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Title
RectoMap: a generalizable deep learning tool for rectal cancer and mesorectum MRI
segmentation

Abstract

Purpose: To develop and evaluate RectoMap, a robust open-source deep learning
pipeline for fully automatic 3D segmentation of rectal cancer and mesorectum on T2-
weighted MRI, with a specific focus on generalization across MRI scanner vendors in
heterogeneous multi-institutional data.

Methods: In this retrospective multi-institutional study, 226 patients with locally
advanced rectal cancer were imaged across 19 scanner models from four vendors
(Siemens, Philips, GE, Hitachi) at 1.5T and 3T. Two complementary 3D architectures
(nnUNet and U-MambaBot) were trained with 5-fold cross-validation under standard
and extended MRI-specific data augmentation. Four ensemble strategies based on
softmax averaging and the STAPLE algorithm were evaluated on an in-distribution
(ID; n = 45) and an out-of-distribution (OOD; n = 63, previously unseen vendors) test
set. Segmentation performance was quantified using the Dice similarity coefficient
(DSC) and the 95th-percentile Hausdorff distance.

Results: 226 patients (mean age, 62.7 years * 12.7 [SD], 139 men) were analyzed. In
the ID setting, two-level STAPLE aggregation with extended augmentation achieved
the highest rectal cancer DSC (0.767 * 0.119), while full-model aggregation yielded
the best mesorectum DSC (0.794 * 0.131). MRI-specific augmentation consistently
improved mesorectum segmentation. In the OOD setting, despite vendor shift, full-
model aggregation achieved DSC 0.798 * 0.126 for rectal cancer and 0.776 * 0.161 for
mesorectum, demonstrating stable cross-vendor performance.

Conclusion: RectoMap enables accurate and robust automatic segmentation of rectal
cancer and mesorectum across heterogeneous MRI data. It is publicly released as an
open-source tool that can be applied directly or fine-tuned on local datasets,
providing a reliable baseline even when limited institutional data are available.

Keywords: Rectal Neoplasms, Magnetic Resonance Imaging, Deep Learning, Image
Processing, Computer-Assisted, Multicenter Studies as Topic, Reproducibility of
Results

1. Introduction

Locally advanced rectal cancer, a subtype of colorectal cancer that ranks as the third most
frequently diagnosed cancer and the second leading cause of cancer-related mortality
globally (1), typically requires multimodal management, including neoadjuvant
chemoradiotherapy followed by total mesorectal excision (TME) (2). Within this clinical
workflow, magnetic resonance imaging (MRI) plays a central role, providing high soft-tissue



contrast and enabling detailed visualization of both the primary tumor and the mesorectal
compartment, which are critical for accurate staging, treatment planning and response
assessment (3-6).

Accurate segmentation of the rectal tumor and mesorectum is clinically relevant for multiple
reasons. Tumor delineation enables quantitative estimation of tumor volume and tumor
regression grade after chemoradiotherapy, both recognized as key prognostic biomarkers
that guide individualized therapeutic decisions such as “watch-and-wait” strategies for
complete responders or treatment intensification for non-responders (7). The tumor contour
also defines the gross tumor volume used in radiotherapy planning, ensuring accurate target
coverage while minimizing dose exposure to adjacent organs at risk (8).

Complementarily, segmentation of the mesorectum, in the surgical setting, supports
preoperative assessment of resectability and aids in planning complete TME while
preserving critical structures (9). Furthermore, emerging radiomic studies have
demonstrated that mesorectal texture and shape features capture biologically relevant
information about the peritumoral microenvironment, correlating with treatment response
and outcomes (10-13).

Despite these benefits, manual segmentation of the tumor and mesorectum remains time-
consuming and operator-dependent, often characterized by considerable inter-observer
variability (14).

In recent years, deep learning-based approaches have shown substantial promise in
overcoming these challenges, offering automated and reproducible solutions for medical
image segmentation (15-18).

However, their clinical applicability remains constrained by significant challenges,
particularly in addressing the variability inherent in MRI scans. Factors such as scanner bias
field, sequence parameters, acquisition protocols, and manufacturer differences, collectively
referred to as manufacturer shift, introduce substantial heterogeneity that can lead to
degraded model performance when applied to unseen images acquired in diverse settings,
a challenge known as out-of-distribution (OOD) generalization.

