF) card.   

Using the Si and Sp distribution cards embedded into the 3rd block of the MCNP 

input file allows a cluster of point sources to be generated at locations exactly specified 

by the measured SPECT voxels. Specifically, the Si distribution card dictates where 
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source particles will be spawned from, and the Sp distribution card controls each 

location’s weight in contributing to the total source geometry. It should be noted that this 

algorithm only outputs source information and source probability distributions to be 

embedded into the 3rd block of data. That is, the algorithm does not account for anything 

in the 1st or 2nd blocks where cell and geometry information are coded, respectively. 

Additionally, prior to being able to run such an MCNP input file, a few manual 

modifications have to first be made to the 3rd block of data. For example, the correct 

branching ratio data must be entered, the cell importance card must be adjusted to 

account for Nvoxels, and tally schemes must be specified.  This function does, however, 

allow one to easily convert SPECT information into MCNP source distribution cards, 

which can then be embedded into a pre-existing input file.   

 

Figure 18: SPECT-to-MCNP conversion algorithm workflow. The algorithm input is 
SPECT data, which results in Si and Sp data cards formatted for MCNP use.  
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2.3.3 uSPECT-based Internal Dosimetry Calculation 

To assess the feasibly of the dosimetric planning system, as well as to demonstrate its 

capabilities, it was used to calculate the internal dosimetry of a mouse injected with 

Iodine-125 labeled ELP. The process was based on µSPECT information, and the 

resulting internal dosimetry was the first dosimetric calculation to be performed for an 

ELP nanoparticle injection. While Duke Biomedical Engineers performed the 

experimental procedure, all of the post-acquisition image processing and quantitative 

analysis was performed as part of this thesis work.     

ELP Injection Process: To prepare an in vivo specimen, a 95.5 µl Iodine-125 tagged ELP 

solution was injected into the subcutaneous xenograft of a balb/c nude mouse. Duke 

biomedical engineers performed the process of radionuclide conjugation, mouse 

inoculation, and depot injection, and the entire procedure was carried out identical to 

the process used for pre-clinical ELP brachytherapy. An absolute activity concentration 

of 0.293 µCi/µl was measured in a dose calibrator, resulting in a total injected activity of 

28 µCi. This was injected into the ~1 cm diameter xenograft through a 27.5 gauge needle 

at a rate of 2 µl/sec. 

Acquisition, Reconstruction, and Post-Processing: The resulting intratumoral 

distribution of Iodine-125 tagged ELP was acquired through a highly sensitive 

µSPECT/CT imaging system housed at the Duke Center for In Vivo Microscopy. This 

system is dedicated to the radionuclide imaging of small animals – predominately mice 

– at submillimeter resolution28. It is able to obtain high-resolution molecular imaging 

based on a triangular micropinhole aperture architecture that focuses on a small 

volume-of-interest. This focusing technique allows adequate counting sensitivity to be 

maintained, even when using high-resolution micro-collimators. Photon detection is 
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based on conventional scintillation gamma cameras that are used in clinical 

environments28. Three-dimensional molecular distributions are iteratively reconstructed 

from the detection data via vender provided software, which takes into account scatter 

correction and attenuation corrections.  

 In order to scale the raw image data to absolute activity concentration, the 

required calibration factor was calculated based on the manufacturer’s 

recommendations. According to the referenced literature29, the calibration factor, CF, is 

considered to be a linear, global scaling factor that is homogeneous across all voxels. It is 

defined as the ratio of the activity concentration to the voxel value in the reconstructed 

calibration SPECT image. Measuring and reconstructing a point source that is 

considered to be attenuation free can obtain this value. Mathematically, the calibration 

factor is expressed as,  

 
CF =

A
V ⋅ R∑  [Eq 2.16] 

where, A is the activity of the point source measured with a dose calibrator, ΣR is the 

summation of voxel values over the reconstructed calibration data, and V is the volume 

of a voxel. For this calculation, a 1.035 mCi point source was used, and the 

reconstruction voxel volume size was 0.125 mm3. When A is expressed in MBq, V takes 

on units of milliliters, and the voxel value R is considered to be dimensionless. The CF is 

therefore an activity concentration value, and has units of MBq/ml. Raw reconstructed 

µSPECT voxel information, R, scaled by the calibration factor, CF, yield the absolute 

activity concentration per voxel.  

