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ABSTRACT

Introduction: The urethra is a recommended avoidance structure for prostate cancer treatment. However, even subspecialist physicians often struggle to accurately
identify it on available imaging. Automated segmentation tools show promise, but a lack of reliable ground truth or appropriate evaluation standards has hindered
validation and clinical adoption. This study aims to establish a reference-standard dataset with expert consensus contours, define clinically meaningful evaluation
metrics, and assess the performance and generalizability of a deep-learning-based segmentation model.

Materials and Methods: A multidisciplinary panel of four experienced subspecialists in prostate MRI generated consensus urethra contours on MRI data for 71 patients
from 6 centers, establishing a reference standard. Four of these patients were previously used in an international study (PURE-MRI) where 62 physicians contoured
the prostate and urethra. Using an independent training dataset (n = 151 patients, 1 center), we developed a deep-learning Al model for urethra segmentation. We
evaluated the Al tool in the consensus reference dataset and compared it to human performance using Dice, percent urethra coverage, and maximum 2D (axial, in-
plane) Hausdorff Distance (HD) from the reference standard.

Results: The Al model outperformed most physicians, achieving median Dice of 0.41 (vs. 0.33 for physicians), Coverage of 81 % (vs. 36 %), and Max 2D HD of 1.8 mm
(vs. 1.6 mm) in the four PURE-MRI cases. In the full reference dataset, Al performance remained consistent, with Dice of 0.40, Coverage of 89 %, and Max 2D HD of
2.0 mm, indicating strong generalizability across a broader patient population and more varied imaging conditions.

Conclusion: We established a multidisciplinary consensus benchmark for segmentation of the urethra. The deep-learning model performs comparably to specialist
physicians and demonstrates consistent results across multiple institutions. It shows promise as a clinical decision-support tool for accurate and reliable urethra
segmentation in prostate cancer radiotherapy planning and studies of dose-toxicity associations.

Introduction planning [1-7]. Among the anatomical structures visualized on MRI,
accurate contouring of the urethra has attracted increasing attention due

Magnetic Resonance Imaging (MRI) has become an essential tool in to its relationship with treatment-related toxicity [8-10]. However,
the early detection, diagnosis, and treatment of prostate cancer, playing accurate contouring of the urethra on MRI remains a significant clinical
a crucial role in guiding targeted biopsies and facilitating treatment challenge for human experts, due to the urethra’s small caliber,
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anatomical variability, and the limited visibility of its upper half on MRI
[11]. Moreover, there is currently no universally accepted guideline or
consensus among clinicians regarding the optimal approach to urethral
contouring.

Several automated methods based on deep-learning and radiomics
have been proposed for urethra segmentation, demonstrating promising
potential [12-15]. Their reported performance remains difficult to
evaluate because there is no accepted contouring guideline, and there
are large variations in human physician contours that would serve as the
“ground truth” for these models [11]. Moreover, the commonly used
Dice may not be an ideal metric for assessing urethra segmentation.
While a Dice of 1.0 indicates perfect spatial overlap, the metric heavily
penalizes small deviations and over-segmentation, which is problematic
given the urethra’s small size and low contrast on MRI. These charac-
teristics can lead to disproportionately low Dice even for clinically
acceptable segmentations. For example, expert consensus supports
sparing the urethra for radiation therapy (RT), but this could be ach-
ieved with a urethra avoidance structure that encompasses most of the
urethra, even if the boundaries of the contours do not have the sub-
millimeter precision that could be required to have a very high Dice
[9,16].

To address these challenges, we constructed multidisciplinary
consensus urethra contours for a multi-center dataset, following a
similar process to that used in prior work on prostate contouring
[11,17]. By incorporating interactive feedback and careful review from
multiple experienced clinicians with diverse expertise, we aim to
establish a more reliable and confident reference standard. We also
proposed an evaluation strategy that combines coverage of the urethra
and distance-based deviation metrics, in addition to the traditional Dice,
which may better reflect clinical relevance and performance in real-
world scenarios.

