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Abstract

Convection-enhanced delivery of rhenium-186 (188Re)-nanoliposomes is a promising approach
to provide precise delivery of large localized doses of radiation for patients with recurrent
glioblastoma multiforme. Current approaches for treatment planning utilizing convection-
enhanced delivery are designed for small molecule drugs and not for larger particles such

as 186Re-nanoliposomes. To enable the treatment planning for 186Re-nanoliposomes delivery,
we have developed a computational fluid dynamics approach to predict the distribution of
nanoliposomes for individual patients. In this work, we construct, calibrate, and validate a
family of computational fluid dynamics models to predict the spatio-temporal distribution of
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186Re-nanoliposomes within the brain, utilizing patient-specific pre-operative magnetic resonance
imaging (MRI) to assign material properties for an advection-diffusion transport model. The
model family is calibrated to single photon emission computed tomography (SPECT) images
acquired during and after the infusion of 18Re-nanoliposomes for five patients enrolled in a Phase
I/11 trial (NCT Number NCT01906385), and is validated using a leave-one-out bootstrapping
methodology for predicting the final distribution of the particles. After calibration, our models
are capable of predicting the mid-delivery and final spatial distribution of 16Re-nanoliposomes
with a Dice value of 0.69 + 0.18 and a concordance correlation coefficient of 0.88 + 0.12

(mean £ 95% confidence interval), using only the patient-specific, pre-operative MRI data, and
calibrated model parameters from prior patients. These results demonstrate a proof-of-concept for
a patient-specific modeling framework, which predicts the spatial distribution of nanoparticles.
Further development of this approach could enable optimizing catheter placement for future
studies employing convection-enhanced delivery.
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Introduction

Glioblastoma multiforme (GBM) is the most common and deadliest of all primary

brain cancers [1,2]. Shortly after diagnosis, patients typically receive maximal allowable
resection (to remove the bulk tumor and reduce intracranial pressure), followed by
fractionated radiotherapy concurrent with temozolomide to target any residual disease [3].
The extraordinary difficulty of resecting the entire tumor, combined with its infiltrative
nature all but guarantees disease recurrence resulting in a median overall survival of 15
months [4]—a time period that has only improved marginally over the last decade despite
great effort and numerous clinical trials [1,2]. Given the current limitations a number of
therapeutic strategies are under investigation with the goal of extending overall survival and
improving quality of life [5]. An increasing number of these therapies take advantage of
convection-enhanced delivery (CED) to overcome the inherent limitations of the blood brain
barrier.

Due to the short pathlength (2-4 mm) of beta particles, beta-emitting radionuclides are
capable of delivery a locally high dose of radiation to diseased tissue, while simultaneously
limiting exposure to healthy brain tissue [6]. One such radiotherapeutic in development

is 186Re-nanoliposomes (RNL) which is delivered via CED directly to the site of the
glioblastoma recurrence. A promising pre-clinical study, has shown that RNL effectively
halts disease progression in GBM xenografts, and that radio-nanoliposome retention in the
tumor region is much higher than that of molecular radiotherapeutics [7,8]. Given that one
of every ten emissions is associated with a non-therapeutic gamma photon, RNL can be
localized via standard clinical single-photon emission computed tomography (SPECT). This
approach is now being investigated in an on-going phase I/11 clinical trial (NCT Number
NCT01906385) to deliver high doses of radiation. The immediate goal of this trial is to
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treat recurrent tumors and their associated margins with high dose radiation to slow and
potentially prevent subsequent recurrent disease, with the ultimate goal of significantly
extending patient survival without further surgical resections [7-9].

Many therapeutics delivered via CED have had limited success in clinical trials [5,10].
While the direct delivery of a concentrated drug or radioactive agent to the tumor avoids
systemic toxicity and bypasses challenges associated with passing the blood-brain barrier,
successful delivery and treatment is highly dependent on the individual patient and the
therapeutic being administered [5]. Jahangiri et. a/stated that accurate prediction of the
spatio-temporal distribution of therapeutic delivered via CED is necessary to maximize the
chance of success for any given experimental therapy [5]. In particular, a lack of systematic
investigation into the positioning of the cannula and delivery of the agent was noted. For
example, 68% of the patients entered into the PRECISE trial ([11]; convection-enhanced
delivery of 1L13-PE38QQR) had catheter placements that did not follow the trial protocol,
potentially adversely impacting the efficacy of the therapy. Computational modeling of
the distribution of the therapeutic is one approach that may improve catheter placement,
potentially resulting in improved treatment efficacy [5,11].

With the above concerns, and, given the high doses of beta radiation delivered by RNL,

it is of great importance to ensure a catheter placement that minimizes the leakage into

the cerebrospinal fluid (CSF) while minimizing healthy tissue exposure and simultaneously
maximizing tumor coverage. While surgical planning software exists for the delivery of
molecular therapeutics [12-14], there is no such software tool or model (to our knowledge)
specifically designed to predict the spatiotemporal distribution of nanoparticles delivered via
CED. As nanoparticles can be an order of magnitude larger in size than molecular agents
(~100 nm versus 10-15 nm for antibodies and <3 nm for most small molecular drugs),
therapeutic particles will have more frequent interaction with boundaries within the brain
and undergo more drag, therefore travelling slower and require more pressure to distribute
than a fully dissolved therapeutic. Further, current state-of-the-art computational models of
CED rely on particle-based discretization, which is computationally expensive to run, slow
to converge, and are highly sensitive to initial conditions and random seeds [12].

