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Introduction: For locally advanced rectal cancers, in vivo radiological evaluation
of tumor extent and regression after neoadjuvant therapy involves implicit
visual identification of rectal structures on magnetic resonance imaging (MRI).
Additionally, newer image-based, computational approaches (e.g., radiomics)
require more detailed and precise annotations of regions such as the outer rectal
wall, lumen, and perirectal fat. Manual annotations of these regions, however, are
highly laborious and time-consuming as well as subject to inter-reader variability
due to tissue boundaries being obscured by treatment-related changes (e.qg.,
fibrosis, edema).

Methods: This study presents the application of U-Net deep learning models
that have been uniquely developed with region-specific context to automatically
segment each of the outer rectal wall, lumen, and perirectal fat regions on
post-treatment, T>-weighted MRI scans.

Results: In  multi-institutional evaluation, region-specific U-Nets (wall
Dice = 0.920, lumen Dice = 0.895) were found to perform comparably to
multiple readers (wall inter-reader Dice = 0.946, lumen inter-reader Dice = 0.873).
Additionally, when compared to a multi-class U-Net, region-specific U-Nets
yielded an average 20% improvement in Dice scores for segmenting each of the
wall, lumen, and fat; even when tested on T,-weighted MRI scans that exhibited
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poorer image quality, or from a different plane, or were accrued from an external

institution.

Discussion: Developing deep learning segmentation models with region-specific
context may thus enable highly accurate, detailed annotations for multiple rectal
structures on post-chemoradiation T,-weighted MRI scans, which is critical for
improving evaluation of tumor extent in vivo and building accurate image-based
analytic tools for rectal cancers.

rectal cancer (RC), deep learning, MRI, segmentation, U-Net, artificial intelligence (Al)

1. Introduction

Colorectal cancer is the third most diagnosed cancer
worldwide, with nearly 40% of tumors localized to the rectum (1).
Patients diagnosed with locally advanced rectal cancer (LARC)
typically undergo neoadjuvant chemoradiation (nCRT) (2), after
which Magnetic Resonance Imaging (MRI) is routinely acquired for
evaluation of treatment response in vivo in order to guide follow-up
patient management (3, 4). Radiological evaluation of post-nCRT
MRI scans typically involves implicit visual identification of rectal
structures on MRI (namely the lumen, outer rectal wall, and
perirectal fat), where the boundaries can be obscured as a result of
treatment effects including fibrosis, edema, or necrosis (5). This
limits the sensitivity of radiological evaluation in determining
tumor extent and regression in vivo (e.g., tumor stage or T-stage)
(6, 7). Additionally, newer computational radiomics approaches
(the computerized extraction of quantitative measurements from
radiographic imaging) require precise delineation of the lumen,
rectal wall, and perirectal fat (8, 9) on MRI. The latter task is not
only highly manual and labor intensive but can be complicated
by the confounded boundaries of rectal structures on post-nCRT
MRI. There is thus an unmet clinical need for specialized models
that can identify rectal structures on post-nCRT MRI to enable
more detailed characterization of tumor impact as well as build
accurate downstream analytical pipelines.

Deep learning models, such as fully convolutional neural
networks (FCNs), have recently shown wide-ranging success
in medical imaging segmentation tasks (10), especially using
the popular U-Net architecture (11). Previously presented
segmentation approaches in the context of rectal MRI scans,
summarized in Supplementary Table 1, have primarily focused
on delineation of tumor alone while comparing against a single
reader annotation on pre-nCRT MRI cohorts (12-17). However,
FCNs trained on pre-nCRT MRI scans may not be optimized
for delineating regions of interest (ROIs) on post-nCRT MRI
scans, as the rectal environment on post-nCRT MRI is visually
and pathologically distinct from pre-nCRT MRI (6, 18). Previous

Abbreviations: T2w MRI, T2-weighted magnetic resonance imaging; LARC,
locally advanced rectal cancer; nCRT, neoadjuvant chemoradiation therapy;
BY, region-specific U-Net to delineate the outer rectal wall; B, region-
specific U-Net to delineate the lumen; Bf, region-specific U-Net to delineate
the perirectal fat; DSC, dice similarity coefficient; HD, Hausdorff distance; FD,
Fréchet distance.
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studies most directly related to the current work have leveraged
U-Nets to automatically segment both tumor and rectal wall (14)
as well as to delineate tumor, rectal wall, and the perirectal fat;
albeit using only single reader annotations on data from a single
institution (17). Critically, the utility of such segmentation models
is contingent on their performance across multiple institutions to
confirm their generalizability among a variety of imaging settings
and differences in image quality. In order to reduce the burden
of expert annotation, it is also important for these models to be
comparable to the agreement between multiple radiology readers.

Research in other tumor types has also suggested region-
specific models may be more effective and accurate in identifying
region boundaries than a traditional multi-class model (19,
20). Thus, the traditional multi-class segmentation approach
to simultaneously delineate multiple ROIs utilized in previous
studies may be sub-optimal for identifying boundaries of different
structures in the rectal environment on post-nCRT MRI. The
hypothesis of this study is that U-Nets trained with region-
specific context could enable more accurate, automated delineation
of different rectal structures (the outer rectal wall, lumen, and
perirectal fat) on post-nCRT MRI

The contributions of this work are threefold:

1. Initial results of developing U-Net models trained with
region-specific context to automatically identify boundaries of
the outer rectal wall, lumen, and perirectal fat on post-nCRT
T,-weighted MRI scans.

2. Performance evaluation of region-specific U-Nets in a
multi-reader setting, against repeat annotations from two
radiology readers.

3. Validation of region-specific U-Nets performance across

multiple imaging settings and institutional cohorts.
Per the current understanding of the field, this is one of the
first efforts in developing deep learning models specifically
optimized for post-nCRT MRI, as well as for accurately
delineating multiple rectal structures in detail.