Previous studies on MRI-based rectal cancer segmentation have reported promising but
highly variable results, largely influenced by dataset size, scanner heterogeneity, and
evaluation design.

Works conducted on single-scanner datasets generally achieved the highest accuracy, with
mean Dice similarity coefficient (DSC) values of 0.858 (43 subjects) (19), 0.74 (93 subjects)
(20), 0.74 (43 subjects) (21), and a median DSC of 0.670 (81 subjects) (22).

When moving to multi-scanner datasets, performance tends to decrease. Studies including
two to four scanners reported median DSC values of 0.70 (140 subjects) (23) and 0.727
(201 subjects) (24), whereas another three-scanner dataset reported a mean DSC of 0.856
(65 subjects) (25).

However, these results derive from homogeneous, single- or few-scanner cohorts, limiting
generalizability to real-world multi-vendor settings.

Literature evidence underscores the importance of addressing such challenges. For
instance, a study testing manufacturer shift on cardiac left ventricle segmentation observed
a significant decline in DSC performance, from 0.906 to 0.595 (26).

In the context of rectal cancer segmentation, studies explicitly assessing manufacturer shift
have shown marked performance degradation when testing on scanners unseen during
training. Reported drops include a median DSC decline from 0.77 to 0.59 (192 subjects) (27)
and from 0.73 to 0.69 (100 subjects) (28). A recent multi-center (14 institutions) involving
1212 subijects reported median DSC values of 0.68 (for the in-distribution test set) and 0.66
(for the out-of-distribution test set) (29), despite its substantially larger cohort.



For mesorectum segmentation, available evidence remains limited. The largest published
study reported a median DSC of 0.917 (201 subjects) (24), although without evaluation
under out-of-distribution conditions.

These findings underscore the difficulty of generalizing segmentation models to
heterogeneous, multi-scanner clinical data.

To address these limitations, we developed and publicly released RectoMap, a novel open-
source tool for automatic segmentation of rectal tumor and mesorectum on 3D T2-weighted
MRI (the tool is openly available on GitLab at https://[institutional GitLab URL masked for
double-anonymous review; will be restored upon acceptance]). Rather than a benchmarking
exercise, RectoMap is intended as a generalizable clinical tool: the primary contribution of
this work is a cross-vendor-robust, ready-to-use segmentation pipeline, with the underlying
ensembling and augmentation comparisons serving to justify and support this design choice.

2. Materials and methods

Dataset

This retrospective study was approved by the local Ethics Committee at each participating
institution and conducted in accordance with the Declaration of Helsinki, with written
informed consent obtained from all patients. This study included MRI scans from 226
patients (mean age * SD: 62.7 + 12.7 years, M/F: 139/87) with histologically confirmed
LARC. All patients underwent MRI examination as part of their baseline diagnostic
evaluation prior to neoadjuvant therapy. The inclusion criteria were as follows: patients aged
over 18 years, histologically proven locally advanced rectal adenocarcinoma located within
12 cm from the anal verge and candidates for neoadjuvant treatments who were able to
undergo TME surgery. Data were retrospectively collected from four institutions,
representing a geographically and technically heterogeneous cohort:

» Institution A - 106 subjects (coordinating center);
e [nstitution B - 51 subjects;
e [nstitution C - 36 subjects;
e [nstitution D - 33 subjects.

For each institution, the study protocol was approved by the respective local Ethics
Committee and all procedures were conducted in accordance with the Declaration of
Helsinki. All patients provided written informed consent for the use of anonymized imaging
data for research purposes. All DICOM data were anonymized at the site of origin prior to
transfer and analysis.

MRI acquisition and annotation

For all subjects, baseline axial T2-weighted MRI sequences were acquired prior to the start
of neoadjuvant therapy. Acquisitions were performed across 19 distinct MRI scanner
models, spanning four major vendors (Siemens, Philips, GE and Hitachi), with 183
examinations acquired at 1.5T and 43 at 3T. This diversity resulted in marked heterogeneity
in acquisition protocols. An overview of the available acquisition parameters (including TR,
TE, flip angle, number of averages, and coil configuration) for each contributing institution is
provided in Table S1 in the Supplementary section.