The goal of this study is to define, calibrate, and validate a computational fluid dynamics
model of CED delivery of RNL to recurrent GBM. This approach is designed to account for
decreased nanoparticle mobility associated with their larger size in comparison to molecular
agents, and utilizes patient-specific pre-operative imaging to assign patient-specific material
properties. To achieve this goal, a family of twelve models are designed to represent
different approaches for the characterizing the relevant material properties of the system.
The models are calibrated to the observed distribution of RNL measured via SPECT during
and immediately following the infusion of RNL as part of an ongoing clinical trial. To
assess the validity of each model, a leave-one-out framework is utilized, such that only the
imaging data obtained prior to a patient’s RNL infusion is utilized for predicting the final
spatial distribution of RNL within the patient. Finally, we employ model selection to identify
the most parsimonious means to accurately assign patient-specific material properties and
predict the delivery of RNL on a patient-specific basis.
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2. Methods

2.1 Clinical protocol and delivery of rhenium-186 nanoliposomes

Five patients from the Phase I/l clinical trial of RNL performed at The University of
Texas Health Science Center at San Antonio [9] were included in the study. The population
consists of adult patients suffering from recurrent GBM after an initial tumor resection.
While a complete description of the study (patient population, entry criteria, and full details
on image acquisition, etc.) can be found in the public clinical trial documentation (NCT
Number NCT01906385), here we summarize the salient details relevant to our modeling
efforts.

After initial screening and baseline imaging were performed (see Imaging details, below),
a single catheter was surgically inserted intracranially to the site of infusion, and the
patient was allowed to rest for approximately 8 hours. We note that this catheter is not

an intra-vascular catheter (i.e., a catheter positioned within a blood vessel); rather it is an
intra-cranial catheter that is surgically placed within the tumor. RNL was then delivered via
an automated syringe pump, initially at a rate of 1 microliters (ul) per minute to ensure
minimal leakage into the cerebral spinal fluid (CSF) and nearby vasculature. After 20
minutes, the distribution of RNL was verified to be within the tumor using a planar gamma
camera image, and the infusion rate was increased to 2 pl/min. After an additional 20
minutes, the distribution of RNL was again verified to be within the tumor using a dynamic
planar gamma camera image, and the infusion rate was increased to 5 pl/min. The infusion
rate remained at 5 pl/min for the remainder of the infusion. For the purposes of this study,
and due to the minimal amount of RNL delivered during the initial ramping of the rate, we
assumed that the rate of delivery was a constant 5 pl per minute. The total volume of RNL
infused and time of infusion for each patient are listed in Table 1.

2.2 Imaging details

Each patient first underwent an initial imaging protocol consisting of multimodal magnetic
resonance imaging (MRI) for surgical planning on a Philips Acheiva 3T (Best, Netherlands)
scanner using an 8-channel coil. The MR measurements consisted of 7;- and 7, weighted
images, 7-fluid attenuated inversion recovery (FLAIR) images, post-contrast 7;-weighted
(after intravenous injection of Gadovist (Bayer, Whippany, NJ), and diffusion weighted
images. Additionally, apparent diffusion coefficient (ADC) maps were derived from the
diffusion weighted imaging data and are reconstructed on the Philips console. All images
considered in the present study were acquired in the axial plane, and collected with no
overlap between adjacent slices. Additional details on the MRI acquisition parameters are
provided in Tables 2 and 3.

On the day of the RNL infusion, SPECT images were acquired using a GE Healthcare
Infinia SPECT / computed tomography (CT) (Milwaukee, WI) scanner. Within the SPECT
field of view, an imaging standard containing one fifth of the total amount of RNL delivered
to the patient was included to facilitate decay correction and consistency between imaging
time points. X-ray CT data acquired simultaneously with the SPECT images provided
anatomical landmarks for interpretation of the SPECT images and enabled registration to
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the MRI data. Additionally, the x-ray CT data was used to identify the location of the
catheter tip. SPECT/CT images were collected after half of the RNL volume was infused,
and at the end-of-infusion (EOI) of the RNL. The field of view and resolution of each
imaging modality used in this study are listed in Table 3. (We note that an additional set
of SPECT/CT images are acquired one week after infusion, to track RNL retention over a
longer time period, but those images are not considered in the present study.)

2.3 Image processing

All image processing was performed in MATLAB 2019a using the Image Processing
Toolbox (Mathworks, Natick, MA). The reader is encouraged to refer to Figure 1 which
provides a schematic of our image processing and modeling framework, and Figure 2
which shows representative tissue segmentations. For each imaging modality, voxels which
presented non-physical values (e.g., ADC < 0 mm?/s, or SPECT signal intensity < 0) were
replaced with the mean of the eight nearest non-zero neighboring voxels in the same axial
slice. A Gaussian filter with a 3 x 3 voxel kernel was applied to each MR image on each
axial slice to reduce the effect of noise on individual voxels and reduce large gradients in the
images. We then performed manual image segmentations of the gross tumor volume and the
brain-skull boundary. Both regions were segmented on the imaging slice that corresponded
to the maximal SPECT intensity at the end of injection. The gross tumor volume defined

as the enhancing volume on the post-contrast 7-weighted image was segmented by

hand (arrow a in Figure 2). The skull-brain boundary was manually segmented using

the 7-weighted image (arrow b in Figure 2). For both manual segmentations, we first
visualized the 7-weighted post-contrast (for the tumor segmentation) or the pre-contrast
(for skull-brain boundary) image using /imagescin MATLAB 2019a. We then used roipoly
in MATLAB 2019a to manually segment the region of interest which returns a binary mask
equal to 1 within the ROI and zero outside the ROI. Using the brain segmentation mask,
we then applied a &~means clustering to the 7;-weighted image using three clusters (white
matter, gray matter, other) [15] (arrow c in Figure 2). CSF was segmented using a threshold
of ADC values greater than 3 x 1073 mm?/sec, and validated by comparison to 7,and
FLAIR images [16].

SPECT images were first normalized to the total intensity of the SPECT standard within
the image, to correct for decay in radioactivity and to obtain a map of relative RNL
concentration. Prior to normalization to the standard, the SPECT images provide a map

of radioactive activity as the signal is directly proportional to concentration in any given
voxel. After normalization, the signal intensity estimates the actual concentration of RNL,
which serves as our (internal) gold standard for quantifying the spatial distribution of RNL
concentration across time [7,8].

All images were aligned viarigid registration using the ‘imregtforn? and ‘imwarp’ functions
in MATLAB using the ‘multimodafl option. The MR images were first registered to the
T1-weighted image. Then the co-registered CT and SPECT images at the EOI were cropped
to include only the skull within the FOV. The 7;-weighted image was then registered to

the cropped CT image acquired at EOI, and the resulting transformation was applied to the
remaining MR image sets. SPECT and CT images collected midway through injection were
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also cropped to include only the skull within the FOV and were registered to the CT image
collected at the EOI. For our analysis, we isolated the axial slice containing the maximal
SPECT intensity at the EOI.