Conversion to Total Dose: Both the µSPECT and the µCT scans were imported into the 

dosimetric planning system software. The absolute µSPECT information was used as the 

ELP concentration, and the convolution field-of-view was graphically defined 
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accordingly. The software, according to the point-dose kernel convolution algorithm, 

calculated the dosimetry and the resulting dose-rate was expressed as a total absorbed 

dose distribution. This was done by scaling the dose-rate by the appropriate residence 

time, tR,  

 
tR = e

ln 2
Teff

t

dt = 1.44( ) ⋅ Teff( )
0

∞

∫  [Eq 2.18] 

where Teff is the effective half-life, 

 

Teff =
T1/2

ELP( ) T1/2physical( )
T1/2

ELP( ) + T1/2
physical( )  

[Eq 2.19] 

As the ELP is genetically engineered to outlast its radioactive payload, the biological 

half-life of the ELP is assumed to be infinitely larger than the physical half-life of I-125 

(59.9 days) such that, 

 Teff ≈ T1/2
physical( ) = T1/2  [Eq 2.20] 

The resulting lifetime dose distribution is therefore, 

 

 
tR = D e

ln 2
Teff

t

dt = D ⋅ 1.44( ) ⋅ Teff( )
0

∞

∫ = D ⋅ 1.44( ) ⋅ 59.9d( ) ⋅ 24hr
d

⎛
⎝⎜

⎞
⎠⎟
= 2070 ⋅ D  [Eq 2.21] 

 

Converting the SPECT information to an MCNP Source: After the calculation was 

performed within the planning system, the SPECT image was exported as an MCNP-

compatible source geometry. This was done through the conversion algorithm 

previously explained (see Figures 16-18), and the resulting source geometry was coded 

into the same universal simulation environment previously designed for the validation 

of the convolution algorithm. A full Monte Carlo simulation was performed with the 
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exported file.  In particular, this was done to further validate the convolution algorithm 

and its implementation into a front-end user environment. 
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3.	  Results	  

3.1 Dosimetry Algorithm Development Results 

3.1.1 Point-Dose Kernel Derivation Results 

The point dose kernel for Iodine-125 is shown in Figure 19. To better visualize the data, 

the inverse square fall off has been canceled out by displaying the kernel scaled by r2. To 

benchmark these results against previously published data, they have been compared 

against I-125 point dose kernel fit parameters derived by Furhang et al. In their study, 

they used the EGS4 Monte Carlo transport code to generate various point dose kernels 

in water. Similar to the methods used to generate kernels for this thesis work, the 

authors implemented 300 concentric spheres with radii ranging from 1 mm to 300 mm to 

tally the dose as a function of radial distance. Their Monte Carlo output was then scaled 

by r2 and fit to a series of polynomials and exponentials. In Figure 19, this published fit 

data for I-125 is plotted against the MCNP derived point dose kernels used in this thesis 

work. 
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Figure 19: Point-dose kernel for I-125 in water. The data has been normalized to r2 to 
cancel out the inverse square fall off. The blue dashed line represents the kernel used 
in this work. This data is plotted against fit parameters taken from the literature. 

3.1.2 Image Space vs. Frequency Space Convolution Calculations 

Results quantifying the efficiency differential between calculating the convolution 

integral in image-space verses frequency-space are shown below. For an artificial, 

spherical source, the Fourier method was benchmarked against MATLAB’s built in 

convolution function, Convn. While the resulting central line profiles are identical 

between the two methods, the Fourier method, which took less than 5 seconds to run, 

was significantly faster that the image-space calculation, which took 18 minutes. Figure 

20 shows these results, the blue boxes are the image-space calculation, and the blue line 

is the frequency-space calculation. 
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Figure 20: Efficiency of image-space vs. frequency-space dose calculations. Data is the 
central line profile through an artificial volume source. The blue boxes represent the 
convolution integral being calculated in image-space (18 minutes to calculate), while 
the solid line represents the convolution integral being calculated in frequency-space 
(5 seconds to run). 

3.2 Dosimetry Algorithm Validation Results 

Figures 21-26 demonstrate the dose calculation algorithm validation results for various 

artificial source distributions.  In these figures, the red lines represent the convolution-

based calculation, while the blue x’s represent the Monte Carlo data. The line profiles 

shown are at x=0, y=0, and z=0, in accordance to the universal Monte Carlo environment 

design. The average root-mean-square-error was 0.73%, and no single calculation 

demonstrated a root-mean-square-error of more than 1.7%.  
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Figure 21: Point-dose kernel convolution algorithm validation (offset point source). 