2. Materials and methods

Here, U-Net models are developed with region-specific context
to accurately delineate rectal structures on post-nCRT MRI. A total
of 92 patients were deemed eligible for this study. All MRIs
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underwent pre-processing to account for variance in imaging
acquisition across all institutions. Subsequently, three U-Net
models were trained to delineate the outer rectal wall, lumen, and
perirectal fat on a 2D basis. The output segmentations of the region-
specific U-Net models were compared to a traditional multiclass
U-Net model. The following sections describe specific details of
preprocessing steps, model parameters, experimental design, and
evaluation of model performance.

2.1. Patient selection and dataset
description

In this IRB-approved study, patients diagnosed and treated
for rectal adenocarcinoma between August 2007 and October
2015 were curated from three different institutions [University
Hospitals Cleveland Medical Center (UHCMC), Cleveland Clinic
(CC), and Northeast Ohio VA Medical Center (NOVAMC)]. In
total, 92 patients were deemed eligible for this study based on
the availability of at least one post-nCRT T,-weighted (T2w)
MRI, with the entirety of the outer rectal wall, lumen, and
perirectal fat annotated by at least one radiologist. Due to
the retrospective nature of this study, informed consent was
waived, as all data was de-identified prior to experimental
analysis. Figure 1 illustrates the inclusion/exclusion criteria
employed to split the 92 patients into training and holdout
testing cohorts. The training and internal validation cohort
comprised 44 patients from UHCMC and CC based on three
criteria: (i) availability of axial T2w MRI, (ii) administration
of rectal gel when preparing the patient for MR imaging,
and (iii) determined to be high-quality upon visual inspection
(no motion artifacts, high contrast differences between rectal
structures).

The remaining 48 patients were placed into the holdout
testing cohort, which was further divided into three sub-cohorts
(Figure 1). Sub-cohort Cl comprised 20 patients with repeat
annotations of outer rectal wall, lumen, and perirectal fat regions
which had been done independently by two radiologists with 13
and 7 years of experience, respectively, to determine whether U-Net
models trained with region-specific context were comparable to
multiple readers, as well as their inter-reader agreement. To
further test the robustness of the region-specific U-Net models, 17
patients whose imaging characteristics were different from training
inclusion criteria (e.g., coronal MRI, without rectal gel, or visibly
poor image quality) were curated to form sub-cohort C2. Finally,
11 T2w MRI scans from NOVAMC were included in sub-cohort
C3, representing an external validation set (i.e., an institution not
included in the training cohort).

2.2. MRl acquisition characteristics

All included patients had been imaged after nCRT for locally
advanced disease, using a T,-weighted turbo spin echo sequence
at each institution. Across all three institutions, T,-weighted MRI
was acquired via two different scanner manufacturers (Philips
and Siemens) and 10 unique models, resulting in varied imaging
parameters (in-plane resolution: 0.313-1.172 mm, slice thickness:
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3.0-8.0 mm, repetition time: 2400-11800 ms, echo time: 64-
184 ms). However, imaging parameters within each institution were
fairly consistent.

2.3. Annotation of the outer rectal wall,
lumen, and perirectal fat on post-nCRT
T2w MRI

Using available clinical, pathologic, and radiology reports, as
well as all imaging planes and any additional imaging sequences,
a radiologist at each institution manually annotated the entirety of
the outer rectal wall, lumen, perirectal fat, and obturator internus
muscle on each post-nCRT T2w MRI dataset. For datasets in C1,
two radiologists independently annotated the outer rectal wall,
lumen, and perirectal fat in a blinded fashion. All annotations were
performed in 3D Slicer (21). Sigmoidal colon regions above the
peritoneal reflection, as well as regions below the top of the anal
canal, were omitted for annotation purposes.

2.4. Processing of MRI scans for
acquisition differences and artifacts

An overview of the experimental workflow (including
all processing steps) is presented in Figure 2. To correct
for resolution differences across the three institutions, all
volumes were linearly re-sampled to a common resolution
(0.781 mm x 0.781 mm x 4 mm, selected as the most
commonly occurring resolution across all included patients).
Next, inhomogeneity in gray-level intensities resulting from bias
field was addressed via the N4ITK bias field correction algorithm
(22). Finally, T2w signal intensities within the outer rectal wall,
lumen, and perirectal fat were normalized with respect to the
mean intensity of the obturator internus muscle within each MRI
dataset, to account for marked intensity variations across all three
institutions.

2.5. Region-specific and multiclass
U-Net segmentation architecture

The U-Net FCN architecture (11) was implemented for
segmentation of different rectal structures due to its wide
popularity for biomedical image segmentation. Within the
U-Net, the contractive path extracts features from images via
convolution blocks like a typical convolutional neural network.
Each convolution block contained two sequences of 3 x 3
convolution followed by batch normalization. The output
of each block was downsampled by a 2 x 2 max pooling
operation. The expansive path then uses spatial information
from the contractive path via a series of up-convolutions
and skip connections to ultimately produce a pixel-wise
segmentation of the original input image. In the expansive
path, each convolution block contained a 3 x 3 up-convolution,
concatenation with the corresponding feature map from the
contractive path, and two sequences of 3 x 3 convolution
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Assessment for eligibility

annotation

 Availability of post-treatment T2w MRI
* Availability of at least one expert

|

(n=92)

Patients with post-treatment imaging obtained at University Hospitals Cleveland Medical Center,
The Cleveland Clinic Foundation, Northeast Ohio VA Medical Center (VAMC)

Training and Internal Validation
(n=44)
1. Axial view available
2. Post-treatment imaging acquired with rectal gel
3. Good image quality

Holdout Testing Sub-cohort C1
(n=20)
* ROIs were independently
annotated by two radiologists
* 4 only had coronal view available

Holdout Testing Sub-cohort C2
Only coronal view available (n = 8)
Imaging acquired without rectal gel or
with too much stool (n = 6)

Poor image quality (n = 3)

Holdout Testing Sub-cohort C3
(n=11)
+ All patients from VAMC

FIGURE 1

Flow diagram of patient eligibility and exclusion criteria of the multi-institutional dataset used in this study.
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FIGURE 2

Overview of study workflow for developing region-specific U-Nets for segmentation of the outer rectal wall, lumen, and perirectal fat on
post-treatment, T2w MRI. Image processing included resampling to a common resolution, bias field correction, and intensity normalization.
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(followed by batch normalization). Non-linearity was introduced
into each layer of convolution in the contractive and expansive
paths via ReLu (Rectified Linear Units), except for the output
layer which used a sigmoid activation function to produce
binary segmentations.