Manual annotations of the rectal tumor and mesorectum were performed by a team of
experienced radiologists using 3D Slicer (30), an open-source software platform for medical



image processing. These contours served as the ground truth labels for model training and
evaluation. Examples of manual delineations are illustrated in Figure 1. Each case was
segmented by a single radiologist; discordant or uncertain delineations were subsequently
reviewed and resolved by consensus adjudication with a senior radiologist to establish the
final reference contour.

Dataset heterogeneity

The dataset exhibits substantial heterogeneity, encompassing differences not only in MRI
acquisition parameters but also in anatomical presentation and preparation protocols. Scans
were obtained across multiple institutions using various MRI vendors, models, and field
strengths, resulting in broad variability in image quality, contrast, and spatial resolution. In
particular, the in-plane voxel spacing ranged from (0.18 x 0.18) mm?to (1.25 x 1.25) mm?,
while the slice thickness varied between 3 mm and 8 mm. The field of view extended
approximately from (166 x 200) mm? to (461 x 461) mm? in-plane, and from 78 mm to 404
mm along the z-axis, depending on the scanner configuration and patient anatomy. These
parameters are summarized in Table 1, which reports representative ranges of the principal
images characteristics across all scanners.

Beyond acquisition variability, the anatomical and structural heterogeneity of the segmented
regions further increases the dataset’s complexity. The rectal tumor demonstrates wide
variations in size, morphology, and localization, from small, annular lesions to bulky masses,
and can involve different rectal wall layers or extend beyond the muscularis propria.

In some examinations, the rectum was distended with ultrasound gel, a practice commonly
adopted in rectal MRI protocols to improve luminal contrast and facilitate precise
visualization of the rectal wall and intraluminal tumor components (31). In other cases, no
gel was administered, resulting in partially collapsed lumens or irregular wall apposition. This
variability in rectal distension influences overall image appearance, alters the spatial
relationship between the tumor and the mesorectal fascia, and introduces subtle intensity
and shape variations that pose additional challenges for automatic segmentation algorithms.
Such differences mirror routine clinical practice, where rectal filling protocols are not
standardized across institutions or vendors, and thus provide a realistic testing ground for
developing robust, generalizable deep learning models.

Representative examples of these variations, including differences in tumor morphology,
image contrast, and rectal filling conditions, are illustrated in Figure 1, which highlights the
wide spectrum of appearances encountered across scanners and acquisition protocols.

Experimental setups

To comprehensively assess model robustness and generalization, two complementary
experimental setups were designed: an in-distribution (ID) and an out-of-distribution (OOD)
configuration.

These setups were conceived to evaluate performance both under conditions reflecting
known scanner domains and under those involving previously unseen MRI vendors, thus
providing a controlled framework for testing in-domain consistency and cross-scanner
generalization.

e ID setting: in the ID configuration, the dataset was randomly split into 181 subjects
for training and 45 subjects for testing, ensuring that all MRI scanners represented
in the test set were also present in the training data. This setup simulates a scenario
where the model encounters scanner domains similar to those seen during training.



The distribution of scanner models across the training and testing subsets is detailed
in Table 2.

e 0OOD setting: the OOD setup was specifically designed to test the model’s ability to
generalize to previously unseen scanner types. In this configuration, models were
trained on 163 subjects acquired from Siemens (n = 109), Toshiba (n = 31), and
Philips (n = 23) scanners, and tested on a completely unseen set of 63 subjects
acquired using GE (n = 62) and Hitachi (n = 1) systems. Table 2 reports the full
distribution of scanner models and subjects included in the OOD training and testing
partitions.

Tested Architectures

To ensure a fair and representative evaluation of current state-of-the-art architectures for
volumetric MRI segmentation, we selected two complementary 3D deep learning models
that differ in design philosophy and feature representation capacity. Specifically, we
employed nnUNet (16), a self-configuring CNN-based framework, and U-MambaBot (17), a
hybrid architecture integrating convolutional and state-space modeling for improved long-
range context representation. A detailed summary of the training configurations for both
architectures (including batch size, patch size, learning rate scheduler, initial learning rate,
loss function, optimizer, and weight decay) is provided in Supplementary Table S2.