Recognizing the difficulty of the urethra contouring task for many
physicians [11], we also developed a deep-learning-based model for
urethra segmentation, which we evaluated using the newly constructed
expert consensus dataset and the proposed evaluation metrics. We
conducted two key comparisons to assess model performance. The first
involves a smaller dataset previously used to evaluate human expert
annotations [11], allowing for a direct comparison between the Al
model and clinical experts. The second evaluation utilized a larger and
more diverse dataset to examine the model’s robustness and generaliz-
ability across varied imaging conditions and patient populations.
Through this dual evaluation strategy, our goals are to provide a more
comprehensive and clinically meaningful assessment of Al performance
and to contribute to the development of reliable, Al-assisted tools for
prostate cancer RT planning and future studies of RT-related toxicity.

Methods
Cases

We obtained patient cases from six institutions from the Quantitative
Prostate Imaging Consortium (QPIC) as part of a study of prostate cancer
detection approved by the institutional review board (IRB) at each institution
[7,18]. Two datasets were utilized for this study. A multicenter dataset was
used to create a reference standard of urethra contours; this comprisedn =71
patient cases with MRI acquired on one of eleven 3T scanners (manufactured
by two vendors) at six imaging centers (Table 1; 68 of these patient cases
were used in a prior study of prostate segmentation [17]). The PURE-MRI
[11] study included a subset of the reference standard dataset (n = 4 patient
cases from 1 center); 62 physician participants of that study generated 110
urethra contours [11]. An independent training dataset (n = 151 patients
from 1 center) was used to develop an Al model for urethra contours; the
urethra was segmented on these 151 prostates by a single radiation oncolo-
gist. All patients included in these datasets underwent prostate multi-para-
metric MRI (mpMRI) for the evaluation of known or suspected prostate
cancer. Cases with substantial imaging artifacts (hip implants, excessive

Radiotherapy and Oncology 214 (2026) 111231

Table 1

Characteristics of the patient cases included in the full reference standard
dataset. Data for the PURE-MRI study is a subset of 4 cases from UC San Diego
(UCSD), with images acquired on two scanners (GE Healthcare Signa Premier).

Center and Scanner Platforms for Patient Cases of the Full Reference Standard
Dataset (n = 71)

Cohorts

UC San Diego (UCSD) 13

Harvard University’s Massachusetts General Hospital (MGH) 14

University of Rochester Medical Center (URMC) 12

UC San Francisco (UCSF) 10

UT Health Sciences Center San Antonio (UTHSCSA) 10

University of Cambridge (Cambridge) 12

Institution =~ MRI scanner models Number of

scanners

UCSD GE Healthcare Discovery MRI750, GE 3
Healthcare Signa Premier

URMC SIEMENS Skyra 2

MGH GE Healthcare Signa Premier 1

UCSF GE Healthcare Signa Premier 2

Cambridge  GE Healthcare Discovery MRI750 1

UTHSCSA SIEMENS Skyra 2

Total 3 models 11 scanners

bowel gas, or large body habitus interfering with image quality) were
excluded [17]. None of the cases used an endorectal coil.

Reference standard contour development.

A panel of four experts was convened to develop the reference
standard urethra segmentation dataset [11,17]: two genitourinary (GU)
radiologists (with 12 and 21 years’ experience, each surpassing the
number of MRIs reported to qualify as prostate MRI experts [19]) and
two GU radiation oncologists specializing in MRI-guided prostate
radiotherapy (10 years’ experience each). One of the GU radiation on-
cologists generated initial contours on high-resolution axial To-weighted
slices. During the panel meeting, all three planes were always visualized,
and high-resolution coronal and sagittal To-weighted acquisitions were
available. Each slice case was reviewed at least twice. All members of the
panel in attendance agreed on the final contour for each use.