Three separate region-specific U-Nets were developed to
identify the boundaries of different rectal structures on MRI:
(i) the outer rectal wall boundary (denoted BY), (ii) the outer
lumen boundary (denoted BL, which is also the inner rectal wall
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boundary), and (iii) the perirectal fat (denoted BF). A fourth multi-
class U-Net was additionally developed to segment BW, BL, and
BF simultaneously.

2.6. Experimental design

The three region-specific U-Nets as well as the multiclass U-Net
shared identical architectures and hyperparameters, except for the
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activation function in the final output layer. These parameters
were empirically determined via a gridsearch optimization strategy.
The multiclass U-Net used a SoftMax activation function (as each
pixel was assigned a probability of belonging to each region),
whereas the region-specific U-Nets utilized a sigmoid activation
function to produce binary segmentations for each region. All
U-Nets were trained over 50 epochs, with a batch size of 16,
the Adam optimization function (learning rate = 0.003) (23),
and a Dice Similarity Coefficient (DSC) loss function. Dropout
regularization of 0.2 was implemented to prevent overfitting (24).
Images were center-cropped to remove extraneous information
(e.g., hip bones, bladder) and resized to 128 x 128 before being
input to the networks. Images were then augmented on-the-fly
with vertical flips and rotations between —30 and 30° to improve
generalizability. The U-Net networks were implemented in Keras,
using a Tensorflow backend (25), and trained via 2 NVIDIA
Tesla P100 GPUs with a total of 16 GB of memory at the high
performance computer cluster of Case Western Reserve University.
Following training, the threshold to binarize the segmentation
maps generated by each U-Net was optimized on the internal
validation set. The binary segmentations for each region were
further refined via connected component analysis (CCA) (26) to
retain only the largest connected component (assumed to be the
primary region being segmented in each case).

2.7. Evaluation of U-Net models and
statistical analysis

Three different measures were utilized to evaluate all
segmentation results:

e Dice similarity coefficient (DSC) was used to quantify the
overlap between two segmentations as follows:

21xNY|

DSCOLD) = v

where X is the U-Net segmentation and Y is the expert annotation.
DSC values lie between 0 and 1, where DSC = 1 indicates a
perfect overlap.

e Hausdorff distance (HD) was calculated as the maximum
Euclidean distance between every point along two boundaries:

HD(X, Y) = max(sup,.xinf,cyd(a—b),sup,.yinf ,.xd(a—b)}

where d(a-b) is the Euclidean distance between points a and b that
belong to the U-Net segmentation, X, and the expert annotation,
Y, respectively (27). A HD of 0 indicates that the two contours are
identical, and thus the higher the HD, the more different the two
boundaries are from each other.

e Fréchet distance (FD) was used to quantify the Euclidean
distance between two boundaries while also taking the

continuity of the contours into account, and is defined as
follows:

FD(X,Y) = inf, gmaxieio, 1) {d(X(@)(1), Y(B(1))}
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where o and B are parameterizations of the U-Net segmentation, X,
and the expert annotation, Y, respectively, and d is the Euclidean
distance between them (28). An FD of 0 corresponds to the two
contours being identical, whereas a higher FD indicates more
dissimilarity between them.

The performance of the region-specific U-Nets and multiclass
U-Net were evaluated against annotations of BW, BL, and BF by
each of the two readers, as well as the inter-reader agreement,
in holdout testing sub-cohort C1, via median DSC, HD, and FD.
Statistically significant differences in performance between the
different U-Net models and inter-reader agreement were assessed
via a pairwise Wilcoxon ranksum test, using Bonferroni’s correction
to account for multiple comparisons. In sub-cohort C2, region-
specific U-Net and multiclass U-Net delineations of B", BL,
and B were evaluated against a single readers annotations in
terms of median DSC, HD, and FD within subgroups based on
differing imaging characteristics (grouped by coronal view images,
images acquired without rectal gel, and images of poor quality).
External evaluation of region-specific U-Net and multiclass U-Net
segmentation performances was conducted in sub-cohort C3
(from a third institution) also via median DSC, HD, and FD
against a single set of reader annotations. For both C2 and C3,
Wilcoxon testing was used to determine significant differences in
performance (if any) between the region-specific U-Nets and the
multiclass U-Net.