Ensembling Strategies

To improve segmentation robustness and leverage the complementary strengths of different
network architectures, four ensembling configurations were designed.

Both nnUNet and U-MambaBot were independently trained using identical 5-fold cross-
validation splits. Predictions from the two architectures were subsequently combined using
different fusion strategies based on averaging and/or the Simultaneous Truth and
Performance Level Estimation (STAPLE) algorithm (32), which estimates a probabilistic
consensus segmentation from multiple inputs.

Let:

e P, s = prediction of architecture a (nnUNet or U-MambabBot) for fold f
e avg(-) = voxel-wise averaging of softmax probability maps across folds
e STAPLE(-) = fusion using the STAPLE algorithm

Then, the four ensemble configurations are defined as follows:

e Configuration 1 - Architecture-wise averaging: for each architecture, the softmax
predictions P from its five folds were averaged and then combined using argmax
producing one mask for nnUNet and one for U-MambaBot). These two architecture-
level results were then merged using STAPLE to obtain the final segmentation:

Sfinal = STAPLE((aUg(ﬁnnUNet,l...S)) , (avg(pU—MambaBot,l...S)) )

e Configuration 2 - Fold-wise best model selection: for each cross-validation fold,
the model (either nnU-Net or U-MambaBot) achieving the highest validation Dice
coefficient was selected. Test predictions from these five “best-performing” models
were then combined using STAPLE:



Sfinal = STAPLE(PBeSt,l...S)

e Configuration 3 - Two-level STAPLE aggregation: for each architecture, the five
fold predictions were first combined using STAPLE, resulting in one consolidated
segmentation per network. These two architecture-level outputs were then
ensembled again via STAPLE:

Sfinar = STAPLE (STAPLE (Pununet1..s), STAPLE(Py _ambasot1..5) )

e Configuration 4 - Full-model aggregation: predictions from all ten models (five
folds x two architectures) were combined directly through a single STAPLE step. This
approach maximizes model diversity while bypassing intermediate averaging:

Sfinal = STAPLE(PnnUNet,l...S' PU—MambaBot,l...S)

Data augmentation

To enhance model generalization and robustness against scanner- and acquisition-related
variability, two levels of data augmentation were applied during training.

All experiments included the default nnUNet augmentation pipeline, hereafter referred to as
base augmentation, while a subset of experiments incorporated an extended augmentation
scheme designed to simulate MRI-specific artifacts. Both augmentation configurations were
applied independently within each training fold and used identical random seeds for
reproducibility:

e base augmentation (default nnUNet data augmentation): the base augmentation
included the standard geometric and intensity transformations provided by nnUNet,
which are known to improve model invariance to orientation, scale, and appearance
variability. See Table 3 for more details.

e extended MRI-specific augmentation: in the extended augmentation setting, the base
augmentations were combined with additional MRI-specific artifact simulations
implemented via TorchlO (33) and Global Intensity Non-linear (GIN) augmentation-
based transformations (34). These augmentations were designed to emulate real-
world acquisition imperfections. See Table 3 for more details.

Application across experimental settings
Both ID and OOD experiments were trained and evaluated twice:

e with base augmentation only, using the standard nnUNet data augmentation pipeline;
e with extended augmentation, combining base and MRI-specific artifact simulations.

In total, each of the four ensembling configurations was evaluated under both augmentation

regimes, resulting in a comprehensive performance comparison across 8 experimental
configurations per setting.

Evaluation metrics



For model evaluation, two metrics were used: Dice similarity coefficient (DSC) and the 95th
percentile Hausdorff distance (HD95).

The DSC evaluates the overlap between the predicted and ground truth segmentation mask,
ranging from 0 (no overlap) to 1 (perfect overlap). Its formula is:

DSC = 2-|ANnBj
|A] + |B|

where A is the set of predicted pixels, B is the set of ground truth pixels, and |A| and |B| are

the total number of pixels in each set.

The HD measures the greatest distance between the boundaries of predicted and ground

truth segmentations. The 95th percentile HD (HD95) reduces the impact of outliers by

focusing on the largest distances within the 95th percentile. Its formula is:

HD(A, B) = max(maxqeaminpeslla — bl maxpesmingeslla — bl)

where A and B are the predicted and ground truth boundaries, and |la — bll is the Euclidean
distance.