Urethra contouring ground rules.

The ground rules for the contouring of the urethra were agreed by all
the members in the panel [11]. Both the prostatic and membranous
urethra were included in the delineation. In cases where the urethra was
not clearly visible on a given slice—most commonly at the mid-gland
and portions of the prostatic base—the panel reviewed all available
anatomic information across the three imaging planes to estimate the
most likely location. The urethra was consistently contoured as a
continuous structure extending from the bladder neck through the
prostatic apex and membranous urethra, terminating at the most supe-
rior axial slice where the penile bulb was fully visualized.

Physician participant eligibility in PURE-MRI study.

Eligible participants included radiation oncologists, radiologists, and
urologists involved in the diagnosis and/or treatment of prostate cancer.
Clinical residents or fellows in these specialties were also eligible if they
had completed at least one prostate-focused clinical rotation. All study
materials, recruitment communications, and procedures were approved
by the IRB at UC San Diego (UCSD). Participants were recruited through
social media, email outreach, and word-of-mouth within the genitouri-
nary oncology community [11].

Auto-segmentation (AI) model development.

Training data for the deep-learning AI model included another 151
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cases described in a previous publication [20]. One of the radiation
oncologist panelists had previously contoured the urethra on these 151
patient cases in 2023 to create sample data for understanding anatomic
patterns. These cases were obtained through routine clinical care at
UCSD on a single 3T scanner (GE Healthcare Discovery 750). For the Al
model, because the exact boundaries of the urethra are often not pre-
cisely visible—even when the location of the urethra is discernible—we
applied a 2 mm dilation to the manual contours with OpenCV [21]. The
idea was to train the AI model to identify the urethra’s position and
course through the prostate rather than necessarily reproduce the exact
contours as drawn by the human. The training process utilized nnU-Net
[22], a robust and well-established model architecture.

All T-weighted images were processed in 3D. Each volume was
cropped into patches of size 16 x 320 x 320 voxels and resampled to a
uniform voxel size of 3.0 x 0.5 x 0.5 mm®. Model development followed
a 5-fold cross-validation strategy, whereby all 151 cases were iteratively
used for both training and validation across the folds. For final inference,
an ensemble of the five trained models was employed by averaging the
softmax outputs, consistent with the strategy described in the nnU-Net
framework [22].

Data augmentation also followed the nnU-Net [22]. Spatial trans-
formations included random rotations, random scaling (range 0.7-1.4),
and mirroring along different axes. Intensity transformations included
gamma correction, Gaussian noise injection, Gaussian blur, random
brightness and contrast adjustment, and simulation of low-resolution
acquisitions through downsampling and upsampling. These augmenta-
tions were applied to improve robustness and reduce overfitting.

There was a total of 1,000 training epochs in line with the nnU-Net
default setting [22]. The initial learning rate was 0.1 and gradually
decreased to 0.00002 by the final epoch. Training was conducted on a
single NVIDIA Tesla V100 GPU at San Diego Supercomputer Center
[23], with a batch size of 8. Model selection was based on validation
performance within each fold, using the exponential moving average
(EMA) of the Dice as the criterion.

EMA,,, = & ® Dicepne,, + (1 — @) @ EMAprevious# (€D)]

The EMA was updated at each epoch (smoothing factor a = 0.5),
providing a more stable estimate of model performance over time. The
epoch yielding the highest EMA Dice on the validation data was selected.
Together, the use of cross-validation, extensive augmentation, and
EMA-based model selection was designed to mitigate overfitting and
ensure generalizability.

The upper half of the urethra is almost invisible, which can result in
missing segments and produce disconnected components in the seg-
mentation. To address this limitation, a linear interpolation approach
was implemented to ensure a continuous segmentation consistent with
known anatomical prior information and thus improve overall seg-
mentation performance.

Evaluation of AI and human performance.