3. Results

3.1. Experiment 1: performance of
region-specific U-Net delineations
compared to inter-reader agreement

Table 1 summarizes the performance of region-specific U-Net
delineations of B, BL, and BF when evaluated against annotations
from each of reader 1 and reader 2 on the holdout testing sub-
cohort Cl. Of the three region-specific U-Nets, the B" U-Net
achieved the best segmentation performance compared to either
reader with a median DSC > 0.9 as well as median HD and
FD < 2.85 mm. The BF U-Net yielded moderate segmentation
performance compared to either reader, with an overall median
DSC around 0.7 as well as median HD and FD > 3.85 mm.
In general, region-specific B" and BY U-Nets yielded DSC, FD,
and HD values that were not significantly different from inter-
reader agreement (p > 0.008). Figure 3 further illustrates the
relatively high similarity in boundary delineations achieved for
each of BY, B, and BF via region-specific U-Nets compared to
each set of reader annotations, on representative 2D MR images
from holdout testing sub-cohort Cl. Supplementary Table 2
presents quantitative results for the performance of the multi-class
U-Net delineations of BY, B, and BF when evaluated against
annotations from each of reader 1 and reader 2 on holdout
testing sub-cohort C1; which demonstrate that (i) region-specific
U-Nets outperformed the multiclass U-Net in all comparisons,
and (ii) the multiclass U-Net yielded significantly worse DSC,
HD, and FD compared to the inter-reader agreement (p < 0.008).
Supplementary Figure 1 visualizes representative multiclass U-Net
segmentations of outer rectal wall (top row), lumen (middle row),
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TABLE 1 Inter-reader agreement (reader 1 vs. reader 2) and performance of each region-specific U-Net on holdout testing sub-cohort C1.

Median Hausdorff distance Median Fréchet distance

Reader 1 vs. Reader 2 0.946 £ 0.042

Outer rectal wall BY U-Net vs. Reader 1 0.920 =+ 0.060*

BY U-Net vs. Reader 2 0.924 £ 0.066*

Reader 1 vs. Reader 2 0.873 £+ 0.199
Lumen Bl U-Net vs. Reader 1 0.895 £ 0.215
BY U-Net vs. Reader 2 0.898 £ 0.181
Reader 1 vs. Reader 2 0.866 & 0.261
Fat BF U-Net vs. Reader 1 0.696 & 0.360*

BF U-Net vs. Reader 2 0.729 =+ 0.359*

*Denotes p-values < 0.008. p-values were calculated by Wilcoxon Ranksum.
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2.65 1 0.584 2.83 £ 0.645
2.65 £ 0.621 2.83 4 0.690
2.651+0.614 2.83+0.732
2.45 4 0.601 2.83 +£0.613
2.4540.733 2.6540.731
2.45 % 0.656 2.4540.708
3.16 £ 0.847 3.46 4 0.947
3.87 £ 1.06* 436 £ 1.11*
3.87 £+ 1.04* 4.24 4+ 1.08*

U-Net vs. Reader 1 U-Net vs. Reader 2

Representative segmentations of each region-specific U-Net (green) compared to annotations of reader 1 (red) and reader 2 (blue) on a single

patient in holdout testing subcohort C1.

and fat (bottom row), in comparison to annotations from each of
reader 1 and reader 2.

3.2. Experiment 2: performance of
region-specific U-Nets on validation
cohort with differing imaging
characteristics

For each group of patients in sub-cohort C2 (coronal view,
no rectal gel, poor image quality), the performances of different
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U-Net strategies are summarized in Table 2, demonstrating that
region-specific U-Nets yield significantly higher DSC, HD, and
FD for each of BY and B! compared to the multiclass U-Net
(p < 0.008). Figure 4 illustrates the relatively accurate boundary
delineation for B" and B! region-specific U-Nets compared to
reader annotations for representative images from all three image
groups. By comparison, the region-specific BY U-Net is seen to
vary in performance between image groups in sub-cohort C2, with
marginally better performance in cases acquired in the coronal
plane or those acquired without rectal gel compared to scans of
poor image quality.
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TABLE 2 Performance of region-specific U-Nets and multiclass U-Net on holdout testing sub-cohort C2.

Cohort

Median Hausdorff Median Fréchet

distance

Median dice

distance

BW U-Net 0.903 £ 0.150* 2.65 £ 0.823* 2.83 £0.820*
Outer rectal wall
Multiclass 0.756 £ 0.162* 3.46 £ 0.799* 3.74 + 0.830*
Bl U-Net 0.833 £0.167* 2.65 £ 0.622* 2.65 £ 0.577*
Excluded—Coronal view Lumen
Multiclass 0.575 £ 0.263* 3.32 £ 0.819* 3.46 + 0.808*
BF U-Net 0.377 £ 0.376 5.00 £+ 1.37 510+ 1.29
Fat
Multiclass 0.408 £ 0.386 4.47 £1.32 4.58 £1.25
BW U-Net 0.877 £ 0.136* 3.00 £ 0.759* 3.16 + 0.767*
Outer rectal wall
Multiclass 0.763 £ 0.176* 3.32 £ 0.902% 3.46 + 0.887*
Bl U-Net 0.775 £ 0.222* 3.00 £ 0.833 3.16 + 0.862
Excluded—No rectal gel Lumen
Multiclass 0.649 £ 0.267* 3.00 + 0.874 3.32+0.898
BF U-Net 0.500 £ 0.354 4.00 £+ 1.49 4.18 £1.13
Fat
Multiclass 0.497 £ 0.364 3.87 £ 1.06 4.12 £ 1.07
BW U-Net 0.827 +£0.167* 3.16 £+ 0.838% 3.53 + 0.864*
Outer rectal wall
Multiclass 0.571 £0.301* 4.69 £ 1.23* 4.90 £ 1.14*
B U-Net 0.678 £ 0.163* 2.91 + 0.805 3.16 +£0.914
Excluded—Poor quality Lumen
Multiclass 0.324 £ 0.362* 3.53 £ 0.548 3.53 +0.471
BF U-Net 0.454 £ 0.224 4.36 £+ 0.983 515+ 1.01
Fat
Multiclass 0.451 £ 0.281 4.24 +1.00 5.00 +1.18

*Denotes p-values < 0.008. p-values were calculated by Wilcoxon Ranksum.