3. Results

Two-hundred and twenty-six (226) patients (mean age, 62.7 years + 12.7 [SD], 139 men)
were analyzed. Tables 4 and 5 summarize the quantitative performance of the four
ensembling configurations in both ID and OOD settings, with and without the extended MRI-
specific data augmentation.

In the ID experiment, the two-level STAPLE aggregation ensemble configuration
(configuration 3) with extended data augmentation achieved the best mean DSC for rectal
cancer (0.767 £ 0.119), whereas the full-model aggregation (configuration 4) configuration
yielded the highest DSC for the mesorectum (0.794 £ 0.131).

In the OOD setting, despite the domain shift induced by unseen scanner vendors,
performance remained stable. The full-model aggregation configuration (configuration 4)
without extended data augmentation achieved the best DSC for rectal cancer (0.798 +
0.126), while the same configuration with augmentation provided the best performance for
the mesorectum (0.776 * 0.161). Figure 2 provides a qualitative example of model
predictions using both ID and OOD configurations.

For the fold-wise model selection (ensembling configuration 2), the model with the highest
validation DSC, computed from the best-performing checkpoint within each fold, was
selected between nnUNet and U-MambaBot. To provide transparency regarding the
influence of architecture choice on the final ensemble, Tables S3 (ID) and S4 (OOD) in the
Supplementary section report the validation DSC obtained by each architecture across the
five folds. For each fold, the selected architecture is highlighted as it directly contributed to
the fold-wise ensemble prediction.

Qualitative review of the lowest-performing cases indicated that segmentation errors were
concentrated in subjects with small or annular rectal tumors, collapsed or under-distended
rectal lumens (in the absence of ultrasound gel filling), and examinations acquired on
scanner models markedly underrepresented in the training data. These findings suggest
that tumor size, luminal distension, and scanner representation are the principal drivers of
residual segmentation failures.



4. Discussions

This study introduces RectoMap, a robust and publicly available deep learning tool for the
automatic segmentation of rectal tumor and mesorectum on 3D T2-weighted MRI. To
determine the optimal design on which to build the final RectoMap model, we conducted a
systematic evaluation of multiple network ensembling configurations and MRI-specific data
augmentation strategies across a uniquely heterogeneous multi-scanner dataset. By
analysing how these elements interact and contribute to robustness, we identified the
combination that delivers the most reliable performance both ID and under OOD scanner
shifts.

Impact of data augmentation

Across the ID experiments, the introduction of MRI-specific extended data augmentation
consistently improved segmentation performance for both target structures, enhancing DSC
accuracy and producing smoother, anatomically plausible boundaries. The gains were
particularly evident for the mesorectum. This confirms that simulating acquisition
imperfections (such as bias field inhomogeneity, motion artifacts, ghosting, and intensity
nonlinearities) helps the models develop a more robust feature representation. These
findings align with prior evidence indicating that MRI-specific augmentation improves
robustness in heterogeneous multi-scanner datasets (35-36).

Generalization to unseen vendors

In the OOD setting, rectal tumor segmentation achieved a higher DSC compared to the ID
configuration. This behavior can be partly attributed to anatomical differences between the
two test cohorts. As illustrated in Figure S5 (Supplementary section), tumors in the OOD set
had smaller average volumes, which typically correspond to simpler shapes, making them
intrinsically easier to segment and likely contributing to the improved performance.

For the mesorectum, however, the opposite trend was observed: mesorectal volumes were
larger in the OOD cohort, increasing shape variability. This anatomical difference helps
explain why mesorectum performance was higher in the ID setting, where the structures
were generally smaller and more regular.

In addition to anatomical factors, scanner-related characteristics also played a role. The
OOD test set, although composed of previously unseen vendors, exhibited relatively low
intra-vendor variability, with the majority of scans acquired on a GE model. This
homogeneity may have attenuated the performance degradation typically associated with
vendor shift. Additionally, because most training data were acquired on Siemens scanners,
the models may have developed more stable and conservative feature representations,
(effectively acting as a form of implicit regularization) which can support generalization when
tested on more uniform data distributions.

Taken together, these findings suggest that the observed OOD performance is influenced
not only by scanner-related factors but also by anatomical and structural properties of the
target regions.

