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ABSTRACT

Imaging plays a central role in the evaluation of breast tumor response to neoadjuvant chemotherapy. Image-based
assessment of tumor change via deformable registration is a powerful, quantitative method potentially to explore novel
information of tumor heterogeneity, structure, function, and treatment response. In this study, we continued a previous
pilot study to further validate the feasibility of an open source deformable registration algorithm DRAMMS developed
within our group as a means to analyze spatio-temporal tumor changes for a set of 14 patients with DCE-MR imaging.
Two experienced breast imaging radiologists marked landmarks according to their anatomical meaning on image sets
acquired before and during chemotherapy. Yet, chemotherapy remarkably changed the anatomical structure of both
tumor and normal breast tissue, leading to significant discrepancies between both raters for landmarks in certain areas.
Therefore, we proposed a novel method to grade the manually denoted landmarks into different challenge levels based
on the inter-rater agreement, where a high level indicates significant discrepancies and considerable amounts of
anatomical structure changes, which would indeed impose giant problem for the following registration algorithm. It is
interesting to observe that DRAMMS performed in a similar manner as the human raters: landmark errors increased as
inter-rater differences rose. Among all selected six deformable registration algorithms, DRAMMS achieves the highest
overall accuracy, which is around 5.5 mm, while the average difference between human raters is 3 mm. Moreover,
DRAMMS performed consistently well within both tumor and normal tissue regions. Lastly, we comprehensively tuned
the fundamental parameters of DRAMMS to better understand DRAMMS to guide similar works in the future. Overall,
we further validated that DRAMMS is a powerful registration tool to accurately quantify tumor changes and potentially
predict early tumor response to chemotherapy. Therefore, future studies that aim at examining if DRAMMS can
generate valuable biomarkers for tumor response prediction during chemotherapy become feasible.
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1. INTRODUCTION

Breast cancer is the second most frequent cancer and the second leading cause of death for women in the United
States[1]. A patient receives neoadjuvant chemotherapy for breast cancer to shrink a tumor for two main reasons[2]: 1)
allowing surgically removal of the tumor initially inoperable at pre-chemotherapy stage [3, 4], and 2) allowing breast-
conserving surgery rather than mastectomy [5, 6]. In order to optimize clinical treatment outcomes, it is critical to
effectively monitor tumor response during neoadjuvant chemotherapy as well as early predict long-term pathologic
response from a series of longitudinal breast magnetic resonance images[7, 8]. Image registration algorithms [9, 10] that
aim to build voxel-wise anatomical correspondences, are able to automatically and efficiently quantify both tumor and
normal breast tissue local changes over time, and therefore provide a potentially more attractive pathway (known as
parametric response map[11-13]) to uncover tumor response[12, 14-16], in comparison to current global measurements
such as RECIST [17] and World Health Organization (WHO) [18] and more [19]. However, since there are considerable
amounts of anatomical changes brought in by chemotherapy, it becomes challenge to identify these correspondences in
imaging spaces. Therefore, it is necessary to determine the most suitable registration algorithm among the available
algorithms specifically for breast DCE-MR imaging.

Previously, our group has performed a pioneering study to compare our in-house algorithm DRAMMS[20] with five
other deformable registration algorithms for longitudinal breast image registration, in general with DRAMMS giving the
highest registration accuracy [21]. In this study, we intend to further evaluate and validate this open source registration



package DRAMMS from our group. The main contributions of this paper are two-fold: 1) we have proposed new ways
to assess and more deeply understand the performance of DRAMMS within the imaging subregions (note the whole
breast region are labeled with various registration challenge levels based on inter-rater disagreement and 2)
comprehensively tune the parameters of DRAMMS to optimize the configuration for longitudinal breast DCE-MR
imaging registration application, which will guide future large population studies.

2. METHODS
2.1 Study population and image dataset

Longitudinal breast DCE-MR images for 14 women with biopsy-proven T2-3 breast tumors were retrospectively
collected from the ACRIN 6657 I-SPY trial (see details in [7]). All women in this trial underwent standard neoadjuvant
chemotherapy, which at the time of the study consisted of four cycles of Adriamycin/Cytoxan, followed by four cycles of
Taxotere. At the end of the 3-4 months of chemotherapy, the women were evaluated by pathological analysis and
classified as either pathologic complete responder (pCR) or pathologic partial responder (pPR). In this study, seven
women were classified as pCR and seven as pPR.

