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ABSTRACT

There is currently a paucity of reliable techniques for predicting the response of breast tumors to neoadjuvant
chemotherapy. The standard approach is to monitor gross changes in tumor size as measured by physical exam and/or
conventional imaging, but these methods generally do not show whether a tumor is responding until the patient has
completed therapy. One promising approach to address this clinical need is to integrate quantitative in vivo imaging data
into biomathematical models of tumor growth in order to predict eventual response based on early measurements during
therapy. Contrast enhanced and diffusion weighted magnetic resonance imaging data acquired before and after the first
cycle of therapy to calibrate a patient-specific response model can be used to predict patient outcome at the conclusion of
therapy. We have developed a mathematical modeling approach to optimize key model parameters for the calibration of
a patient-specific mechanically coupled reaction-diffusion model of response. We apply the approach to patient data in
which tumors were either responsive or non-responsive to neoajuvant chemotherapy and demonstrate changes to the
patient-specific model which result in altered growth patterns. Additionally, we show that reconstructed parameter maps
exhibit drastic differences between patients with different tumor burden outcomes at the conclusion of therapy, in this
case, a 10-fold increase in proliferative capacity is found for a non-responding tumor versus its responsive counterpart.
Finally, we show that the mechanically coupled reaction-diffusion growth model, when projected forward, more
accurately predicts residual tumor burden than the uncoupled model.

Keywords: tumor growth, breast cancer, mathematical model, neoadjuvant chemotherapy, reaction-diffusion model,
parameter reconstruction, mechanical model

1. INTRODUCTION

In the neoadjuvant setting, breast cancer patients receive therapy to reduce tumor size to allow more patients to undergo
breast conservation therapy. Neoadjuvant therapy also provides an excellent opportunity to observe tumor sensitivity to a
particular regimen. If we can predict early on in a patient's treatment that the treatment regimen is not effective, the
treatment could be changed to another, potentially more effective regimen thereby avoiding unnecessary treatment
related side effects and toxicities. With numerous therapy options now available, development of a method to predict
response early in the course of neoadjuvant therapy is highly significant. This is especially relevant as targeted therapies
are frequently cytostatic rather than cytotoxic and therefore the reliance on simple changes in tumor size is less useful.
Unfortunately, evaluation of neoadjuvant therapy effectiveness by conventional means currently requires a long period
of clinical observation, at the risk of letting unresponsive tumors become not resectable. Currently, the response of breast
tumors to neoadjuvant therapy is monitored by gross changes in tumor size as measured by physical exam, conventional
(i.e., morphological) magnetic resonance imaging (MRI), and/or ultrasound. Unfortunately, these methods generally do
not show whether a tumor is responding until the patient has received several treatment cycles. New methods are needed
to guide therapeutic interventions in this setting.

One promising approach to address this clinical need is to integrate the quantitative data available from emerging
imaging modalities into physically realistic biomathematical models of tumor growth [1-4]. While some conditions can
be diagnosed and monitored through conventional imaging, it is clear that conventional imaging alone is often
insufficient to characterize therapeutic responses [5, 6]. The combination of quantitative data provided by advanced
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medical imaging approaches to initialize and guide a mechanistic understanding provided by mathematical models may
be a compelling strategy for these complex evaluations.

In this work, we use a mechanically coupled reaction diffusion tumor growth model coupled to the surrounding tissue
stiffness to model and predict tumor response to neoadjuvant therapy. Estimation of tumor growth parameters within the
model are driven by differences in tumor cell distributions measured early in the course of therapy (i.e., before and after
one cycle of neoadjuvant therapy). Using the model, we then predict the tumor burden at the conclusion of neoadjuvant
therapy and compare to experimental observations.