To directly compare the experimentally measured SPECT image to our model derived
SPECT image, we developed an empirical SPECT point-spread function (PSF) to facilitate
transforming a predicted RNL distribution into the corresponding predicted SPECT image.
The SPECT PSF was approximated using a Jaszczak Deluxe SPECT Phantom (Biodex,
Shirley, NY). The phantom was imaged while submerged in water, and in air, according

to the same imaging conditions as an individual patient. A digital representation of the
phantom (identical in dimensions to the Jaszczak phantom) was approximated by a 3D
sphere, with uniform intensity, and a resolution 10x higher than the SPECT image (0.442
mm), positioned to match the center of mass between the phantom image and the simulated
phantom. The simulated phantom image was then convolved with Gaussian point-spread
functions of varying standard deviations, and down-sampled to match the SPECT resolution
(4.42 mm). The summed square-error (SSE) between the actual SPECT phantom image
and the simulated phantom image was minimized. Using this method, it was empirically
determined that the standard deviation of the Gaussian PSF was 5.23 mm which agrees
with values previously reported for clinical SPECT scanners [17,18]. This PSF was then
applied to all simulated RNL fields to simulate a SPECT acquisition, thereby enabling direct
comparison of the predicted RNL distribution to that measured from the SPECT data.

2.4 Fluid dynamics model

To determine the distribution of RNL at EOI we solve a system of fluid dynamic equations
describing the delivery and interstitial transport of RNL in two dimensions within the brain
domain. (We recognize that 2D represents a simplification and we return to this important
point in the Discussion section.) Interstitial pressure and fluid velocity are modeled using
the laws of Darcy and Starling, respectively. There are three main phenomena that we are
considering in our framework: 1) the flow of fluid through the brain, (2) pressure loss into
capillaries, and 3) the transport of RNL within the brain. Darcy’s law describes the flow of
fluid through porous media (e.g., biological tissue, sand, or granular material) and is given

by:

V(X) = —-K (x) \% p(x), ()
where %’ (x) is the interstitial fluid velocity at the 2D position x, p(x) is the interstitial fluid
pressure, and K{(x) is the hydraulic conductivity of the tissue. Darcy’s law states that fluid
velocity is proportional to the gradient of pressure, with a proportionality constant K'in the

direction opposite of the fastest decreasing pressure. Starling’s law describes the pressure
loss into capillaries within the tissue:

o )~ )

where L(x) is the capillary hydraulic conductivity, S/\(x) is the ratio of the capillary
surface area to the volume (L, and S/Vare not separable in the current formulation and
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are therefore combined into a single term), and Ax) is the source term used to introduce
the fluid flow from the catheter. While Starling’s Law is typically used to describe the
influx of velocity through capillaries, here the capillaries act as a fluid sink rather than

a source because the fluid infusion pumped through the catheter causes a higher pressure
in the interstitial space than the capillaries. However, in this formulation the pressure p
represents the pressure differential between capillary and interstitial compartments (. -
Pint Peap << Piny) due to the high pressures required for CED; hence, the negative sign in
Eq. (2). The catheter fluid flux source term, £ is implemented as a 2D Gaussian with a
total volumetric flux of 5 uL/min, with the mean located at the catheter tip, and a standard
deviation of 0.25 mm. (Thus, 95.4% of the RNL volume is distributed within the 1 mm
diameter of the catheter tip). A Gaussian source term was selected as it is smooth and
more numerically stable to implement compared to a point source. It provides a simplified,
but rational, representation of fluid infusion in a 2D situation (limitation and potential
refinements are addressed in the Discussion section). The precise catheter tip location was
obtained from the x-ray CT data. Interstitial velocity and pressure are assumed to rapidly
equilibrate within the tissue, thereby leading to a steady state flow field [12]. In this initial
formulation, mechanical deformation and stiffening of the brain tissue, along with formation
of an annular void at the catheter tip are not considered [12]. Pressure is assumed to have
equilibrated at the domain boundary, and a zero-slip boundary condition for velocity result
in the following Dirichlet boundary conditions:

plog =0, ©)

|7”ag =0, “

where X denotes the domain boundary. Both Starling’s and Darcy’s laws have been used
extensively in the modeling of fluid flow and interstitial pressure in (for example) the brain
[12], breast [21], cancer [19,20], and biological tissues in general [22].

Transport of RNL is modeled as an advection-diffusion system within the skull, using the
modified advection-diffusion equation from Jain et. a/[23,24]:

Dif fusion . Advection . S’we
D) T DM Vel ) - V- (RW (. )elx )] + 400 i

where ¢(x, is the concentration of RNL at 2D position x and time £ D(x) is the diffusion
of RNL within the domain due to random thermal motion, R is a restriction factor which
accounts for decreased liposome velocity with respect to interstitial fluid velocity (R e
[0,1]), and g(X) is a 2D Gaussian source term identical in shape to 7 with a total mass
determined by the total normalized RNL intensity divided by the duration of the RNL
infusion for each patient. RNL is not permitted to cross the skull boundary, resulting in a
Neumann boundary condition for the transport equation:

;l\' VC|OQ=O’ (6)
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where i denotes the normal vector at the domain boundary. The initial RNL concentration
aX, t=0) is assumed to be 0. (The supplemental material further discusses assumptions
behind this formulation).

2.5 Numerical implementation and analysis

Eqgs. (1) — (6) are solved numerically using the finite element method in two-dimensions,
on the central axial tumor slice. The region within the skull-boundary identified on the
7-weighted image is first meshed by converting each voxel within the skull boundary into
two isosceles right triangle elements as shown in Figure 3. The two short sides of each
triangular element are 1 mm on a side, corresponding to the size of the 7;-weighted image
voxels. A second, lower resolution, mesh for comparing results at the resolution of the
SPECT data was generated using the SPECT image dimensions to produce to two isosceles
right triangular elements, with short side lengths equal to the SPECT voxel resolution of
4.42 mm. Simulations are performed on the high resolution mesh, but all comparisons
between the predicted and measured SPECT data are performed after projecting the results
onto the lower resolution mesh which corresponds to a simulated SPECT measurement.