 

Figure 22: Point-dose kernel convolution algorithm validation (offset volume source). 
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Figure 23: Point-dose kernel convolution algorithm validation (two volume sources, 
same activity). 

Figure 24: Point-dose kernel convolution algorithm validation (two volume sources, 
different activity). 
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Figure 25: Point-dose kernel convolution algorithm validation (non-uniform source 
geometry setup for Figure 26). 

 

Figure 26: Point-dose kernel convolution algorithm validation (non-uniform activity 
distribution).
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3.3 Dosimetric Planning Software Development Results 
The front-end software design and architecture is presented in this section. The planning 

system was engineered primarily as a four-panel architecture in conjunction with two 

tertiary platforms (doseMapper and viewSPECT) that are launchable from within the main 

platform. The first panel is the homescreen, the infrastructure in which all other panels 

integrate into. Here, the user can import and export information, define new sessions, 

and load imaging information into the active session. 

 

Figure 27: Treatment planning system (home screen). 

The next panel is the contouring screen. When this panel is active, the user can delineate 

regions-of-interest within the pre-loaded planning µCT in a slice-by-slice fashion. This 

feature allows proper delineation of normal tissues and treatment volumes, omitting the 

need for third-party contouring software. The resulting contours can be defined with 

unique identifiers, which are saved to the active session as binary matrix structures.  
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Figure 28: Treatment planning system (contouring screen). 

Procedural parameters are defined in the third panel, the planning screen. When this 

panel is active, the user is able to define an activity distribution by importing outside 

information such as virtual phantoms, µSPECT image sets, or model-based distributions. 

 The user can also define injection locations, offering image-guidance during ELP 

brachytherapy procedures. For this feature, a uniform, virtual grid appears registered 

over each 2D µCT slice, with its Cartesian dimensions corresponding to those on a 

custom-designed surgical alignment board. Given an (x,y) point, the z-dimension is 

calculated based on the active slice location, and corresponds to the depth that a needle 

must penetrate in tissue prior to ELP injection. The intended point of ELP delivery is 

therefore planned for based on anatomical considerations, and inversely calculated 

based on discrete grid and slice locations. 

 This panel is also where the user can define the convolution 3D field-of-view, 

which is the volume region that the point-dose kernel convolution algorithm calculates 

within. For reasons explained in the methods section, these dimensions are limited by 

the size of the chosen input kernel. The user can graphically define the field-of-view by 
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clicking and dragging a 3D cube over the intended region that the dose calculation is to 

be performed.   

 

Figure 29: Treatment planning system (dose calculation screen).  

 

Figure 30: Virtual grid, and surgical alignment board design. (Co-designed with Jeff 
Schaal). 

Once the user defines the convolution field-of-view graphically, dosimetry is calculated 

based on the point-dose kernel convolution algorithm. Upon initiating dose calculation, 

a tertiary applet called doseMapper is automatically launched in parallel to the active 

main panel session. Within doseMapper, the resulting dose distribution can be visualized 
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over the 3D mouse anatomy as a subset of 2D coronal, axial, and sagittal slices. In 

addition, previously contoured volumes-of-interest can also be visualized by the user, 

allowing a dosimetric evaluation of structures.        

 

Figure 31: Treatment planning system (dose distribution via doseMapper). 

Dose statistics can be analyzed in the 4th panel, which allows the user to calculate dose-

volume histograms.    

 Finally, as a stand-alone verification tool, a second applet can be run in parallel 

to the main session called viewSPECT. Within viewSPECT, the dose distribution resulting 

from post-injection µSPECT scans can be evaluated. This offers the user a side-by-side 

comparison of radioactivity information and resulting dosimetric information. 

Furthermore, if multiple follow-up µSPECT scans are acquired, the user can scroll 

through this information both spatially and temporally to assess the decay of the 

radionuclide.      
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Figure 32: Treatment planning system (verification screen via viewSPECT). The left 
panel is the imported SPECT radioactivity information, and the right panel is the 
resulting dose distribution based on the point-dose kernel convolution algorithm. 