2. METHODS
2.1 Patient description

Patients who were undergoing neoadjuvant therapy as a component of their clinical care were eligible for the study.
Further inclusion criteria included: 1) no previous systemic therapies for breast cancer, and 2) histologically documented
invasive carcinoma of the breast with a sufficient risk of recurrence based on pre-treatment clinical parameters of size,
grade, age, and nodal status to warrant the use of neoadjuvant therapy. Participating patients provided informed written
consent to an Institutional Review Board approved study. The initial retrospective study described below compared
modeling results from two patients: one "responsive" patient exhibiting complete pathological response (defined as no
residual viable tumor on histologic analysis in breast or nodes at the completion of therapy) and one "non-responsive"
patient exhibiting partial pathological response (defined as any residual invasive tumor on histologic analysis in breast or
nodes at the completion of therapy).

2.2 MRI data acquisition

MRI was performed using a Philips 3T Achieva MR scanner (Philips Healthcare, Best, The Netherlands). THRIVE (7
High Resolution Isotropic Volume Examination) structural data was acquired via a 400x400%129 acquisition matrix
over a 20 cm x 20 cm x 12.9 cm transverse field of view (FOV) with one signal acquisition, and TR/TE/a = 6.43 ms/3.4
ms/10°. Dynamic contrast enhanced imaging (DCE-MRI) was acquired with an acquisition matrix of 192x192x20 (full-
breast) over a sagittal square field of view (22 cm?) with slice thickness of 5 mm, one signal acquisition, TR/TE/a. = 7.9
ms/1.3 ms/20°, and a SENSE factor of 2. Each 20-slice set was at 25 time points. A catheter placed within an
antecubital vein delivered 0.1 mmol/kg (9 — 15 mL, depending on patient weight) of the contrast agent gadopentetate
dimeglumine, Gd-DTPA, (Magnevist, Wayne, NJ) at 2 mL/sec (followed by a saline flush) via a power injector
(Medrad, Warrendale, PA) after the acquisition of three baseline dynamic scans.

Diffusion weighted MR imaging (DW-MRI) was acquired with a single-shot spin echo (SE) echo planar imaging (EPI)
sequence in three orthogonal diffusion encoding directions, with b-values of 0 and 600 s/mm?*, FOV = 192x192 (uni-
lateral), and an acquisition matrix of 96x96 reconstructed to 144x144. SENSE parallel imaging (acceleration factor = 2)
and spectrally-selective adiabatic inversion recovery (SPAIR) fat saturation were implemented to reduce image artifacts.
Subjects were breathing freely with no gating applied. The patient DW-MRIs consisted of 12 sagittal slices with slice
thickness = 5 mm (no slice gap), TR = 3080 ms, TE = ‘shortest’ (41 or 60 ms), A =19.8 or 29 ms, and & = 10.7 or 21 ms,
respectively, NSA = 10.

2.3 MRI data analysis

DCE-MRI, DWI-MRI, and anatomical 7;-weighted MR images were acquired at three time points: prior to beginning
neoadjuvant therapy (initial), after one cycle of neoadjuvant therapy (post one cycle), and at the conclusion of 8-12
cycles of neoadjuvant therapy (final). Critical to the modeling approach is that all MR images for each patient are
longitudinally coregistered across all time points. Therefore, the DCE-MRI scans from the initial and post one cycle time
points were non-rigidly registered to the final time point using an adaptive basis algorithm with a tumor volume
preserving constraint [7, 8]. As the DCE-MRI, DWI-MRI, and structural MRI were collected at the same time with
minimal patient motion for each time point, the image sets can be readily longitudinally coregistered for each patient.

Following registration, DCE-MRI data sets at each time point were used to define a tumor region-of-interest (ROI) by
comparing the averages of the baseline pre-contrast images and the enhanced post-contrast images. The tumor ROI was
manually outlined on the difference image between the enhanced and the baseline images. Voxels in the manually drawn

8672 -51V. 3 (p.2 of 7) / Color: No / Format: Letter / Date: 2/9/2013 3:53:40 PM

SPIE USE: DB Check, Prod Check, Notes:



Please verify that (1) all pages are present, (2) all figures are correct, (3) all fonts and special characters are correct, and (4) all text and figures fit within the red
margin lines shown on this review document. Complete formatting information is available at http:/SPIE.org/manuscripts

Return to the Manage Active Submissions page at http://spie.org/app/submissions/tasks.aspx and approve or disapprove this submission. Your manuscript will
not be published without this approval. Please contact author_help@spie.org with any questions or concerns.