We compared urethra segmentations by the AI model to those pro-
duced by physician participants for patient cases in the PURE-MRI study,
using the expert consensus urethra contour as the reference standard. To
evaluate the generalizability and robustness of the Al model, we also
assessed its performance in the full reference standard (n = 71) dataset.
Segmentation performance was quantified using the percent coverage
and Dice for the entire urethra. Percent coverage refers to the percentage
of the consensus reference urethra that was included in the Al tool’s (or
physician participants’) urethra segmentation. The Dice ranges from
0 (no overlap) to 1 (perfect overlap), accounting for both perfect and no
overlap and penalizes over-segmentation as much as under-
segmentation. Percent coverage is a conservative metric in the context
of a dose constraint like the near-maximum dose to the urethra. On the
other hand, an enormously over-segmentation of the prostate (e.g., the
whole prostate) would ensure high percent coverage but would also
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make it difficult to focally boost dose to prostate cancer. To address this
limitation, we also incorporated the maximum 2D Hausdorff distance
(Max 2D HD), which captures the maximum deviation between the
predicted and reference contours across all axial Ty-weighted slices,
thereby providing an indication of degree of over-segmentation.

Results

The panel reached consensus for the urethra segmentation on each
slice of all 71 cases to create the reference standard dataset. We present a
urethra contouring guide with some tips and annotations in Fig. 1; all
slices for this patient are presented in Supplementary Fig. 1 to illustrate a
complete urethra volume and serve as a contouring atlas
(Supplementary Fig. 1). We also present an MRI of a patient with a
urinary catheter (not included in any of the datasets used in the study) to
illustrate a definitive urethra course, albeit likely altered somewhat by
the presence of the plastic device, and for comparison to MRI when no
catheter is present (Supplementary Fig. 2).

All the cases are T»-weighted MRI acquired exclusively on 3T scan-
ners. Our dataset included examinations from two manufacturers (GE
Healthcare and Siemens Healthineers) and three scanner models: GE
Healthcare Discovery MR750, GE Healthcare Signa Premier, and
Siemens Skyra (Table 1). Detailed acquisition parameters, including
sequence specifications, are provided in Supplementary Tables 2 and 3,
which summarize the imaging characteristics and ensure clarity
regarding the applicability of the method.

A total of 62 physicians from 11 countries participated in the PURE-
MRI study, including radiation oncologists, radiologists, and urologists,
with a range of sub-specialization and varying years of experience
(Supplementary Table 1) [11]. In all, physician participants generated
110 urethra contours (as compared to 114 prostate contours from PURE-
MR, as there were four instances where the physician participant stated
they were unable to identify the urethra).

In patient cases from the PURE-MRI study, the AI model generated
contours that covered a median 81 % of the reference urethra [IQR: 80,
84] for the four cases (Table 2). Physician participants’ contouring at-
tempts, in comparison, covered a median 36 % of the reference urethra
[IQR: 25, 59]. The best-performing group of human participants were
those with 5-10 years of experience, who achieved median 53 %
coverage [IQR: 31, 71].

The AI model achieved a median Dice of 0.41 [IQR: 0.37, 0.45]
across the four cases (Table 2), while the physician participants achieved
a median Dice of 0.33 [IQR: 0.23, 0.42]. The subgroup of physicians
with < 5 years of experience performed best by this metric with median
Dice of 0.37 [IQR: 0.32, 0.45].

The Al model achieved a median Max 2D Hausdorff Distance (HD) of
1.8 mm [IQR: 1.6, 1.8], meaning a typical AI urethra contour never
included prostate tissue more than 1.8 mm from the reference standard
(Table 2). Physician participants performed similarly on this metric with
median Max 2D HD of 1.6 mm [IQR: 1.2, 1.7]. The best-performing
subgroup was those still in training, who achieved a median of 1.3
mm [IQR: 1.1, 1.6]. In terms of overall performance range, the Al model
produced values for Max 2D HD between 1.3 mm and 2.1 mm, while the
range for physician participants extended from 1.0 mm to 2.3 mm.