3.3. Experiment 3: performance of
region-specific U-Nets on external
validation cohort from a different
institution

On the external validation sub-cohort C3, region-specific BY,
BL, and BF U-Nets achieved relatively high performance in terms
of DSC, HD, and FD (summarized in Table 3), which were also
significantly higher than the multiclass U-Net for BY and B!
(p < 0.008). Figure 5 depicts representative 3D visualizations
of region-specific boundary delineations (cyan) together with
corresponding reader annotations (pink), for each of the rectal wall,
lumen, and perirectal fat. Note the predominance of overlapping
regions (shaded in purple) between reader annotations and BY
and BY U-Net delineations, compared to slight over-segmentation
achieved by Bt U-Net (higher proportion of blue).

4. Discussion

In this multi-institutional study, the use of U-Nets trained
with region-specific context was investigated for accurately
delineating the boundaries of different rectal structures (lumen,
outer rectal wall, and perirectal fat) on post-nCRT T2w rectal
MRI. Notably, across multiple external validation cohorts, region-
specific U-Nets were found to be comparable to the inter-reader
agreement between two radiologists as well as yielding significantly
more accurate delineations compared to a traditional multi-class
U-Net approach.

Frontiers in Medicine

The observation that region-specific U-Nets outperform a
traditional multiclass U-Net is consistent with previous work
from outside the rectal imaging domain. For example, CNN
models have been evaluated for individually segmenting sub-
regions in brain tumors (the whole tumor region, the tumor
core region, and the active tumor region) as well as in prostate
cancer (whole prostate gland, the central gland, and the peripheral
zone) on T2w MRI scans (19, 20). These studies found models
developed specifically for each sub-region yielded more accurate
segmentations (ranging from 75 to 92% overlap with expert
annotations), While these findings resonate the results presented
in this study (85-95% overlap for region-specific outer rectal wall
and lumen U-Net), this study further demonstrates that training
U-Nets with region-specific context can yield performances
comparable to the agreement between multiple readers. The latter
finding is an important prerequisite to automating the laborious
manual annotation process that is typically utilized in image
analytics studies.

This study represents one of the first efforts to examine
automated segmentation of multiple anatomic rectal structures
(outer rectal wall, lumen, and perirectal fat) on post-nCRT T2w
MRI scans from rectal cancer patients. While a majority of previous
studies have focused on automated delineation of rectal tumor
extent on pre-nCRT MRI (12, 29-31), these have largely involved
comparison against annotations from a single reader using data
from a single institution. The most closely related studies leveraged
U-Nets for segmenting the entire rectum alone on pre-nCRT, T2w
MRI (14, 17). While these studies reported cross-validated DSC
scores of 90-93% overlap with expert annotations, they primarily
involved a single institution (with no external validation cohort)
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Coronal View

Outer Rectal Wall

FIGURE 4

Without Rectal Gel

Representative segmentations via region-specific U-Nets (green) compared to expert annotations (pink) on patients from each sub-group of
holdout testing cohort C2. Top row, middle row, and bottom row illustrate BW, BL, and BF U-Net segmentations, respectively, for a scan in the
coronal view (first column), scan without rectal gel (second column), and a scan of visibly poor quality (last column).

Poor Quality

and only delineated the entire rectum as a single region (i.e., the
outer rectal wall and lumen were considered a single structure).
This work builds and expands on these attempts by developing
region-specific U-Nets for accurately delineating multiple rectal
structures using a multi-institutional cohort of post-nCRT T2w
MRI scans (including external validation), which are known to be
more visually confounded and harder to interpret than pre-nCRT
imaging due to the presence of treatment effects such as fibrosis
and edema (6, 32). The excellent performance achieved by using
U-Nets trained with region-specific context was likely a result of
these models being able to capture detailed aspects of anatomic
boundaries more accurately for regions of different shapes and sizes
such as between outer rectal wall, lumen, and perirectal fat on
post-treatment MRI.

The generalizability of the wall and lumen-specific U-Nets in
the current study was highlighted by their strong performance
in holdout testing on patients whose imaging characteristics were
different from that of the training cohort (e.g., coronal MRI,

Frontiers in Medicine

without rectal gel, or visibly poor image quality) as well as on
patients from an external institution, respectively. The region-
specific U-Nets were able to accurately identify the outer rectal
wall and lumen even when the appearance of the MRI scan was
significantly different (lumen boundaries are more obscured when
rectal gel is not used), noisier, or acquired in a different acquisition
plane (coronal vs. axial). Region-specific U-Net models were found
to be generalizable likely because they were optimized to identify
features unique to each anatomic region (both locally as well
as semantically) in addition to the use of image augmentation
approaches. Of the three imaging characteristics explored, the
region-specific U-Nets yielded the lowest performance on MR
images of poor quality (despite applications of multiple corrections
including resampling, correcting for bias field, and standardizing
pixel intensities), indicating the significant role image quality can
play in downstream analytical image tasks (33). Additionally, of
the three region-specific U-Nets, the fat-specific model yielded
the most variable performance. The inconsistent performance of
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TABLE 3 Performance of region-specific U-Nets and multiclass U-Net holdout testing sub-cohort C3.

Median Hausdorff distance Median Fréchet distance

BW U-Net 0.913 + 0.056*
Outer rectal wall
Multiclass 0.604 £ 0.233*
Bl U-Net 0.804 =+ 0.154*
VA Lumen
Multiclass 0.614 £ 0.280*
BY U-Net 0.791 4 0.284
Fat
Multiclass 0.807 £ 0.286

*Denotes p-values < 0.008. p-values were calculated by Wilcoxon Ranksum.