ROI exhibiting 100% signal intensity increase between the average before and average after contrast infusion data were
used to define the tumor voxels.

The diffusion data sets were fit to Eq. (1) to return apparent diffusion coefficient (ADC) values on a voxel-by-voxel
basis:

Yy (S0 /S )/
3

where i is the diffusion-weighting direction, S, denotes the signal intensity in the absence of diffusion gradients, b
reflects the strength and duration of a diffusion-sensitizing gradient, and S; is the signal intensity in the presence of the
diffusion-sensitizing gradient. Using Eq. (2), the ADC data for the tumor voxels (as defined by the DCE-MRI) was
transformed to an estimate of tumor cell number, as described in [9],

N(E.1)= 9( ADC,, - ADC(J_c,t)J o
ADC,, — ADCyin

ADC =

(1

where 6 is the carrying capacity (i.e., the total number of tumor cells that fit within a voxel), ADC,, is the ADC of free
water at 37° C (3 x 10° mm?s), ADC(X ,f) is the ADC value at position (x,y) in image space, and 4DC,,, is the
minimum ADC value which corresponds to the voxel with the largest number of cells. To calculate 8, we assumed
spherical tumor cells with a sphere packing density of 0.7405 [10]. We assumed a nominal tumor cell radius of 10 um to
arrive at a tumor cell volume of 4189 pmz; from this value, and the voxel volume, the maximum number of tumor cells
can be determined for a given voxel.

2.4 Mathematical modeling approach

The coupled set of PDE's governing the model are shown in Egs. (3) - (5).

@:v(pw(x,z))w(x)N()—c,t)(l_ @j N
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Eq. (3) models the rate of change of tumor cell number at a particular location and time as the sum of random cell
diffusion (the first term on the right hand side of the equation) and logistic growth (the second term). The cell diffusion
term is linked to surrounding tissue stiffness via Eq. (4), where o, is defined as von Mises stress and y is an empirically
derived coupling constant. Eq. (5) describes mechanical equilibrium and governs how the stress tensor is subject to an
expansive force determined by changes in tumor cell number (Nro( X ,f)) and a coupling constant A. In this work, we
model the mechanics by a 2-D linear-elastic, isotropic constitutive relation under the plane strain approximation.

Figure 1 shows the modeling approach for characterizing tumor cell growth and migration by mechanically coupling a
reaction-diffusion tumor growth model to the surrounding tissue properties. A Levenberg-Marquardt least squares non-
linear optimization was used to fit the spatially varying proliferation rate and global tumor cell diffusion term (k( X ,¢)
and Dy, respectively) between the tumor cell numbers at the initial and post one cycle time points. Note that k(X ,f) can
have positive or negative values, describing either proliferation or cell death. The central slice 2-D coupled forward
model is solved for tumor cell number and displacement by a fully explicit, finite difference in time domain, finite
element simulation. Implicit within each time step of the forward tumor growth model is a calculation of von Mises
stress, which is based on the displacement governed by changes in tumor cell number. Following optimization between
the first two time points, the k(X ,f) and Dy parameters were fixed and the model was projected forward in time in order
to predict tumor cellularity at the final time point and was compared to observations.
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Figure 1. Inverse modeling approach for characterizing tumor cell growth parameters. The initial and post one cycle ADC
maps of the tumor are used to assign the tumor cell distributions at these time points as described by Eq. (2). Utilizing the
tumor cell growth model either with or without mechanical coupling, a model estimated tumor cell distribution is compared
to the observed distribution at the post 1 cycle time point. A map of proliferation, 4( X ), and the tumor cell diffusion
coefficient, Dy, is iteratively updated until the model/data error is minimized.