The steady-state pressure and interstitial fluid velocity are simultaneously determined by
solving a mixed element system of Egs. (1) and Eq. (2). The continuous variational problem
is:

(7. T {9 (KT =0

S
<V : 7’ q>g + <vap’ q>Q = <f7 Q>Q (8)

where 7" and % are second-order Brezzi-Douglas-Marini test and trial functions [25],
respectively, and gand p are first-order discontinuous Galerkin test and trial functions,
respectively. (The <e,¢>q notation denotes the inner product operator on the domain Q.) Note
that the boundary term from integration by parts in Eq. (7) has vanished due to application
of the Dirichlet boundary conditions summarized by Egs. (3) and (4). The boundary
conditions and functional spaces are chosen for the consideration of the stability and well-
posing the weak form problem (see Supplemental Material for the associated justification).
The above system is solved on a non-homogeneous mesh with local refinements surrounding
the catheter tip. Briefly, the system is iteratively solved initially on the high-resolution mesh,
and the mesh is then locally refined within a circular area centered on the infusion location
and with a radius of 30 mm. The refinement is performed by splitting the elements from the
previous mesh in half, and continues until the residuals in p are reduced below 1x1076 N/
mm?2. (See arrow d in Figure 2 for a representative non-homogeneous mesh.) The resulting
refined mesh and steady state velocity field is used in implementing the transient transport
model (i.e., Egs. (5) and (6)), with implicit forward time-stepping,

(At(cprep — )y W) + <R7c, Vw>Q —(DVe, Vw)g + (g, w)g =0, ©)
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where Af=1 min is the simulation timestep, wand care first-order Lagrange test and trial
functions, respectively. However, it is known that this formulation is unstable, and requires
stabilization [26]. We can redefine Eq. (9) in terms of the residual resulting from using finite
test and trial functions as:

(residual(c), w)g =0, (10)

which indicates that Eq. (9) is a minimization of residuals with respect to a set of test
functions w. Stabilization of Eq. (10) is performed by adding diffusion in the direction of the
velocity streamlines, using the streamline upwind Petrov-Galerkin method [27],

<residual(c), w+Ru - Vc), @y
where
= Pe R2|% : (12)
and
¢ (Pe) = coth(Pe) - L, (13)
Pe

with Peclet number (i.e., the ratio of advective to diffusive flux in an element)

R|
2D

—
|

Pe = (14

where zis a scaling factor determined by both the local element size, A, and Pe, such

that more diffusive stabilization is applied in regions of high Pe. Again, note that the
boundary term introduced by integration by parts in Eq. (9) vanishes, this time due to the
implementation of the zero-flux conditions of Eq. (6). All finite element modeling is done in
Python 2.7, using the Fenics 2017.2 library [28], and the SuperLu distributed solver method
[29].

2.6 In silico assessment of model fidelity

To ensure the model converges to a single solution, and becomes more accurate with
refinement, we perform a refinement-based convergence analysis [30]. The model is first run
on a 100 mm x 100 mm domain, with a source term located at the center, and boundary
conditions described above. The mesh is initially subdivided by 10 triangular elements in
each of the two dimensions (10 mm on a short side), the model (i.e., Egs. (7) — (14))

is run forward in time, and the spatial distribution of RNL is recorded at mid- and final
timepoints. The mesh is then progressively refined, and the model run again, adding 10 to
the total number of elements per dimension, until the mesh is subdivided into 400 elements
per dimension (0.25 mm on a short side). The Lnorm of each progressive model run is
calculated between the current iteration and the highest resolution iteration at the final time
point. This process is performed for four values of hydraulic conductivity of varying orders
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of magnitude (K = [1.0x1071, 1.0x1072, 1.0x1073, 1.0x1074] mm/min). The results of this
analysis are demonstrated in Figure 3.

2.7 Model family

Table 4 contains a full mathematical description of each of the models in the family. Each
model represents a different approach for assigning material properties (i.e., K, D, R, and
L,S/V) for individual patients. In particular, Models 1 and 2 utilize spatially homogenous
material properties, while Models 3 and 4 utilized material properties which are linearly
weighted by the ADC map [12]. Models 5 and 6 weight material properties by exponential
weighting of the ADC map, such that parameter value for the field asymptotically
approaches the calibrated maximum [31]. Models 7-9 utilize bulk material properties for
CSF and brain tissue, while Models 10-12 further categorize brain tissue into white matter
and grey matter. Models 1, 3, 5, 7, and 10 assume a fixed value of L,S/V; while Models 2,
4,6, 8 and 11 consider L,5/V/as a parameter to be calibrated globally. Finally, Models 9 and
12 assume L,S/Vis 0 in CSF (consistent with the assumption of an incompressible fluid),
but allows for it to be a calibrated material property within the segmented brain region.

2.8 Model calibration, statistical analysis, and model selection

The parameters in each model are calibrated to minimize the SSE between the model
predicted and SPECT gold standard at times ¢=0, =%, and =1 (times which correspond
to the total fraction of RNL delivered, respectively). Note, the RNL concentration at =

0 is assumed to be identically zero everywhere. Parameters are calibrated v/athe SciPy
(Python 2.7) least squares minimization (‘scipy.optimize.least_squares”) [32] using a multi-
start framework to avoid local minima in the objective function (left panel in Figure 1).

To estimate the gradient of the objective function, each parameter is perturbed by a factor
of 1x104 to approximate an element-wise objective function gradient. These perturbations
require a forward solve for each parameter, and are therefore run in parallel. The least-
squares algorithm is then run until the change in parameters is less than a tolerance of
1x1074, the change in SSE (Eq. (15)) is less than 1x1074, or the gradient of the objective
function is less than 1x10°6. All model evaluations and calibrations were performed on a
system consisting of 4 x Intel Xeon E5-4627 v4 2.6Ghz, 25 M Cache, 8.0 GT/s, and 256 GB
of Memory= 256 GB.