Role of ensemble design
Among the four ensemble configurations tested, the two most effective across both ID and
OOD settings were:



e Configuration 3: this strategy first consolidates the predictions within each
architecture and then fuses the resulting architecture-level segmentations. By doing
so, it effectively captures the characteristic strengths of each network while
suppressing fold-specific noise.

e Configuration 4: this configuration aggregates all fold predictions from both
architectures in a single STAPLE step, maximizing model diversity. This broader
diversity appears particularly advantageous under OOD conditions.

Choice of the final RectoMap model

Based on the above findings, RectoMap is built upon Configuration 3 (two-level STAPLE
aggregation) combined with the extended MRI-specific augmentation. The final model is
trained on the complete in-distribution training set.

To maximize utility for clinical and research applications, we additionally retrained the final
model on the entire dataset (all 226 subjects, including previous test subjects) to enlarge
the training distribution. The resulting weights are publicly released, and users can:

e download the model checkpoints;

e perform inference directly through the RectoMap pipeline;

¢ fine-tune the network on local institutional datasets to adapt to specific acquisition
protocols.

We provide an open-source implementation on GitLab (https://[institutional GitLab URL
masked for double-anonymous review; will be restored upon acceptance]).

Inference time for a full 3D T2w MRI volume is approximately 82 seconds on an NVIDIA
GeForce RTX 3090, enabling practical integration into clinical workflows. We include in
Table S6 (Supplementary section) a detailed summary of the training characteristics of the
best-performing configuration on which RectoMap is based.

Conclusions

RectoMap represents an important step toward robust, generalizable automated
segmentation tools for rectal cancer. Future directions include expanding the dataset to
include more centers and vendors, prospective validation in clinical workflows, adaptation
to additional MRI sequences, computational optimization for real-time deployment, and
integration of continuous learning or federated learning approaches to enhance
generalization and preserve data privacy. These developments could facilitate broader
clinical adoption and potentially improve therapeutic decision-making and planning in rectal
cancer management. Despite competitive performance, limitations should be
acknowledged. The dataset, although multi-scanner and heterogeneous, remains relatively
skewed toward a predominant vendor (Siemens). The impact of RectoMap on treatment
planning, surgical decision-making, or radiotherapy workflows has not yet been directly
assessed, limiting insight into its clinical utility and potential benefits for patient outcomes.
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Tables

Table 1. Summary of spatial resolution and acquisition characteristics
across scanner vendors.

The table reports the mean values and ranges (in brackets) of the principal MRI acquisition parameters for each vendor.
The dataset encompasses 19 scanner models in total, highlighting substantial variability in image dimensions, spatial
resolution, and field of view across acquisition systems.

Vendor width | height | depth

Voxel | Voxel | Voxel

Image | Image | Image | o | size | size | FOVx FOVy | FOVz

No. of No. of

scanners | subjects X Y z (mm) | (mm) | (mm)

®x) | )P | ) | mm) | (mm)

337.7 | 328.9 38.2 0.8 0.8 3.6 255 260 171.2

Siemens 8 109 [212- | [212- | [22- | [0.3- | [0.3- | [3- | [166- | [166- | [78-
640] | 640] | 60] | 1.3] | 1.3] | 6.6] | 400] | 400] | 322]
4687 | 468.7 | 328 | 05 | 05 | .. | 2774 | 2341 | 1633
GE 5 62 [256- | [256- | [21- | [02- | [02- | o | [166- | [137- | [102-
1024] | 1024] | 60] | 0.7] | 0.7] 461] | 461] | 272]
648.3 | 650.1 | 31 04 | 04 | 39 | 2527 | 265.7 | 189.1

Toshiba 1 31

[640- | [640- | [25- | [0.3- | [0.3- | [3.3- | [200- | [201- | [101-
768) | 768] | 411 | 04] | 04] 5] 276] | 313] | 274]




507.1 | 507.1 | 367 | 05 | 05 | , | 2644 | 2798 | 201.9

Philips 4 23 [336- | [336- | [23- | [04- | [04- | oo | [180- | [192- | [90-
800] | 800] | 60] | 1.3] | 1.3] 428] | 429] | 404]

Hitachi 1 1 512 | 512 24 05 | 05 | 65 | 281 | 281 | 159

Table 2. Scanner distribution and subject allocation across
experimental setups.