3. RESULTS

Figures 2 and 3 show the parameter reconstructions with and without mechanical coupling for the responsive and non-
responsive tumors, respectively. Qualitative comparisons of the non-mechanics coupled proliferation rate maps with the
mechanics coupled maps for each patient show differences between reconstructed parameter maps. Comparisons
between the responsive and non-responsive tumors shows a drastic 10 fold increase towards enhanced cell proliferation
with a maximum proliferation rate of ~0.2 and ~2 for the responsive and non-responsive patients, respectively, showing
an increase in proliferative capacity of tumor cells for a patient whose clinical outcome results in residual tumor at the
conclusion on therapy. Additionally, the mechanics coupled model predictions at the final time point for both patients
result in excellent agreement with the observed data as compared to the non-mechanics coupled model in both tumor cell
number and spatial distribution. Model predicted final cell numbers for the responsive tumor were 1.58 x 107, and 9.54 x
10° for the non-mechanics and mechanics models, respectively, compared to the observed value of 0 (i.e., no residual
tumor burden). Model predicted final cell numbers for the non-responsive tumor were 5.04 x 107, and 3.08 x 10’ for the
non-mechanics and mechanics models, respectively, compared to 3.08 x 107 for the observed. Comparing the final tumor
burden predictions for both models in each tumor (Figure 2h and j and Figure 3h and j, respectively) with their
respective observations of final tumor burden (Figure 2f and Figure 3f), the spatial distributions of the mechanics
coupled model predictions are seen to exhibit excellent agreement whereas the non-mechanics coupled model are
spatially less accurate.
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Figure 2. Parameter reconstruction and forward model evaluation for the responsive tumor. ADC maps overlaid on T}
structural images at initial (a), post one cycle (b), and final (c) time points are converted to cell number distributions (d-f).
Parameter optimization using a model without mechanical coupling, as described in Figure 1, is used to reconstruct tumor
cell diffusion coefficient and a map of proliferation (g) which is used to predict the final cell number (h). This process is
repeated for the model with mechanical coupling (i and j). The predicted final cell number for the model with mechanical
coupling (j) is shown to have excellent agreement with the observed final cell number (f).
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Figure 3. Parameter reconstruction and forward model evaluation for the non-responsive tumor. ADC maps overlaid on T
structural images at initial (a), post one cycle (b), and final (c) time points are converted to cell number distributions (d-f).
Parameter optimization using a model without mechanical coupling, as described in Figure 1, is used to reconstruct tumor
cell diffusion coefficient and a map of proliferation (g) which is used to predict the final cell number (h). This process is
repeated for the model with mechanical coupling (i and j). The predicted final cell number for the model with mechanical
coupling (j) is shown to have better agreement with the observed final cell number (f).
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4. CONCLUSIONS

In this work, we present a mechanically constrained modeling approach to integrate quantitative in vivo imaging data
into biomathematical models of tumor growth in order to predict eventual response based on early measurements during
therapy. The results indicate that the incorporation of mechanics within the biomathematical model impacts the behavior
of the model, and thus the parameter reconstructions. Since the therapeutic system is intact, we are able to use the
optimized parameters fit between the initial and post one cycle time points to project the model forward in time and
compare the model prediction to experimental data for tumor cell number at the final time point. While preliminary, our
modeling results provide excellent agreement with clinical observations and suggest that an imaging-based modeling
approach to the prediction of tumor response may provide valuable early feedback during the course of neoadjuvant
therapy; and our results provide considerable enthusiasm for further studies with more patients. Furthermore, it is very
important to note that there is a paucity of efforts in the mathematical modeling literature where in vivo clinical
measurements are used to generate hypotheses that can actually be tested in individual cancer patients. The framework
presented here contributes one such approach to attacking this very important problem.
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