We present representative To-weighted mid axial, sagittal and coro-
nal slices illustrating contours generated by both the AI model and
physician participants (Fig. 2).

To evaluate the performance of the Al model in a broader range of
patients, scanners, and imaging centers, we applied the automated tool
to all 71 cases with a consensus reference standard urethra (Table 3).
Percent coverage of the reference standard urethra was median 89 %
[IQR: 78, 95] across the 71 cases. The worst example covered only 34 %
of the reference urethra (Fig. 3), while the best example had 100 %
coverage. Median Dice was 0.40 [IQR: 0.35, 0.44]. Median Max 2D
Hausdorff Distance was 2.0 mm [IQR: 1.5, 2.3], indicating that the Al
model’s contour for a typical case strayed no more than 2 mm from the
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Annotations for Contouring

Membranous urethra extends from prostatic
urethra to inferior aspect of urogenital
diaphragm, ending just superior to the
penile bulb.

Inferior prostatic urethra: continuous with
membranous urethra and often moderately
hyperintense, just anterior to an inverted "V*
of hyperintensity that can extend superiorly
to the verumontanum.

Example of urethra at level of
verumontanum. Superior to this, the urethra
often becomes difficult to visualize.

Midgland prostatic urethra: The urethra can
be difficult to visualize in the upper
midgland. It can be helpful to start at apex
and track as far superiorly as possible then
skip to the prostate base to identify the
bladder neck and track the urethra as far
inferiorly as possible before returning to the
midgland. Consider viewing all three planes
while delineating the urethra in the
midgland. The urethra may not remain in the
mid-sagittal plane because of benign
prostatic hyperplasia that causes
asymmetry of the prostate.

e

Superior prostatic urethra: identify region of
marked hyperintensity (urine) where the
bladder neck inserts into the prostate base
and trace inferiorly. The superior origin of
the urethra must be continuous with the
bladder neck; it is often not at the superior
tip of the prostate but is on the anterior
aspect of the gland.

Axial View Slice 23

Fig. 1. Annotations for urethra contouring. The expert contour is shown as yellow contour on axial T,-weighted slices on the right column of this figure and an-
notations for urethra contouring on the left column.
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Table 2

Radiotherapy and Oncology 214 (2026) 111231

Dice, Coverage (%) and Max 2D HD (mm) of the Al model and physician participants with different year of experience on cases from the PURE-MRI study.

Model Dice Coverage (%) Max 2D HD (mm)
Model median median median

min IQR max min IQR max min IQR max
AI Model 0.41 81 1.8

0.35 0.37-0.45 0.48 80 80-84 91 1.3 1.6-1.8 2.1
All physician (n = 62) 0.33 36 1.6

0.03 0.23-0.42 0.69 3 25-59 96 1.0 1.2-1.7 2.3
Still in Training (n = 14) 0.30 26 1.3

0.03 0.21-0.42 0.69 3 19-44 85 1.0 1.1-1.6 2.0
Less than 5 years (n = 12) 0.37 37 1.7

0.15 0.32-0.45 0.62 11 30-60 89 1.0 1.5-1.8 2.3
5 to 10 years (n = 11) 0.34 53 1.6

0.08 0.25-0.44 0.65 9 31-71 84 1.1 1.4-1.7 2.0
Greater than 10 years (n = 25) 0.28 34 1.6

0.06 0.23-0.38 0.62 3 26-53 96 1.0 1.3-1.8 2.3

reference standard. In the worst case, the Al model’s contour strayed 2.9
mm from the reference standard in one slice.