Outer Rectal Wall U-Net

Lumen U-Net

2.45+0.516* 2.45 4 0.557*
3.46 4 0.845* 3.53 £0.841*
2.45 % 0.690* 2.65+0.701*
3.00 4 0.903* 3.00 £ 0.888*
4.00 4 0.821 4.58 4 0.862
3.87 +£0.815 4.58 4+ 0.820

Fat U-Net

Region-specific U-Net segmentation . Overlap between reader and U-Net

FIGURE 5

3D representations of region-specific segmentations on holdout testing sub-cohort C3. Reader annotations denoted in pink, while cyan denotes
BW, BL, and BF U-Net segmentations. Purple indicates overlap between reader annotation and U-Net delineation.

the fat-specific U-Net likely stems from the varied distribution
of the perirectal fat throughout the rectum (34). Perirectal fat is
fairly apparent in the upper and mid-rectum (especially in relation
to the distinct mesorectal fascia boundaries), compared to the
lower rectum (where puborectalis sling, levator ani, and sphincter
muscles confound the fat boundary) (32). The fat-specific U-Net
may thus require additional optimization to delineate the perirectal
fat in the lower rectum.

Limitations to the present study can be acknowledged.
While the cohort was moderately sized (N > 90 patients), this
study included multiple independent holdout testing cohorts
to comprehensively demonstrate the robustness of region-
specific U-Nets in different settings (imaging differences, external
validation) as well as comparison against multiple readers. Post-
processed T2w MRI scans were utilized in this study when
developing and validating the automated segmentation model,
rather than specifically evaluating the impact of each of these
processing steps individually on the U-Net models. The U-Net
models were also developed as 2D architectures as opposed to 3D,
primarily to ensure sufficient data was available for region-specific
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optimization. However, all 2D segmentations were evaluated on a
3D pseudo-volumetric basis to examine how well region-specific
U-Net segmentations overlapped with reader annotations.

5. Conclusion and future work

In conclusion, this study represents the first multi-institution,
multi-reader study to investigate U-Net models with region-
specific context for annotation of lumen, outer rectal wall, and
perirectal fat on post-treatment T2w MRIs. Results presented
here demonstrated that U-Nets trained with region-specific
context, as opposed to a multiclass U-Net, are better optimized
to learn the confounded boundaries of different rectal tissue
regions on post-treatment MRI. Automated segmentation of rectal
structures on post-treatment T2w imaging is a key step toward
improved quantitative evaluation of tumor extent in vivo as well
as building more accurate downstream computational analytic
tools for rectal cancers (35). Future work will investigate 3D
region-specific U-Nets, automated identification of tumor regions
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both before and after chemoradiation, and to determine which
image processing operations are most critical for image-based
phenotyping in rectal cancers.

Data availability statement

The data analyzed in this study is subject to the following
licenses/restrictions: The datasets utilized in this study may be
made available upon reasonable request and pursuant to relevant
data-use agreements. Requests to access these datasets should be
directed to SV, sev21@case.edu.

Author contributions

SV guarantor of this manuscript, conceived and supervised
the project, designed the experiments, oversaw the analysis, and
as well as wrote and edited the final manuscript. TD performed
data preparation/processing, data analysis, figures visualizations,
and manuscript writing. JA, KB, PC, and HL assisted with data
preparation/processing, statistical analysis, and writing/editing of
the manuscript. DL, SS, EM, WH, and AP performed detailed chart
review (including follow-up) and provided access to MRI scans
and clinical variables. RP, JG, and AP provided annotations of MRI
scans. KB assisted in obtaining and annotating MRI scans under
the supervision of RP. DL, RP, JG, and AP provided clinical input
on experimental design and assistance in editing the manuscript.
All authors approved the final version of the article.

Funding

Research reported in this
by the National Cancer Institute under award numbers
(1U01CA248226-01 and 1F31CA216935-01A1), the DOD Peer
Reviewed Cancer Research Program (W8IXWH-21-1-0345,
WS8IXWH 19-1-0668, and W81XWH-21-1-0725), the CWRU
Interdisciplinary ~ Biomedical Imaging Training Program
(NIBIB 2T32EB007509-16), and the National
Institute of Diabetes and Digestive and Kidney Diseases
(1IF31DK130587-01A1), the NIH AIM-AHEAD Program,
the Ohio Third Frontier Technology Validation Fund, the

publication was supported

Fellowship

References

1. Rawla P, Sunkara T, Barsouk A. Epidemiology of colorectal cancer: incidence,
mortality, survival, and risk factors. Gastroenterol Rev Gastroenterol. (2019) 14:89-103.
doi: 10.5114/pg.2018.81072

2. Benson A, Venook A, Al-Hawary M, Arain M, Chen Y, Ciombor K, et al. NCCN
guidelines insights: rectal cancer, version 6.2020: featured updates to the NCCN
guidelines. ] Natl Compr Cancer. (2020) 18:806-15. doi: 10.6004/jnccn.2020.0032

3. Jhaveri K, Hosseini-Nik H. MRI of rectal cancer: an overview and update on
recent advances. AJR Am ] Roentgenol. (2015) 205:W42-55. doi: 10.2214/AJR.14.14201

4. Barbaro B, Fiorucci C, Tebala C, Valentini V, Gambacorta M, Vecchio E
et al. Locally advanced rectal cancer: MR imaging in prediction of response after
preoperative chemotherapy and radiation therapy. Radiology. (2009) 250:730-9. doi:
10.1148/radiol.2503080310

Frontiers in Medicine

10.3389/fmed.2023.1149056

Wallace H. Coulter Foundation Program in the Department of
Biomedical Engineering at Case Western Reserve University,
and sponsored research funding from Pfizer. This work made
use of the High Performance Computing Resource in the Core
Facility for Advanced Research Computing at Case Western
Reserve University.