MR imaging parameters were: FOV 18-20 cm, image size 256x256x64,voxel size 0.70x0.70x2.0mm?, TR=27.0ms,
TE=4.76m:s, flip angle=45°. Pre-gadodiamide imaging was performed followed by immediate post-gadolinium images
(at two minutes) and delayed post-gadodiamide images (at seven minutes). The baseline image was the image obtained
right before the first chemotherapy, and final images were acquired after therapy was completed. Note, in this study not
all four image sets were investigated, and only the image sets obtained before chemotherapy (1% imaging) and after the
second treatment chemotherapy cycle (3" imaging) were studied.

2.2 Deformable registration algorithms

Template N Feature
Image o Image v
Cost | Minimize )| Deformation
Function "]  Function Field
Source - Feature A
Image g Image

Fig. 1. A general descriptive pipeline of typical deformable registration algorithm

Two other open source software packages (five algorithms) which were previously applied to register longitudinal breast
MR images were selected for longitudinal breast MRI registration, including Demons [22] and FFD [23] for comparison
purposes. In general, each deformable registration algorithm aims to find the optimal deformation field that warps the
source image to the template image through minimization of a specified cost function (measure the spatial difference) as
shown in Fig. 1. Note in this study, the template image is always the image acquired before chemotherapy, and the
source image is always the image obtained after chemotherapy. Each deformable registration algorithm is typically
defined by three essential components: 1) voxel characterization, 2) similarity metric and 3) transformation model. The
details for the selected six algorithms of three packages are listed in Table 1, and the detailed parameter setting for the
selected algorithms can be referred in [21]. Note, in order to carry out a fair comparison, the parameters for all the
studied software were optimally adjusted according to the given imaging set (see more details in [21]).

Table 1. Three principal components (voxel characterization, similarity metric and transformation model) of three deformable
registration packages, including Demons, FFD, and DRAMMS.

Voxel Characterization Similarity Metric Transformation Model
Demons Intensity Intensity Difference Optical Flow[24]/Diffeomorphism
1) Normalized Mutual Information
FFD Intensity 2) Correlation Coefficient Cubic B-spline
3) Sum of Squared Differences
DRAMMS Gabor Texture[25] Texture Difference Cubic B-spline




2.3 Evaluation criteria

2.3.1 Human rater

To quantitatively measure registration output, two experienced breast imaging radiologists separately denoted landmarks
according to their anatomical meaning for both the template and source images while blinded to the patient response
outcome. Both radiologists initially agreed on a collective set of 2380 anatomical landmarks in the template image set,
which were scattered in the whole breast space (includes nipples, breast boundaries, chest walls, internal milk ducts,
vessels, glandular structure and tumor). Then they independently identified corresponding landmarks in the source image
for each patient.

2.3.2 Registration challenge from landmark grading

Since neoadjuvant chemotherapy significantly affects both tumor and normal breast tissue structures, it is very difficult
to identify the corresponding landmarks based on the template image between two raters. Moreover, corresponding
landmarks from the template image may not even exist in the source image since chemotherapy causes noticeable
shrinkage within a particular tumor region. Before directly utilizing these landmarks as a basis for future evaluation, we
proposed a novel idea to grade each landmark at different registration challenge areas, based on the value of landmark
variation between the two raters. The details are as following: if there is no variation between two raters for the given
landmark, then this landmark is marked as level 0; if the variation € ((k — 1) xd, k= d], k=123 ..., where d is the
longest cube diagonal of the image voxel, this landmark is marked as level k. A higher level landmark indicates larger
variation between the two raters and great anatomical structure change. Thus the level of the landmark correlates to the
challenge for each registration algorithm. In general, the high level landmarks are distributed across the whole region of
breast, which indicates the chemotherapy significantly alternates both tumor and normal breast tissue regions. Thus, we
are curious to evaluate the performance of the selected registration algorithm DRAMMS at various challenge levels. For
further calculation purposes, these high level landmark regions should be excluded to perform an accurate comparison.

3. RESULTS
3.1 Registration output from DRAMMS
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Fig. 2. Jacobian determinants and intensity residual colormap from registering (c) a post-treatment (b) to a pre-treatment scan (a) for a
selected breast cancer patient, using DRAMMS, showing (e) tumor shrinkage as response to neoadjuvant chemotherapy, but also (f)
residual intensity decrease.