Discussion

The urethra is a critical organ of interest in prostate cancer treatment
because of its relationship to functional outcomes for patients under-
going radiation therapy [8-10]. Measurement of urethra length may
also be relevant for predicting outcomes after surgery [24,25]. However,
the PURE-MRI study revealed poor accuracy of physician urethra con-
tours and very poor inter-physician agreement. Those results call into
question both the validity of urethra dose constraints and the feasibility
of introducing standardized urethra contouring in general clinical
practice. We provide here a multidisciplinary consensus contouring atlas
for the urethra (Fig. 1, Supplementary Fig. 1). We also developed an Al
tool that outperforms physicians for urethra coverage, covering a me-
dian 81 % of the reference standard (vs. median 36 % across 110
physician contours) without including excessive amounts of non-urethra
tissue (measured by Max 2D HD). In a broader multi-center dataset, the
AT tool typically covered 89 % of the reference standard urethra while
straying no more than 2.0 mm from the reference urethra contour.

Dice is a commonly used metric for evaluating segmentation accu-
racy but can be poorly suited to some applications [26]. The urethra is
small in diameter and has a comparatively long course relative to its
diameter. It is also poorly visualized in parts of the prostate, and its exact
boundary is difficult or impossible to outline even if its location is agreed
upon, as noted by our multidisciplinary panel [11]. We therefore pro-
posed percent coverage and Max 2D HD as more appropriate metrics for
this case. Coverage of the urethra is of obvious importance if the goal is
to avoid overdosing the true urethra during radiation therapy.
Conversely, an overly large urethra avoidance structure would unnec-
essarily limit the dose achievable to some prostate tumors, especially
during focal radiation boost [27,28]. Max 2D HD is helpful as an indi-
cator of how overly conservative a urethra contour is in its least accurate
slice. Consistent with our reasoning, we found that the Al model was not
impressive for Dice (while still better than physician participants), but
the Al tool performed well on percent coverage and Max 2D HD.

Several recent studies have explored the deep-learning-based urethra
segmentation on MRI or CT [12,13,29]. One such study by Belue et al.
reported a model achieving an overall Dice of 0.61 and typical centerline
distance (distance between ground truth and Al segmentation on each
slice, averaged across slices of 2.6 mm) [13]. It is not valid to compare
summary statistics of Al models applied to distinct datasets, but the Dice
in the Belue et al. model is impressive and possibly suggests incorpo-
ration of more data for training (Belue et al. had 657 cases for training,
compared to the 151 we used), possibly suggesting a larger training
dataset would improve our model. Our study, on the other hand,
benefitted from including 110 urethra contours made by 62 physicians

to directly compare Al performance to human performance on the same
patient cases. We also used additional metrics in our study with clinical
relevance for radiation treatment planning. Max 2D HD is an indicator of
error on the worst slice in a patient case and represents the worst-case
scenario for designating non-urethra tissue as an avoidance structure
that could interfere with focal boost of a nearby tumor. Percent coverage
of the urethra is an indicator of how much of the urethra is correctly
labeled for sparing (uncovered urethra could lead to urethra doses
higher than intended). We are also planning to integrate our urethra
model into the clinical workflow by providing physicians with its auto-
segmentations, helping them accurately locate the urethra to avoid
exceeding dose constraints. This will first be done in two prospective
studies, including NCT06990542.