We compare the results of calibrating each model to data from the five representative
patients at the global and local level. At the global level we consider the overall quality of
the fit and the level of agreement between predicted and observed RNL distribution. The
quality of the model fit to the data is calculated as:

SSE=Y 3 (SPECT! - Model})’, (15)

where j denotes the spatial index of each voxel in the measured or simulated images, and ¢
denotes the temporal index of the measured or simulated images. 2D masks describing the
extent of RNL distribution are defined as voxels that have a signal intensity exceeding 5% of
the maximume-intensity threshold; voxels below this threshold are considered as noise. The
resulting masks for both the measured and predicted RNL distributions are then compared
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using the Dice correlation coefficient, where a Dice value of 1 corresponds to a perfect
spatial overlap, while a Dice value of 0 corresponds to no spatial overlap [33]. By utilizing
masks for the predicted and measured RNL distribution, the Dice value is insensitive to
variations in the underlying concentration field. At the local level, we use the concordance
correlation coefficient (CCC) to quantify the degree of agreement between the predicted and
measured RNL distribution at each spatial location within the SPECT image [34]. A CCC of
1 indicates perfect agreement between the predicted and measured RNL distributions.

We use two model selection criteria to determine the optimal member of the model family.
The first is the Akaike Information Criteria (AIC) [35] which balances goodness of fitness
with the number of free parameters, 4; as follows:

AIC = nin(SSE) + 2k, (16)

where nis the number of samples (in this case, the number of non-zero voxels). The model
with the smallest A/C s selected as the most parsimonious model. Second, we consider
which model maximizes the overlap of the simulated and measured RNL distributions (i.e.,
maximizes the Dice value). This second model selection criteria identifies the model that
most accurately matches the spatial distribution of RNL immediately following the infusion.

2.9 Validation

To determine the ability of each model to predict the final spatial distribution of RNL in
each patient, we employed a leave-one-out method (right-most panel in Figure 1). That is,
we would calibrate four of the five patients to a specific model to yield a distribution of
parameter values. These distributions would then be used to assign the model parameters for
the fifth patient, thereby enabling the model to be run forward to predict the final spatial
distribution of RNL which could then be directly compared to the experimentally measured
value for that patient. More specifically, with one patient held back, the mean, x4, and
standard deviation, o, of the model parameters for the remaining four calibrated parameter
sets are used to determine a beta-distribution [36]:

x?~ (1 —x)b_1

B(x) = 1 ] X € [0, 1] (a7
am M8 ) -
b=(1—u)(%—l) (19)

where aand b are the beta distribution shape parameters, in terms of the sample mean

and variance. The beta-distribution is a generalized monomodal distribution, defined on

the interval [0,1], and is used in place of the normal distribution which is defined on the
interval (—00,00). This distribution allows for appropriate sampling of the prior distribution
for model parameters which exist between some pre-specified lower and upper bounds. If o2
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< 1(1- 4), the beta distribution is replaced with a uniform distribution. Sample parameters
are selected from 100 randomly generated parameter distributions defined by Eq. (17). The
forward model is then run using the geometry and imaging data corresponding to the fifth
patient that was held back. This approach simulates the results of the model prediction as
if the fifth patient were newly entered into the clinical trial. From these 100 independent
simulations, a mean and 95% confidence interval are determined on a voxel-wise basis,

at the times corresponding to the SPECT acquisitions. These means and 95% confidence
intervals are compared to the measured SPECT data using the CCC, Dice, and SSE.

3. Results

3.1. Convergence analysis

The results of our convergence analysis as a function of the number of model elements are
reported in Figure 3. Panel C in Figure 3 demonstrates that the global Lz-norm continues to
slowly decrease upon further refinement of the mesh. At a resolution of one element per 1
mm in each direction (corresponding to 100 elements), a global £ -norm of less than 1078 is
achieved for all values of K.

3.2. Calibration and model selection

Table 5 reports the results of the model calibration and selection for all twelve models and
five patients. Model 12 (where model parameters are tissue specific) minimized the AIC for
each patient except for patient 4. Model 12 also yielded the highest mean CCC and Dice
ranging from 0.71 to 0.95 and 0.84 to 0.97, respectively. Note that the model with the fewest
parameters, Model 1, performed similarly, with only fitting three global parameters, with
CCC and Dice values ranging from 0.70 to 0.92 and 0.76 to 0.97, respectively. However,

the AIC for Model 1 yielded one of the highest values. The models which performed most
poorly were Models 5 and 6 (exponentially weighted).

3.3. Model prediction

For clarity we present prediction results for only two of the models: Model 1, which has the
fewest parameters, and Model 12, which minimizes the mean A/C across 4 of 5 patients,
and maximizes the mean Dice across all patients. Figures 4 and 5 show representative results
for the model prediction scenario for an individual patient normalized to the maximum
SPECT measure observed post-infusion, while Table 6 reports the results for the patient
cohort. Figure 4 presents the Model 1 prediction results for patient 5. As Model 1 does

not take into account spatially varying material properties, the predicted distribution of

RNL is radially symmetric (Figure 4a). Model 1 underestimates the peak intensity at the
center of the distribution at both mid- and post- infusion time points by greater than 10%
(Figure 4a), and the model prediction confidence interval is widest at the center of the RNL
distribution (greater than 0.65 on the normalized SPECT measurement), near the location
where the catheter is placed (Figure 4a). The 95% confidence interval show in Figure 4a can
be interpreted as a spatial map of the uncertainty in model predictions at the voxel level. The
model has regions of high error (underestimating the SPECT data by a factor greater than
90% relative error) near the edge of the brain, where it fails to predict a small leak into the
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CSF (Figure 4a). A high degree of correlation and agreement was observed in Panel 4b with
a CCC of 0.94 between the predicted and normalized SPECT measurement