Fig. 2 displays the registration results of one selected patient image set from DRAMMS with the template image as the
image acquired before chemotherapy (pre-treatment), the source image as the image obtained after chemotherapy (post-
treatment), and the registered image being the deformed source image produced from DRAMMS (with the preselected
optimal parameters g = 0.2). Anatomical variations between pre-treatment and post-treatment breast structures within
the two images are visually noticeable, due to the chemotherapy. After registration, the aligned post-treatment image
(Fig. 2c) is deformed in a way more similar to the pre-treatment image in comparison with post-treatment image, which
qualitatively indicates the effectiveness of the deformable registration algorithm DRAMMS. The displacement field is
generated from the deformable registration algorithm DRAMMS at each image voxel as shown by the mesh deformation
in Fig. 2d. The Jacobian determinants were also computed (Fig. 2e), revealing volumetric voxel changes with value=1
for volume preservation, <1 for shrinkage and >1 for volume expansion. Also, the residual image were calculated by
subtracting the registered post-treatment image from the pre-treatment image, which revealed the voxel-wised image
intensity variation superimposed on the pre-treatment 3D breast structure as shown in Fig. 2f. Moreover, the
registration-derived information (e.g., deformation field and residual image) could be applied to analyze spatial
heterogeneity of interested multi-parameter maps to augment tumor response prediction to chemotherapy response
(known as parametric response mapping technique).

3.2 Landmark error of DRAMMS ordered by challenge level

16 ™ Tissue
14 = Tumor
12 —Linear (Tissue)

— Linear (Tumor)

Average of Landmark Error (mm)

4% 3%  43% 48% 29%26% 10% 12% 5% 6% 4% 2% 2% 2% 1% 1% 1% 1% 1% 1%

Level 0 Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 Level 8 Level 9

Registration Challenge Level

Fig. 3. Plot of relation between average of landmark errors within tumor and normal tissue region calculated from DRAMMS and
registration challenge levels. Two straight lines represent the linear regression of average landmark error for tumor or tissue region.

Fig. 3 shows the landmark errors from registration algorithm DRAMMS ordered by landmark grading levels (i.e.,
registration challenge) with most landmarks falling within low level (relatively little challenge) and more than 95%
landmarks within level 5. Both landmark errors from normal breast tissue and tumor region show a similar high linear
correlation with registration challenge levels. For high level landmarks (level 5 and greater), the variation between two
raters is significantly high, indicating that these landmarks may not be suitable to serve as ground truth for evaluating
registration accuracy. Moreover, it is easy to find out the performance of DRAMMS is equivalently sound within both
the normal breast tissue and tumor regions for low-grade regions (may have relatively small anatomical variation during
chemotherapy), and for high-grade regions, both human raters and DRAMMS share similar uncertainty patterns for
identifying structure correspondences within both imaging spaces. To sum up, DRAMMS performs well in the sub-
regions where the inter-rater agreement is high, while DRAMMS fails where the inter-rater disagreement is strong.

3.3 Algorithm comparison

Fig. 4 shows the average and standard deviation for the landmark errors of tumor and/or normal breast regions from all
six deformable registration algorithms (exclude landmark error higher than level 5), along with the mean and standard
deviation of inter-rater differences. Overall, DRAMMS shows the highest overall accuracy among all six algorithms
and performed equivalently well within both tumor and normal breast tissue regions, which is lower than 5mm



misalignment based on the ground truth generated by human raters. Since imaging space is discrete, and the voxel size is
0.70x0.70x2.0mm°. Therefore, compared with human rater that is around 1~2 voxel size misalignment, DRAMMS
generate an extremely accurate alignment result (around 2~3 voxel size misalignment).
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Fig. 4. Landmark errors of different deformable registration algorithm at different regions (tumor and/or normal tissue).
The p-value from Student's t-test indicates if there are substantial differences between tumor and normal breast tissue area.

3.4 Parameter adjustment

Similar to other registration algorithm, there are many parameters inside DRAMMS, which could significantly affect its
performance. For instance, Fig. 5 shows the tendency of average landmark error for tumor or breast tissue region to
change with respect to an increasing g-value (i.e., the regularization term adjusts the smoothness of the deformation
field). The average landmark errors for both regions initially decreased slightly, and then started to increase quickly, and
lastly reached maximal boundary. However, there are many other metrics (e.g., determinant of Jacobian > 0) that
should be considered to evaluate the deformation field besides landmark error in order to obtain a realistic and
meaningful result. Finally, g-value is set to be 0.2 to optimize the received deformation field.
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Fig. 5. Average of landmark errors variation with respect to the g value setting in DRAMMS in both tumor and tissue regions.

4. CONCLUSION

In this study, we further validated our in-house deformable registration algorithm DRAMMS for longitudinal breast
DCE-MR images. DRAMMS showed a high linear correlation with registration challenge level (i.e., human rater
performance), and achieved the highest accuracy in comparison to other competitive registration algorithms. A larger
dataset from the ACRIN 6657 I-SPY trial is currently being acquired and processed to further validate these findings,
and the features generated from DRAMMS have potential to serve as novel biomarkers to assess early tumor response to
neoadjuvant chemotherapy as well as long term pathologic response by evaluating tissue deformation.
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