Overview of scanner distribution and subject allocation across experimental setups. In the in-distribution configuration, all
scanner vendors were represented in both training and testing subsets, ensuring domain familiarity between the two. In
the out-of-distribution configuration, models were trained on images from Siemens, Toshiba and Philips scanners, and
tested exclusively on scans acquired from GE and Hitachi systems.

MRI scanner subjects (n) In-distribution Out-of-distribution
train (n) | test (n) train (n) test (n)
GE Optima MR450w 39 32 7 - 39
GE SIGNA Artist 4 3 1 - 4
GE SIGNA Creator 1 - 1 - 1
GE Signa Hdxt 12 10 2 - 12
GE SIGNA Voyager 6 5 1 - 6
Hitachi ECHELON 1 - 1 - 1
Philips Achieva 6 ) 1 6 =
Philips Achieva dStream 1.5 10 8 2 10 -
Philips Achieva dStream 3 1 - 1 1 -
Philips Ingenia 6 5 1 6 -
Siemens Aera 12 10 2 12 -
Siemens Avanto 17 14 3 17 -
Siemens Avanto_fit 24 19 5 24 -
Siemens Biograph_ mMMR 9 7 2 9 -
Siemens Espree 11 9 2 11 -
Siemens Skyra 1 0 1 1 -
Siemens SymphonyTim 34 28 6 34 -
Siemens Verio 1 - 1 1 -
Toshiba Titan 31 26 ) 31 -




total

226

181 45 163 63

Table 3. Summary of the augmentation transformations used during
model training.

The table lists the data augmentation operations together with their sampling distributions and application probabilities.

LU ] Transformation Description Appllca_tl_o n
type probability
Random affine transformations. Angles of rotation are
base rotation and scaling drawn from U(-180,180); scaling factor is sampled from 0.2
U(0.7,1.4).
. . Additive zero-centered noise perturbation. Variance of the
gaussian noise o 0.15
noise is sampled from U(0,0.1).
aussian blur Random isotropic smoothing. The width (in voxels) of the 02
9 gaussian kernel is sampled from U(0.5,1.5). '
brightness Voxel intensities are multiplied by x ~ U(0.7,1.3). 0.15
contrast Voxel |pten3|t|es are mu!tlplled by x ~ U(0.65,1.5) and 015
then clipped to their original value range.
. . Downsampling by a factor of U(1,2) using nearest
simulation of low- . . . .
. neighbor interpolation and then sampling back up to the 0.25
resolution L= . . L .
original size with cubic interpolation.
gamma augmentation Nonlinear intensity remapping with y ~ U(0.7,1.5). 0.15
mirroring Random flipping along all spatial axes. 0.5
extended bias field distortion Reproduction of coil sensitivity and B1 inhomogeneity 025
effects.
random motion Simulation of patient movement during acquisition. 0.25
random ghosting Introduction qf pel‘.IOdI(:‘, intensity duplication along the 025
phase-encoding direction.
Global Intensity Non- Nonlinear intensity alteration by using randomly-weighted 03
Linear augmentation shallow convolutional networks. ’

Table 4. In-distribution segmentation performance.

Mean Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95) are reported for rectal cancer and
mesorectum. Results compare the four ensemble configurations with and without MRI-specific data augmentation. Best
values per metric are highlighted in bold.

mean DSC * std [range]

mean HD95 * std [range] (mm)