Figure 5 presents the prediction results from patient 5 for Model 12 which assigns separate
material properties to white matter, gray matter, and CSF. The predicted maximum values
for Model 12 overestimates (Figures 5a, 5b) the RNL concentration by over 20% within
the central region of the distribution, in contrast to Model 1 which underestimates the
concentration by 12% at the final time point. The region of highest uncertainty in the
model prediction for Model 12 is located (greater than 0.70 on the normalized SPECT
measurement) at the center of the distribution (near the catheter placement site, similar to
Model 1), and in CSF within and surrounding the brain (Figure 5a). Compared to Model 1,
Model 12 captures the leak into the CSF surrounding the brain (Figure 5a). A high degree
of correlation and agreement was observed in Panel 5b with a CCC of 0.96 between the
predicted and normalized SPECT measurement

Table 6 summarizes the Dice and CCC values observed from the patient cohort following
the leave-one-out approach described above in section 2.9. Model 1 predicts the distribution
of RNL with a CCC ranging from 0.70 to 0.94, and Dice ranging from 0.46 to 0.82. A low
level of spatial agreement was observed for Model 1 (Dice values less than 0.50) for patients
3 and 4. Model 12 increased the CCC values for all patients, while the Dice value was
decreased for only patient 3. Model 12 resulted in a strong voxel-wise agreement between
the predicted and measured RNL distribution with CCCs ranging from 0.81 to 0.98. Dice
values ranged from 0.58 to 0.84 indicating a strong spatial agreement in the extent of RNL
distribution.

4. Discussion

We have presented a family of twelve models designed to characterize the distribution of
RNL delivered to a patient’s tumor via CED as constrained by their pre-injection MRI data.
Through calibration, we demonstrated that we can recapitulate the shape and voxel-wise
concentration of RNL to a high degree (mean Dice = 0.91 + 0.10, CCC =0.83 + 0.10,

Table 5) using spatially invariant material properties (Model 1). Upon addition of spatial
information, implemented through calibration of material properties determined through
pre-operative MRI (Model 12), these metrics improve (mean Dice = 0.93 + 0.07, mean CCC
=0.83 £0.11, Table 5). Utilizing prior-knowledge from other patients in a leave-one-out
method, Model 12 is highly predictive of the distribution of RNL (Dice = 0.69 + 0.18, CCC
=0.88 £ 0.12), indicating that this model has potential for predicting the distribution of
RNL for future patients within this clinical trial. In addition to predicting the spatio-temporal
distribution of RNL, this framework provides a map of model uncertainty that indicates the
statistical level of confidence in the model prediction at a local voxel level.

While several models of CED have been presented previously [12,14,37-39], they

have focused on the distribution of molecular agents, and may therefore systematically
overestimate the distribution of nanoliposomes (e.g., RNL). Additionally, existing models
utilize literature values for material properties (e.g., Kand D) which apply only in situations
with identical conditions to which the measurement are taken—and may not apply in the
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case of larger molecules [13,38]. We hypothesize that modeling approaches that ignore
patient-specific geometry and assume parameter values from small molecular agents may
result in substantial inaccuracies in treatment planning for RNL delivery. Thus, in this work
we leverage both a patient’s unique geometry and cohort calibrated material properties to
characterize the interstitial distribution of RNL for individual patients.

Other modeling approaches (e.g., iPlanFlow; BrainLab, Munich, Germany) have used
patient imaging data (such as diffusion tensor imaging, DTI) to inform models of CED.
For example, Rosenbluth et a/. utilize a linear scaling of the DT maps to inform K as

a tensor [12,14,39]. While our model does not utilize the DTI tensor field, Kim et. a/.
hypothesize that fully informing K'with DTI imaging may not be necessary, and that large
changes in K, such as those found between boundaries between differing tissue types, are
the most important feature to capture in modeling CED [39]. We believe this hypothesis is
supported by the fact that Model 12, which uses only segmented tissue types instead of a
scaling of the ADC map, was the most accurate at predicting the distribution of RNL on
both voxel-wise and volumetric basis. Some models of CED couple tissue deformation at
the catheter tip with changes to the hydraulic conductivity [12,14]. While we do not take
this phenomenon into account explicitly, it is possible that the empirical nature utilized to
determine material properties (i.e., calibration versus direct measurement) may implicitly
capture this phenomenon.

Further development of this modeling framework may improve current approaches to
identifying appropriate catheter positioning. We note that this 2D framework is a
simplification of the patient’s disease and the physical domain. However, before extending
this effort to 3D and translating into clinical use, the 2D domain is suitable for developing
and testing approaches for modeling the spatio-temporal distribution of RNL v/athe
integration of patient-specific imaging data and treatment protocol with mathematical
models of CED. Once further developed and validated, precision catheter positioning can
be obtained using standard neurosurgery techniques including an image-guided stereotactic
system such as the Varioguide (BrainLAB, AG, Feldkirchen Germany) used in this study.
A study on the accuracy of the Varioguide system demonstrated a mean point deviation 0.9
mm [40] in target accuracy. This mean point deviation is roughly the size of the MRI voxel
dimensions for the 7; sequences used for treatment planning, and is therefore practical for
controlling the catheter placement within the tumor. The accuracy of catheter positioning,
however, may be influenced by the type of fiducials (e.g., extracranial vs. intracranial) used
to align the stereotactic frame itself. While the catheter may be placed accurately within the
brain, there are also a number of practical factors that may limit where the catheter can be
placed including (for example): location of the tumor within the brain, critical fiber tracts,
and blood vessels. These practical factors can limit the accuracy of catheter placement, and
need to be considered when translating a 3D model to clinical application.