3.4 uSPECT-based ELP Internal Dosimetry Calculation Results 
The system’s capabilities are presented in this section, as demonstrated through an 

internal dosimetry calculation of an in vivo ELP injection. The reconstructed raw 

µSPECT data is shown superimposed over a plain radiograph of the small animal in 

Figure 33. The isotropic SPECT pixel spacing is 0.5 mm, yielding a voxel resolution of 

0.125 mm3. Concurrent µCT acquisition had an isotropic pixel spacing was 0.08 mm, 

yielding a voxel resolution of 5.12E-4 mm3. The absolute ELP activity distribution is 

shown in Figure 34, and its resulting total dose distribution displayed in Figure 35. In 

addition, the SPECT-derived MCNP dose distribution is shown in Figure 36, with 

corresponding Monte Carlo line profiles.    
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Figure 33: In vivo ELP distribution. µSPECT acquisition shown registered to plain 
radiographs, with an isotropic voxel resolution of 0.125 mm3. (Permission acquired 
from Dr. Wenge Liu). 

 

Figure 34: Activity distribution of an ELP injection into a small animal xenograft. 



 

 44 

 

Figure 35: Resulting total dose distribution from an ELP injection into a small animal 
xenograft. 

 

 

Figure 36: Monte Carlo results for the µSPECT derived source geometry. 
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4.	  Discussion	  and	  Conclusions	  

4.1 Discussion 

4.1.1 Preclinical Innovation and Impact 

The ability to quantitatively evaluate dosimetric outcomes is fundamental to any 

modern medical procedure involving radiation. Although the injection of ELP 

nanoparticles presents a particularly attractive new mechanism for delivering 

brachytherapy, prior to this research there existed no dosimetry framework for such a 

technique. A dedicated dosimetry system is therefore the difference between classifying 

ELP brachytherapy as a procedure being groomed for potential clinical use, and 

classifying it as an experiment in radiobiology. Without this essential clinical analog, the 

feasibility of ELP brachytherapy remains indefinitely limited to a pre-clinical 

environment. The application of ELP nanoparticles to brachytherapy requires merging 

knowledge from various specialties, perspectives, and expertise. An essential aspect of 

this thesis work has involved proper management of these perspectives to characterize 

their joint feasibility.  

This research has helped to practically influence the ELP brachytherapy 

workflow. Two achievements in particular have impacted the pre-clinical procedure 

most: dosimetric analysis and image-guidance. First, the dose calculation algorithm has 

allowed a more robust, quantitative means to analyze ELP injection outcomes. Prior to 

the development of such a tool, the efficacy of ELP brachytherapy has been entirely 

based on non-dosimetric results such as tumor response, subject toxicity, and Kaplan-

Meier analysis1. While these empirical metrics are certainly important, they do not allow 

for a robust characterization that is analogous to clinical procedures.         
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Likewise, the ability to pre-determine an injection location under µCT image-

guidance has introduced a new technical advantage into the current ELP workflow. This 

is particularly important for the next phase of the pre-clinical brachytherapy procedure, 

where orthotopic tumor models will be implemented. Unlike subcutaneous xenografts, 

which are visual and palpable, orthotopic xenografts are surgically implanted into the 

animal’s internal anatomy. This inevitably creates an environment where needle 

placement is non-trivial, requiring image-guidance in order to proceed effectively. 

Incidentally, this is an example of a common theme of this thesis work: introducing 

clinical analogs to a pre-clinical environment. By attempting to be one step ahead of the 

potential preclinical trials of our collaborators, adequate technology can be developed in 

time for proper implementation.      

4.1.2 Potential Impact to Clinical Brachytherapy 

It is highly unlikely that the injection of ELP nanoparticles will replace traditional 

brachytherapy. One of the reasons that contemporary methods work so well is that the 

source distribution is exactly known prior to implantation. The subsequent ability to 

pre-plan a patient’s treatment is therefore essential to the entire clinical workflow. This 

results in optimal dosimetric distributions, as well as the safe, effective delivery of 

radiopharmaceuticals. 

  However, ELP brachytherapy may be able to offer supplemental value in certain 

clinical scenarios. The novel technique may present several new advantages over current 

clinical standards. First, the less invasive nanoparticle approach will presumably lead to 

increased patient comfort levels because sources are delicately injected in solution 

through fine, high-gauged needles. This is in contrast to current techniques, where 

sources are implanted into the tumor through relatively thick catheters. It has been well 

documented that the current approach to brachytherapy – typically using 15-17 gauge 
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French catheters for implantation – often leads to soft tissue edema. This in turn has 

been correlated with sub-optimal dosimetric coverage30-35.  