Our study has several limitations. First, establishing a definitive
ground truth for urethral contours is inherently challenging. In partic-
ular, the upper half of the urethra is often difficult or even impossible to
visualize clearly on MRI, making objective delineation unreliable. As a
result, the reference standard used in this study—derived from
consensus among experienced experts with complementary clinical
backgrounds—represents possibly the best feasible approximation at
present. Second, we evaluated only a single Al-based segmentation
approach. To gain a more comprehensive understanding of the capa-
bilities and limitations of AI tools for urethral segmentation, future
studies should include a broader set of algorithms, encompassing both
academic methods and commercial solutions. Third, training data came
from only one center and 151 patient cases; larger and more diverse
training data might improve performance. Fourth, some centers may
employ protocol variations (e.g., specialized 3D acquisitions) or use MRI
systems that could not be evaluated with data available for this study. A
strength of this study, though, is inclusion of consensus contours on
images from two major vendors, three scanner models, and six acqui-
sition protocols from six centers (Supplementary Table 3). Fourth, it is
unclear how large an error in urethra segmentation must be to have a
clinically meaningful impact on patient outcomes, so this cannot be
evaluated here (likewise, we cannot confidently determine an optimal
planning risk volume, or PRV). On the other hand, the paucity of clear
data on dose-toxicity associations for various urethra-sparing ap-
proaches strengthens the rationale for the present study—consistent
urethra contours are needed to support robust evidence for better ure-
thra constraints. Our results demonstrate that the Al model developed
here already outperforms a large cohort of physicians and offers a
promising complementary tool to enhance the accuracy and consistency
of urethral contouring in clinical practice.

Conclusion

We established a multidisciplinary consensus reference-standard
dataset for the evaluation of urethra segmentation and provide an
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_Coronal Sagittal

" FyvesT = ¢

Fig. 2. Examples of Al and physician urethra contours, as well as the reference standard (consensus contour by a multidisciplinary panel of four subspecialists.
Contours are overlayed on axial, coronal, and sagittal T,-weighted MRI. The multidisciplinary consensus expert-defined urethra contour is shown as yellow contour.
The AI generated urethra contour is shown as blue contour. The PURE-MRI study physician participants’ urethra contours are shown in green. 2A is an example of Al
generated urethra contour with Dice of 0.35, Coverage of Urethra of 91 %, and Max 2D HD of 2.1 mm. 2B is an example of Al generated urethra contour with Dice of
0.38, Coverage of Urethra of 80 %, and Max 2D HD of 1.3 mm. 2C is an example of physician participants’ urethra contour with Dice of 0.21, Coverage of Urethra of

96 %, and Max 2D HD of 1.7 mm. 2D is an example of a physician participant’s urethra contour with Dice of 0.09, Coverage of Urethra of 8 %, and Max 2D HD of 1.1
mm. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 3

Radiotherapy and Oncology 214 (2026) 111231

Dice, Coverage (%) and Max 2D HD (mm) of the Al model on the full reference standard dataset.

Model Dice Coverage (%) Max 2D HD (mm)
Model median median median
min IQR max min IQR max min IQR max
AI Model 0.40 89 2.0
0.20 0.35-0.44 0.54 34 78-95 100 1.0 1.5-2.3 2.9
Axial Coronal Sagittal

Fig. 3. Example auto-segmentation errors of urethra from AI. Contours are overlayed on axial, coronal and sagittal To-weighted MRI. The expert-defined urethra
contour is shown as yellow contour. The AI generated urethra contour is shown as blue contour. The Al generated urethra contour with Dice of 0.20, Coverage of
Urethra of 34 %, and Max 2D HD of 2.9 mm. This is the patient case where the Al tool performed worst; the discrepancy between the Al-generated urethra and
reference standard is greatest in the mid-gland and base of the prostate, where the urethra is most difficult to visualize. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)

atlas for contouring the urethra on MRI. We introduced clinically
meaningful metrics, including percent urethra coverage and Max 2D
HD, to better reflect segmentation quality in real-world clinical settings.
We developed a deep-learning model for urethra segmentation, a chal-
lenging and time-consuming task. Our Al tool outperformed most phy-
sicians and was comparable to even the best-performing physician
participants in the PURE-MRI study. Moreover, its consistent perfor-
mance across a diverse, multi-center dataset demonstrates overall
robustness and generalizability, though there were some errors large
enough to require correction. These results suggest a strong potential for
Al-based auto segmentation of the urethra to assist, or even augment,
physician urethra segmentation during radiation therapy planning, ul-
timately facilitating investigations of valid dose constraints and helping
to reduce the risk of urethral injury.
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