There are a number of opportunities for improving this modeling framework. First, the
model was implemented in 2D and future work should extend it to 3D. In spite of this,

the predictive ability of the model in this preliminary data set is high, which we attribute
largely to the differences between the in-plane and through-plane spatial resolution in the
imaging data: 0.98 mm versus 5 mm. Second, the spatial resolution of the SPECT data (4.42
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mm on each side) also fundamentally limits the accuracy of the predictions. The limited
spatial resolution afforded by SPECT is, of course, well-known and there is little that can be
done at this time. It is possible that calibrating to MR-labeled nanoparticles [41], may be a
way to improve the spatial resolution of the input data and this would, in turn, potentially
improve the predictive ability of our modeling scheme. Third, our model also assumes that
resting-state interstitial velocity is dominated by the flow due to CED, and resting-state
interstitial fluid velocity is therefore ignored. This simplifying assumption may not be valid,
particularly in the case of slow, multi-day infusions. The effects of CED on interstitial flow,
and its effects on tumor growth is a growing field, and is currently under investigation
[42,43]. Fourth, patient-specific boundary conditions (as done in [12]) should be considered
in future iterations. While the current formulation does include patient-specific information
including the RNL infusion location and volume, tissue geometry, and properties (i.e.,
tissue hydraulic conductivity K, RNL diffusivity D and convective restriction factor R
within tissue, capillary hydraulic conductivity L, and surface area S/V), it does not account
for all patient-specific boundary conditions. In particular, a more realistic representation
(recognized by Rosenbluth et al. [12]) is to consider the backflow of infused fluid from the
catheter tip to the reflux-preventing step (15 mm in length with our catheter design), so that
the pressure and RNL concentration along the catheter can be calculated as patient-specific
boundary values. In a 2D representation the catheter trajectory is not always aligned with
the modeled planes which limits the applicablity of this backflow calculation. However,
extending this approach to 3D would enable this refinement. Given the modest sample

size (N = 5), the results above should be interpreted as an initial contribution that must

be validated in a large patient set that includes patients of heterogeneous physiologies and
outcomes, including those with and without significant CSF leaks. It is our opinion that
these positive results in the current dataset warrants further investigation.

5. Conclusion

We have presented a family of twelve models calibrated by patient-specific, multi-modality
imaging data, of which the most parsimonious is capable of predicting the final spatial
distribution of RNL with a DICE value of 0.69 + 0.18 and a CCC of 0.88 + 0.12. With
further development and expansion to 3D, we aim to utilize this modeling methodology for
the optimization of CED catheter placement, such that tumor coverage is maximized while
healthy tissue exposure is minimized, for treatment of recurrent glioblastoma in ongoing
clinical studies of RNL for the treatment of recurrent glioblastoma multiforme. Further,
while this specific model is developed for the prediction of RNL delivery within the context
of a specific clinical trial, we propose that this framework is extendable to simulate the
distribution of any therapeutic delivered by CED, given the proper data to calibrate and
constrain model parameters.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Schematic of the patient-specific modeling framework.
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First, the SPECT data is decay corrected and co-registered to the MRI data (panel A).

The registered domains are used to generate the FEM mesh (arrow B) and assign spatially-
varying model parameters. Each model within the model family is then run forward using
an initial guess of model parameters on the high-resolution mesh (panel C). The model
estimated distribution of RNL is sampled at the mid-infusion and end of infusion time
points. We apply our estimated point spread function (PSF) of the SPECT data and resample
the image to the lower-resolution of the SPECT data (arrow D). The error between the
model estimated distribution of RNL and the measured distribution are compared. Model
parameters are updated (arrow E) until stopping criterion are met (arrow F). The optimized
model parameters are saved for the patient-cohort parameter distribution (arrow F). Once all
of the models are calibrated for each patient, we then performed our prediction scenario
using a leave-one-out approach (right panel). We first determine the cohort parameter
distribution using data from all but the patient whose RNL distribution we will predict.

We sample this distribution 100 times and evaluate the high-resolution FEM model. The
mean and 95% confidence interval are calculated from the 100 simulations, and the mean
predicted RNL distribution is compared to the measured RNL distribution at the global and

local levels.
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Figure 2. Representative tissue segmentation for a representative patient.
The gross tumor volume was manually segmented (arrow a) using the post-contrast 7

weighted image. Similarly, the skull-brain boundary (or brain segmentation) was manually
segmented (arrow b) on the pre-contrast 7;-weighted image. Using the brain segmentation
mask, a A~means clustering algorithm was applied to the pre-contrast 7;-weighted image

to segmented (arrow c) gray matter (red), white matter (yellow), and other (including CSF,
cyan). Diffusion weighted estimates of the ADC were also used to identify CSF as areas
with an ADC greater than or equal to 3 x 1073 mm?/s (arrow c). The brain segmentation was
used to define the computational domain and mesh boundary. Mesh elements within a 30
mm diameter circle surrounding the infusion location was refined (red inset).
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Figure 3. Representative FEM mesh for a given patient.
The brain-skull interface is segmented on post-contrast an 7;-weighted MRI (panel A).

Each voxel within the mask in panel A is meshed into two isosceles right-triangular
elements as shown in panel B. This mesh is then refined until the pressure residuals in

each element are below 1076 N/mm? (panel C). Panel C reports the total residuals (defined
as the L-2 norm) of the steady-state pressure field. For all values of K, Pressure residuals
decrease with increasing mesh refinement. An initial mesh resolution of 1 element per 1 mm
(corresponding to N = 100 elements per dimension) is selected, as residuals for each value of
K are below a tolerance of 1076 N/mm2. Further local refinement is iteratively performed on
the patient-specific imaging-derived mesh, until the pressure residual everywhere is less than
1076 N/mm?.
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Figure 4. Visualization of the Model 1 prediction for a representative patient.
Each image in panel A consists of a heatmap of the model prediction overlaid over on a

grayscale, post-contrast, 7-weighted image through the central axial tumor slice for Patient
5. Images in the top row of panel A correspond to the mid-infusion time point, and images
in the bottom row correspond to the post-infusion time point. The left-most column depicts
the true distribution of RNL within the central tumor slice, the second column the mean

of 100 simulations from Model 1, the third column 95% confidence interval of the model
prediction, and right-most column the absolute value of prediction error. A strong degree of
overlap between the predicted and measured RNL distribution resulted in a Dice value of
0.82. The predicted voxel-wise values of RNL are plotted against the measured values in
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Panel B with the line of unity shown in black. A high level of agreement at the voxel level
resulted in a CCC of 0.94.
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Figure 5. Visualization of the Model 12 prediction for a representative patient.
Visualization For each image in panel A, each image consists of a heatmap of the model

prediction is overlaid over of a grayscale post-contrast 7;-weighted image through the
central axial tumor slice for patient 5. Images in the top row correspond to the mid-infusion
time point, and images in the bottom row correspond to the post-infusion time point.