 Potter et al. support this notion and have suggested that prostate edema during 

and following prostate brachytherapy may have a negative impact on the quality of 

implant dosimetry30. In a clinical study consisting of twenty-five patients with early-

stage, localized adenocarcinoma of the prostate, they assessed the magnitude of 

brachytherapy-induced prostate edema. Results demonstrated a median intraoperative 

prostate volume increase of 10% after insertion of applicator needles. A negative 

correlation was found between the extent of prostate edema and the minimum dose 

covering 90% of the prostate volume30. 

Similarly, Waterman et al. have characterized the magnitude and duration of 

post-implant edema following the implantation of brachytherapy seeds into the prostate, 

and investigated its effect on the total dose delivered by the implant32, 33. They showed 

that post-brachytherapy edema increased prostate volumes by a mean ratio of 1.52. As 

edema resolved with a measured mean half-time of 9.3 days, the percentage of the 

prostate that received a dose equal to or greater than the prescription dose increased by 

as much as 15%. This resulted in overdosing normal tissues as the edema healed, and 

yielded a significant negative effect on the post-implant dosimetry in 7 of 10 patient 

cases.     

Finally, to characterize its effect on CT-based post-implant dosimetry, Dogan et 

al. have investigated the magnitude of edema after prostate brachytherapy34. By 

acquiring sequential CT scans at various points after therapy, they showed that edema 

was most prevalent during the first 48 hours after source implantation. Although 

preplan dose coverage to the periphery of the prostate was 100% for every case, an 
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average increase in prostate volume of 30% during the first 24 hours resulted in an 

average D90 of 84% and an average V100 of 77%.  

In addition to a less invasive procedure, ELP nanoparticles are also completely 

biodegradable. As they are simply composed of amino acids, they are capable of 

metabolic breakdown well after the physical lifetime of the tagged radiopharmaceutical1, 

2. This is in contrast to the current LDR brachytherapy technique were titanium-housed 

seeds become dormant after therapy is delivered. It is not uncommon for these seeds to 

be dislodged after implantation. While rare, there have been cases where dislodged 

seeds have traveled systemically to the lungs and caused pulmonary emboli.  

While these key polymer features suggest the potential to offer a less invasive, 

organic brachytherapy experience for the patient, the most prominent advantage of 

elastin-like polypeptides is their ability to venture beyond stand-alone contemporary 

brachytherapy. Due to their design at the genetic level, ELP nanoparticles can 

additionally be tagged with imaging agents, chemotherapeutics, and bioactive ligands2. 

This versatility suggests an ability to produce more comprehensive, patient-specific 

therapy regiments.  

For example, Dreher et al. have designed an ELP-Doxorubicin conjugate for the 

improved delivery of chemotherapy36. Doxorubicin is a commonly used 

chemotherapeutic, and its ELP conjugation was made possible through a pH-sensitive 

bond. At conditions of low pH this bond is cleaved, permitting the release of free 

doxorubicin. When compared to free doxorubicin administrations, which was largely 

concentrated within the cell’s nucleus, the ELP conjugated version was dispersed 

uniformly throughout the cell’s cytoplasm, suggesting a new cell killing mechanism. 

 Similarly, Mackey et al. have implemented this idea further, demonstrating a 

nearly 14-fold increase in doxorubicin accumulation within tumor tissue compared to a 
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free drug control11. Very similar to the radionuclide retention mechanism used in this 

thesis work, these doxorubicin loaded ELP nanoparticles conceal their therapeutic 

payloads within their hydrophobic cores. 

4.1.3 Current Limitations and Future Work 

While the results of this thesis work have provided an improved workflow for ELP 

brachytherapy, there exist several limitations. First, the current dose calculation 

algorithm lacks of a heterogeneity correction. As point-dose kernel convolution 

techniques assume a uniform medium (i.e., the medium in which the kernel is derived 

in), problems may arise at tissue interfaces where F-factor values change abruptly. In 

particular, this presents a problem at tissue-air and tissue-bone interfaces. As such, an 

inability to correctly estimate secondary radiation in bone and air can lead to significant 

errors in dose calculation. While this will most likely result in negligible errors for the 

small animal xenograft studies performed a part of this thesis work, some type of 

heterogeneity correction should be included in the future for completeness and 

robustness moving forward. One potential approach to making these corrections is 

through using a series of adaptive point-dose kernels, each weighted by their radial 

distance. To implement such a scheme, various kernels could be derived for the same 

radionuclide in different media, and used accordingly in the scaling process.    