Conflict of interest

SV has received research funding from Pfizer. The funder was
not involved in the study design, collection, analysis, interpretation
of data, the writing of this article, or the decision to submit it for
publication.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Author disclaimer

This content is solely the responsibility of the authors
and does not necessarily represent the official views of the
National Institutes of Health, the Department of Defense, or the
United States Government.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fmed.2023.
1149056/full#supplementary- material

5. Patel U, Blomgyist L, Taylor E George C, Guthrie A, Bees N, et al. MRI after
treatment of locally advanced rectal cancer: how to report tumor response—the
MERCURY experience. AJR Am ] Roentgenol. (2012) 199:W486-95. doi: 10.2214/AJR.
11.8210

6. Chen C, Lee R, Lin ], Wang L, Yang S. How accurate is magnetic resonance
imaging in restaging rectal cancer in patients receiving preoperative combined
chemoradiotherapy? Dis Colon Rectum. (2005) 48:722-8. doi: 10.1007/s10350-004-
0851-1

7. van den Broek J, van der Wolf F, Lahaye M, Heijnen L, Meischl C, Heitbrink
M, et al. Accuracy of MRI in restaging locally advanced rectal cancer after
preoperative chemoradiation. Dis Colon Rectum. (2017) 60:274-83. doi: 10.1097/DCR.
0000000000000743

frontiersin.org


https://doi.org/10.3389/fmed.2023.1149056
mailto:sev21@case.edu
https://www.frontiersin.org/articles/10.3389/fmed.2023.1149056/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmed.2023.1149056/full#supplementary-material
https://doi.org/10.5114/pg.2018.81072
https://doi.org/10.6004/jnccn.2020.0032
https://doi.org/10.2214/AJR.14.14201
https://doi.org/10.1148/radiol.2503080310
https://doi.org/10.1148/radiol.2503080310
https://doi.org/10.2214/AJR.11.8210
https://doi.org/10.2214/AJR.11.8210
https://doi.org/10.1007/s10350-004-0851-1
https://doi.org/10.1007/s10350-004-0851-1
https://doi.org/10.1097/DCR.0000000000000743
https://doi.org/10.1097/DCR.0000000000000743
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

DeSilvio et al.

8. Hou M, Sun J. Emerging applications of radiomics in rectal cancer: state of the art
and future perspectives. World ] Gastroenterol. (2021) 27:3802. doi: 10.3748/wjg.v27.
i25.3802

9. Stanzione A, Verde F, Romeo V, Boccadifuoco F Mainenti P, Maurea S.
Radiomics and machine learning applications in rectal cancer: current update and
future perspectives. World ] Gastroenterol. (2021) 27:5306. doi: 10.3748/wjg.v27.i32.
5306

10. Liu X, Song L, Liu S, Zhang Y. A review of deep-learning-based medical
image segmentation methods. Sustainability. (2021) 13:1224. doi: 10.3390/sul303
1224

11. Ronneberger O, Fischer P, Brox T. U-Net: convolutional networks for biomedical
image segmentation. In: Navab N, Hornegger J, Wells W, Frangi A editors. Medical
Image Computing and Computer-Assisted Intervention — MICCAI 2015. (Cham:
Springer International Publishing) (2015). p. 234-41. doi: 10.1007/978-3-319-24574-
4 28

12. Jian ], Xiong E, Xia W, Zhang R, Gu J, Wu X, et al. Fully convolutional networks
(FCNs)-based segmentation method for colorectal tumors on T2-weighted magnetic
resonance images. Australas Phys Eng Sci Med. (2018) 41:393-401. doi: 10.1007/
513246-018-0636-9

13. WangJ, LuJ, Qin G, Shen L, Sun Y, Ying H, et al. Technical note: a deep learning-
based autosegmentation of rectal tumors in MR images. Med Phys. (2018) 45:2560-64.
doi: 10.1002/mp.12918

14. Kim J, Oh J, Lee J, Kim M, Hur B, Sohn D, et al. Rectal cancer: toward
fully automatic discrimination of T2 and T3 rectal cancers using deep convolutional
neural network. Int J Imaging Syst Technol. (2019) 29:247-59. doi: 10.1002/ima.
22311

15. Lee ], Oh JE, Kim MJ, Hur BY, Sohn DK. Reducing the model variance of a rectal
cancer segmentation network. IEEE Access. (2019) 7:182725-33. doi: 10.1109/ACCESS.
2019.2960371

16. Knuth F Adde I, Huynh B, Groendahl A, Winter R, Negard A, et al
MRI-based automatic segmentation of rectal cancer using 2D U-Net on two
independent cohorts. Acta Oncol. (2022) 61:255-63. doi: 10.1080/0284186X.2021.20
13530

17. Hamabe A, Ishii M, Kamoda R, Sasuga S, Okuya K, Okita K, et al. Artificial
intelligence-based technology for semi-automated segmentation of rectal cancer
using high-resolution MRI. PLoS One. (2022) 17:¢0269931. doi: 10.1371/journal.pone.
0269931

18. Vliegen R, Beets G, Lammering G, Dresen R, Rutten H, Kessels
A, et al. Mesorectal fascia invasion after neoadjuvant chemotherapy and
radiation therapy for locally advanced rectal cancer: accuracy of MR imaging
for prediction. Radiology. (2008) 246:454-62. doi: 10.1148/radiol.24620
70042

19. Dvogék P, Menze B. Local structure prediction with convolutional neural
networks for multimodal brain tumor segmentation. In: Menze B, Langs G, Montillo
A, Kelm M, Miiller H, Zhang S, et al. editors. Medical Computer Vision: Algorithms for
Big Data. (Cham: Springer International Publishing) (2016). p. 59-71. doi: 10.1007/
978-3-319-42016-5_6

Frontiers in Medicine

11

10.3389/fmed.2023.1149056

20. Khan Z, Yahya N, Alsaih K, Ali S, Meriaudeau F. Evaluation of deep neural
networks for semantic segmentation of prostate in T2ZW MRI. Sensors. (2020) 20:3183.
doi: 10.3390/s20113183

21. Fedorov A, Beichel R, Kalpathy-Cramer J, Finet ], Fillion-Robin J, Pujol S, et al.
3D Slicer as an image computing platform for the quantitative imaging network. Quant
Imaging Cancer. (2012) 30:1323-41.