The left-most column depicts the true distribution of RNL within the central tumor slice,
the second column the mean of 100 model predictions, the third column 95% confidence
interval, and right-most column the absolute value of prediction error. A strong degree of
overlap between the predicted and measured RNL distribution resulted in a Dice value of
0.84. The predicted voxel-wise values of RNL are plotted against the measured values in
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Panel B with the line of unity shown in black. A high level of agreement at the voxel level
resulted in a CCC of 0.96.
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Clinical patient details

Table 1.

Patient  Infused volume (mL) Infusion time (min) Dose (MCi) CSF leak?
1 0.66 132 1 yes
2 1.32 264 2 no
3 2.64 528 4 no
4 2.64 528 4 yes
5 2.64 528 4 yes
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Table 2.
Clinical MR image acquisition parameters

Image Sequence TR(ms) TE(@ms) TI(ms) Flipangle b-values

7 Fast field echo 25 2.1 - 30° -

T+contrast Fast field echo 25 2.1 - 30° -

T Turbo spin echo 8,052 100 - 90° -

T-FLAIR Turbo spin echo 11000 125 2800 90° -
ADC Single Shot SENSE 4,390 56 - 90° 0, 1000
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Clinical imaging details

Table 3.

Slice Resolution (mm)

FOV (voxels)

Modality In-plane Resolution (mm)
T 1.0
T+Contrast 1.0
ADC 0.98
SPECT 4.42
CT 1.10

1.0

1.0

5.0
4.42
4.42

256 x 256 x 165
256 x 256 x 165
256 x 256 x 30
128 x 128 x 128
512 x 512 x 90
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Table 4:
List of each member of the model family and their associated and unknown parameters 6,
Restricti Hydraulic conductivity
Model  APparent Tissue Hydraulic  Apparent Liposome Diffusivity ngttrc;(r:t(lgn and capillary area to Total
Conductivity (K, mm?) (D, mm2s71) unitless) : volume ratio (L,S/V, Parameters
mm?2 N1 s
1 K=6, D=6 R=6 L,S/V=0.01 3
- - - LpS
2 K=6 D=6 R= 6 — =0, 4
L,S
3 K= 6,x ADC D= 6,x ADC R=6 %:0,01 3
L,S
4 K=6,x ADC D=6, x ADC R= 6 %:94 4
LpS
5 K= 6exp (-6,/ADC) D= 6sexp (-6,/ADC) R= 6 —— =10.01 5
L,S
6 K= 6,exp (-6/ADC) D= Bsexp (-6,/ADC) R=6; % =0 6
01,CSF 03,CSF LyS
7 K= . D= ) R=65 —— =0.01 5
0, brain 04, brain 14
01,CSF 03,CSF L.S
8 K= _ D= ) R= 6 P~ — b 6
6o, brain 04, brain Vv
. K 01,CSF Do 03,CSF R 6, LpS 0,CSF 5
- 0y, brain - 04, brain V" |6, brain
01,CSF 04,CSF
10 K = {0y, white matter D = {05, white matter R=6 if =0.01 7
03, grey matter O¢, grey matter
01,CSF 04,CSF
11 K = {6y, white matter D = {05, white matter R=6 —LII;S =0g 8
03, grey matter 0O, grey matter
01,CSF 04,CSF
. . L,S 0,CSF
12 K = {60y, white matter D = |05, white matter R=6 — = 8

03, grey matter

0O, grey matter

|20 0g, brain
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Table 5.

Error analysis and model selection for the model calibration scenario

Model 1 2 3 4 5 6 7 8 9 10 11 12
AlIC -188 -186 -187 -185 -186 -183 -241 -292 -292 -305 -333 -338
Patient1 CCC 0.85 0.85 0.88 0.88 0.87 0.87 0.87 0.89 0.89 0.89 0.91 0.90
Dice 0.92 0.92 0.92 0.92 0.92 0.92 0.93 094 094 094 095 0.95
AlIC 725 727 780 782 886 889 711 713 713 695 693 691
Patient2 CCC 0.92 0.92 0.91 0.91 0.89 0.89 0.95 0.95 0.95 0.95 0.95 0.95
Dice 0.97 0.97 0.96 0.96 0.93 0.93 0.97 0.97 0.97 0.97 0.97 0.97
AlC 1,187 1,190 1,173 1,175 1308 1310 1,181 1,169 1,169 1,180 1,185 1,162
Patient3 CCC 0.87 0.87 0.88 0.88 0.88 0.88 0.87 0.88 0.88 0.87 0.87 0.88
Dice 0.96 0.96 0.96 0.96 0.92 0.92 0.96 0.96 0.96 0.96 0.96 0.97
AlC 433. 492 494 459 461 335 337 333 278 280 262 278
Patient4 CCC 0.70 0.70 071 071 0.70 0.70 0.70 0.70 0.70 0.71 0.71 0.71
Dice 0.76 0.76 074 074 074 074 081 0.81 0.81 0.83 0.83 0.84
AlC 276 278 298 300 282 269 218 220 218 132 131 128
Patient5 CCC 0.81 0.81 0.80 0.80 0.81 0.80 0.82 0.82 0.82 0.82 0.82 0.83
Dice 0.92 0.92 0.92 0.92 0.92 0.92 0.93 0.93 0.93 0.95 0.95 0.95
AlIC 487 500 512 507 550 524 441 429 417 396 388 384
Mean CCC 0.83 0.83 0.83 0.83 0.83 0.83 0.84 085 0.85 0.85 0.85 0.85
Dice 0.91 0.91 0.90 0.90 0.89 0.89 0.92 0.92 0.92 0.93 0.93 0.93
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Table 6:

Error analysis for the prediction scenario

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Mean

Model CCC Dice CCC Dice CCC Dice CCC Dice CCC Dice CCC Dice
1 080 060 091 065 070 049 080 046 094 0.82 0.83 0.60
12 084 074 098 079 081 048 083 058 096 084 088 0.69
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