 Another limitation of this thesis work is that the SPECT-to-MCNP conversion 

algorithm has yet to be validated. There very well may exist small errors in translating 

the voxelized SPECT information into an MCNP-compatible source geometry. 

Therefore, without proper validation and quality assurance, the results should be 

interpreted with caution. In the future, the algorithm may be experimentally validated 

according to the following procedure. Starting with a sealed source of ELP solution 

embedded within a water phantom, a SPECT image can be acquired. The geometry of 
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the source within the phantom must be simplistic, such as a sac or a vile, to ensure that 

the actual ELP distribution is known with considerable accuracy. In this proposed 

process, the SPECT image will ultimately act as the ground truth, and therefore an easy 

to measure, accurate source distribution is required. The resulting SPECT image of the 

phantom can then be converted into an MCNP source geometry based on the developed 

conversion algorithm. Comparison of the resulting Monte Carlo distribution against the 

measured SPECT data will allow adequate validation of the algorithm.    

 In addition to its experimental validation, optimizing various details in its design 

can further develop the conversion algorithm. For example, errors may continue to arise 

at low intensity voxel values. Ideally, there should be some cutoff value below which 

voxel information does not contribute to the resulting MCNP source geometry. In 

addition, including such a cutoff would significantly increase the algorithm’s efficiency. 

To systematically address this, a lower limit could potentially be associated with the 

Standard Uptake Value (SUV). This quantitative measurement could in effect be used to 

define a threshold, above which acquisition data will be permitted to contribute to the 

conversion process. Taking this a step further, implementing a range of SUV values that 

defines a window of data for the conversion process could also be beneficial. This more 

advanced approach could potentially help to identify any saturated regions within the 

image, and then apply necessary corrections into the conversion algorithm.  

 While the transformation of SPECT information to an MCNP source geometry is 

certainly useful, the addition of a CT data set would produce a more complete, realistic, 

and robust product. While certainly a more complicated process, it should be possible to 

translate CT-based anatomical information into an MCNP simulation environment, 

where the material cards are defined based on CT numbers. This would produce a more 

realistic simulation that is specific to each small animal receiving an ELP injection. Such 
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a CT-based simulation environment would be essential in helping to validate any future 

heterogeneity correction schemes applied to the dose calculation algorithm.      

 In addition to the various technical limitations discussed above, a practical 

difficulty exists in the quantitative analysis of µSPECT acquisition. In particular, a 

complication of working with such high-resolution multi-pinhole collimation SPECT 

systems is the task of calibrating the scanner. Simply put, such a calibration process is 

not trivial and often difficult to accurately perform. In addition, partial volume errors 

can lead to significant underestimation of activity concentration in small animal SPECT 

scanners. While the advent of stationary detector pinhole SPECT systems have helped to 

reduce this difficulty, quantitative results from such systems warrant scrutiny during 

analysis. This non-trivial calibration scheme is one of the reasons that these types of 

systems have yet to be commissioned into clinical practice.   

 Finally, the last major limitation of this work (and more likely, fundamental to 

ELP brachytherapy in general) is an inability to preplan ELP injections. Put simply, the 

ability to pre-plan for such a procedure is limited. This is based on likely inaccuracies in 

any model-based algorithms to estimate aggregate ELP structures. Prediction of such 

kinetics is, however, a predominate area of research. Several groups have listed this type 

of preplanning essential to the future of targeted radionuclide therapy37-39. If it were 

possible to accurately predict the source distribution based on a series of injection 

parameters, the ability to pre-plan ELP brachytherapy procedures would be a significant 

achievement.  

4.2 Conclusions  
A dosimetry framework has been developed and implemented for the injection of ELP 

nanoparticles. This is an essential development for the novel approach to brachytherapy. 

The dosimetric planning software engineered for this purpose now allows for more 
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quantitatively accurate preclinical procedures and outcomes. At its foundation, a point-

dose kernel convolution algorithm has been developed and validated through a series of 

Monte Carlo simulations. In addition, the planning system offers the ability to define 

injection locations under image guidance, a key component for future preclinical 

studies. The software also has the capability to be integrated into MCNP, creating a 

much broader research environment for the user. The efforts of this research have 

resulted in a small animal internal dosimetry calculation of an in vivo ELP injection. 

Prior to this work, such a calculation has never been performed. 
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