Ens.e mbl"."g 2E1E] . Rectal cancer Mesorectum Rectal cancer Mesorectum
configuration | augmentation
0.758 £0.119 0.774 £0.177 11.126 + 11.299 9.059 £7.816
1 base
[0.499-0.969] [0.023-0.967] [0.781-48.504] [0.781-35.642]
0.766 £ 0.115 0.785 +£0.159 11.536 + 12.414 8.430 £6.702
1 extended
[0.540-0.966] [0.156-0.965] [0.781-46.319] [0.938-32.741]
0.756 £ 0.128 0.779 £0.160 12.924 + 14.332 8.895 £ 6.877
2 base
[0.500-0.967] [0.122-0.974] [0.781-60.610] [0.781-32.825]
0.759 £ 0.125 0.794 £ 0.135 12.999 + 14.547 8.416 £ 6.700
2 extended
[0.535-0.968] [0.393-0.976] [0.781-59.276] [0.781-32.750]
0.761 £0.120 0.779 £0.168 12.027 £ 13.159 8.561 £ 6.853
3 base
[0.535-0.969] [0.075-0.971] [0.781-56.010] [0.781-32.877]
0.767 £0.119 0.792 £ 0.138 12.078 + 13.924 8.452 + 6.609
3 extended
[0.552-0.971] [0.384-0.973] [0.781-59.263] [0.781-30.886]
4 0.751 £0.133 0.786 £ 0.138 14.073 £ 15.336 9.037 £ 7.058
base
[0.479-0.964] [0.353-0.973] [0.781-61.622] [0.781-33.016]
0.760 £ 0.125 0.794 £ 0.131 13.088 + 15.047 8.516 £ 6.736
4 extended
[0.537-0.969] [0.394-0.977] [0.781-46.753] [0.394-32.832]

Table 5. Out-of-distribution segmentation performance.

Mean Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95) are reported for rectal cancer and
mesorectum. Results compare the four ensemble configurations with and without MRI-specific data augmentation. Best

values per metric are highlighted in bold.

mean DSC * std [range]

mean HD95 * std [range] (mm)

Ens.e mbllr.mg 2E1E] . Rectal cancer Mesorectum Rectal cancer Mesorectum
configuration | augmentation

0.790 £ 0.131 0.752 £0.194 6.957 £ 6.539 10.702 £ 10.119
1 base

[0.219-0.969] [0.025-0.953] [0.586-27.566] [2.109-54.770]

0.787 £ 0.136 0.766 £ 0.185 7.483 £8.422 9.944 +9.642
1 extended

[0.208-0.961] [0.118-0.965] [0.586-45.025] [0.829-51.883]

0.796 +0.125 0.770 £ 0.158 7.888 +7.904 9.414 +7.598
2 base

[0.136-0.961] [0.258-0.968] [0.586-41.134] [0.586-34.534]

0.792 +£0.130 0.774 £0.162 7.797 £ 8.057 9.568 + 8.671
2 extended

[0.136-0.964] [0.172-0.963] [0.586-46.586] [0.829-43.628]
3 base 0.797 £0.124 0.763+0.178 6.959 + 6.656 9.859 + 8.604




[0.153-0.968] [0.116-0.964] [0.586-31.208] [1.172-39.880]

0.792 +0.136 0.773+0.171 7.563 + 8.421 9.548 + 8.980
3 extended

[0.153-0.965] [0.153-0.974] [0.442-44.928] [0.586-46.210]

0.798 £ 0.126 0.773 +£0.157 7.583 +7.955 9.400 + 7.904
4 base

[0.111-0.960] [0.231-0.964] [0.586-41.024] [0.829-35.220]

0.793 £ 0.129 0.776 £ 0.161 8.359 +9.043 9.501 + 8.605
4 extended

[0.124-0.965] [0.175-0.967] [0.586-46.480] [0.586-43.657]

Figures legends

Figure 1 - The top row shows examples of four MRI scans, while the bottom row presents
their corresponding manual contours (rectal tumor in blue and mesorectum in yellow). In
cases A and B, the rectum was distended with ultrasound gel, providing clearer delineation
of the rectal wall and tumor boundaries, whereas in C and D, no rectal filling was performed,
resulting in partial lumen collapse and less distinct wall separation. The scanners used are:
(A) Philips Achieva 1.5T, (B) Siemens SymphonyTim 1.5T, (C) GE Signa Artist 1.5T and (D)
Toshiba Titan 3T.

Figure 2 - Qualitative examples of RectoMap segmentations using the two-level STAPLE
aggregation ensemble with extended MRI-specific augmentation. Panels A-B show in-
distribution (ID) cases, while panels C-D illustrate out-of-distribution (OOD) cases. For each
subject, the axial T2-weighted image (top), the expert manual ground truth (middle), and the
model prediction (bottom) are displayed. Blue indicates the rectal tumor and yellow the
mesorectum. The Dice similarity coefficients (DSC) for rectal tumor (RC) and mesorectum
(MESO) are reported for each example.
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