22. Tustison NJ, Avants BB, Cook PA, Zheng Y, Egan A, Yushkevich PA, et al.
N4ITK: improved N3 bias correction. IEEE Trans Med Imaging. (2010) 29:1310-20.
doi: 10.1109/TMI.2010.2046908

23. Kingma D, Ba J. Adam: a method for stochastic optimization. arXiv. (2014)
[Preprint]. doi: 10.48550/arXiv.1412.6980

24. Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout:
a simple way to prevent neural networks from overfitting. ] Mach Learn Res. (2014)
15:1929-58. doi: 10.1109/TCYB.2020.3035282

25. Chollet, F. Keras. (2015). Available online at: https://keras.io (accessed January 5,
2023).

26. Shapiro L. Computer Vision and Image Processing. Cambridge, MA: Academic
Press (1992).

27. Huttenlocher DP, Klanderman GA, Rucklidge WJ]. Comparing images using the
Hausdorft distance. IEEE Trans Pattern Anal Mach Intell. (1993) 15:850-63.

28. Eiter, T, Mannila H. Computing Discrete Fréchet Distance. Vienna: Technical
University of Vienna (1994).

29. Meng P, Sun C, Li Y, Zhou L, Zhao X, Wang Z, et al. MSBC-Net: Automatic
Rectal Cancer Segmentation From MR Scans. Hangzhou: Zhejiang University School
of Medicine (2021).

30. Trebeschi S, van Griethuysen ], Lambregts D, Lahaye M, Parmar C, Bakers F,
et al. Deep learning for fully-automated localization and segmentation of rectal cancer
on multiparametric MR. Sci Rep. (2017) 7:5301.

31.Jin C, Yu H, Ke ], Ding P, Yi Y, Jiang X, et al. Predicting treatment response from
longitudinal images using multi-task deep learning. Nat Commun. (2021) 12:1851.

32. Wetzel A, Viswanath S, Gorgun E, Ozgur I, Allende D, Liska D, et al. Staging
and restaging of rectal cancer with MRI: a pictorial review. Semin Ultrasound CT MRI.
(2022) 43:441-54.

33. Sadri A, Janowczyk A, Zhou R, Verma R, Beig N, Antunes J, et al. Technical
note: MRQy—An open-source tool for quality control of MR imaging data. Med Phys.
(2020) 47:6029-38. doi: 10.1002/mp.14593

34. Yamaoka Y, Yamaguchi T, Kinugasa Y, Shiomi A, Kagawa H, Yamakawa Y,
et al. Mesorectal fat area as a useful predictor of the difficulty of robotic-assisted
laparoscopic total mesorectal excision for rectal cancer. Surg Endosc. (2019) 33:557-66.
doi: 10.1007/s00464-018-6331-9

35. Alvarez-Jimenez C, Antunes ], Talasila N, Bera K, Brady J, Gollamudi J,
et al. Radiomic texture and shape descriptors of the rectal environment on post-
chemoradiation T2-weighted MRI are associated with pathologic tumor stage
regression in rectal cancers: a retrospective, multi-institution study. Cancers. (2020)
12:2027. doi: 10.3390/cancers12082027

frontiersin.org


https://doi.org/10.3389/fmed.2023.1149056
https://doi.org/10.3748/wjg.v27.i25.3802
https://doi.org/10.3748/wjg.v27.i25.3802
https://doi.org/10.3748/wjg.v27.i32.5306
https://doi.org/10.3748/wjg.v27.i32.5306
https://doi.org/10.3390/su13031224
https://doi.org/10.3390/su13031224
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/s13246-018-0636-9
https://doi.org/10.1007/s13246-018-0636-9
https://doi.org/10.1002/mp.12918
https://doi.org/10.1002/ima.22311
https://doi.org/10.1002/ima.22311
https://doi.org/10.1109/ACCESS.2019.2960371
https://doi.org/10.1109/ACCESS.2019.2960371
https://doi.org/10.1080/0284186X.2021.2013530
https://doi.org/10.1080/0284186X.2021.2013530
https://doi.org/10.1371/journal.pone.0269931
https://doi.org/10.1371/journal.pone.0269931
https://doi.org/10.1148/radiol.2462070042
https://doi.org/10.1148/radiol.2462070042
https://doi.org/10.1007/978-3-319-42016-5_6
https://doi.org/10.1007/978-3-319-42016-5_6
https://doi.org/10.3390/s20113183
https://doi.org/10.1109/TMI.2010.2046908
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1109/TCYB.2020.3035282
https://keras.io
https://doi.org/10.1002/mp.14593
https://doi.org/10.1007/s00464-018-6331-9
https://doi.org/10.3390/cancers12082027
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

	Region-specific deep learning models for accurate segmentation of rectal structures on post-chemoradiation T2w MRI: a multi-institutional, multi-reader study
	1. Introduction
	2. Materials and methods
	2.1. Patient selection and dataset description
	2.2. MRI acquisition characteristics
	2.3. Annotation of the outer rectal wall, lumen, and perirectal fat on post-nCRT T2w MRI
	2.4. Processing of MRI scans for acquisition differences and artifacts
	2.5. Region-specific and multiclass U-Net segmentation architecture
	2.6. Experimental design
	2.7. Evaluation of U-Net models and statistical analysis

	3. Results
	3.1. Experiment 1: performance of region-specific U-Net delineations compared to inter-reader agreement
	3.2. Experiment 2: performance of region-specific U-Nets on validation cohort with differing imaging characteristics
	3.3. Experiment 3: performance of region-specific U-Nets on external validation cohort from a different institution

	4. Discussion
	5. Conclusion and future work
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	Author disclaimer
	Supplementary material
	References


