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ABSTRACT

Introduction: Accurate segmentation of prostate mpMRI scans is essential for oncological therapy
planning and the development of Al-based decision support systems. The aim of our study was to
validate the annotation reliability of observer groups with different levels of professional experience in
prostate and urethral segmentation to establish an expert Al database.

Methods: A total of 35 mpMRI cases were processed using 3D Slicer software. Seven participants were
categorized in three groups: uroradiologists, radiology and urology residents, and medical students.
Interobserver variability was quantified using Dice Similarity Coefficient (DSC), Surface Dice (at 1
mm and 3 mm tolerances), and Central Line Distance (CLD) metrics, with validation performed via
Dunn’s post-hoc test.

Results: Prostate DSC values were statistically equivalent between uroradiologists, urologists, and
residents (prom = 1,000; z = 0,543). Midline determination of the urethra (CLD) showed
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specialty-specific differences between radiologists and urologists (p =0,039), with an average
difference of 3,3-3,7 mm (with min 2,9 mm; max 4,4 mm). While the 1 mm surface precision of medical
students was significantly lower than that of experts (z = 4,639; phoim < 0,001), no significant difference
was observed within the 3 mm clinical tolerance margin. Notably, certain student subgroups reached
expert-level performance even in urethra segmentation (pnoim = 1,000).

Conclusion: Residents and uroradiologists from related fields generate expert-level annotation. The
involvement of trained non-experts (students) represents a valid crowdsourcing alternative, provided
that quality assurance is aligned with the 3 mm clinical tolerance threshold.
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INTRODUCTION

Prostate cancer remains one of the most significant global health challenges, being the second
most common malignancy among men worldwide, with an incidence rate steadily increasing
as the population ages [1]. The success of modern oncological therapies, particularly precision
radiotherapy and focal treatments, is fundamentally dependent on the accurate anatomical
localization of the prostate and surrounding critical structures [2].

In diagnostic imaging, multiparametric magnetic resonance imaging (mpMRI) has become the
primary modality due to its superior soft-tissue contrast resolution, enabling more precise
segmentation than other imaging techniques [3]. However, in clinical practice, organ
contouring is still predominantly a manual process, which is both time-consuming and highly
subjective. Segmentation is further complicated by the anatomical fact that the prostate lacks a
true capsule and is separated from surrounding tissues by loose connective tissue [4]. A major
limitation of manual segmentation is inter-observer variability, arising from differing
anatomical interpretations among uroradiologists [5]. Studies confirm that contouring
inaccuracies directly impact dose planning and the protection of adjacent healthy tissues [6].

When analysing inter-observer variability, the discrepancy between different medical
specialties — specifically radiological and urological perspectives —deserves particular
attention. While radiologists primarily define contours based on tissue signal intensity
variations and radiological diagnostic guidelines (e.g., PI-RADS), urologists’ interpretations
are significantly influenced by surgical anatomical knowledge and the visualization of tissue
planes experienced during radical prostatectomy [7]. Literature indicates that even between
experienced radiologists and radiation oncologists, significant differences can occur in defining
Gross Tumour Volumes (GTV), directly affecting dose distribution accuracy. This
multidisciplinary variability is a critical factor in the segmentation of the urethra and the
prostatic apex, where precise boundary definition is crucial for both surgical margins and
radiotherapy dose distribution [8]. Quantifying the variability between these two specialties is
therefore essential for creating an adequate database that covers all aspects of clinical practice.

The segmentation of the prostatic part of the urethra represents a particularly critical point, as
its accurate delineation is essential for preserving urinary continence [9]. Since the urethra is
often difficult to distinguish on MRI, segmentation accuracy depends heavily on the
investigator’s clinical experience and anatomical knowledge. The application of artificial
intelligence, specifically Convolutional Neural Networks (CNN), promises a breakthrough in
automated segmentation by eliminating human subjectivity [ 10]. However, developing reliable
algorithms requires large-scale, expert-validated training databases [11].

The aim of the present study was to create such a segmented database using the 3D Slicer
(v.5.8.1) software [12], while analysing the impact of professional experience and clinical
background (radiology vs. urology) on contouring accuracy.

MATERIALS AND METHODS

DATASET AND IMAGING MATERIAL

For this study, 35 cases were randomly selected and processed from the publicly available
Annotated Image Dataset of Anatomy database. The dataset provides high-resolution,
T2-weighted axial magnetic resonance (MR) images in DICOM format, featuring detailed
voxel-level segmentations of pelvic organs. This database was selected for its rigorous
acquisition protocols, consistent image quality, and the diverse range of anatomical variability
essential for robust analysis.
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To assess inter-observer variability, a representative subset of 35 cases was selected from the
total pool. These 35 cases were independently segmented by every participant across all
experience groups (uroradiologists, residents and medical students), providing a common
reference for statistical comparison. The remaining cases were distributed among the
investigators to ensure broad coverage of anatomical variations for the overall construction of
the Artificial Intelligence database.

Image data processing and structure delineation were performed using the 3D Slicer (version
5.8.1) open-source medical image analysis platform. The Segment Editor module was used for
segmentation. During the process, all investigators followed an identical protocol, manually
contouring the target areas slice-by-slice. First, the outer contour of the prostate gland was
defined, followed by the segmentation of the prostatic urethra (pars prostatica urethrae). To
ensure continuity, investigators could use the 3D visualization window for spatial verification
of the contours.

The nine participants performing the segmentation were divided into three groups based on
professional experience to measure inter-observer variability:

Group 1 — Two consultant uroradiologists (3 years of post-graduate clinical experience
specializing in prostate MRI interpretation).

Group 2 — Two radiology residents and two urology residents (with 1-2 years of clinical and
diagnostic imaging experience).

Group 3 — Three medical students who received brief, standardized training on prostate MR
anatomy, imaging of prostate diseases, and software usage prior to the study.

The database samples were distributed to ensure significant overlap between groups, allowing
for a multi-sided comparison of the same anatomical structures.

STATISTICAL ANALYSIS AND VALIDATION

The agreement between segmentations and the extent of deviations were quantified using
objective metrics. The first metric, the DSC, is a statistical measure used to gauge the similarity
between two sets. The coefficient ranges from 0 to 1, where 0 represents no overlap and 1
indicates perfect agreement. The second metric was the Surface Dice Measurement (SD),
which assesses the accuracy of the boundaries within a predefined tolerance threshold. In this
study, tolerance thresholds were set at 1 mm, 3 mm. The 3 mm threshold was specifically
chosen as it aligns with the clinically accepted “Planning Target Volume” margins used in most
modern image-guided radiotherapy protocols, thereby defining the limit of “clinically
acceptable” error. The score represents the percentage of the surface area that falls within the
allowed error margin. Similar to DSC, its value ranges from 0 to 1, where a value of 1 indicates
that the entire estimated surface is within the specified distance from the reference. For the
urethra, the CLD was used to examine the average deviation from the midline. CLD is a
geometric and statistical metric primarily utilized to evaluate the segmentation of tubular or
branching structures (e.g., vessels, airways). To determine statistical differences between
groups, Welch’s t-test and Dunn’s post hoc test (for non-parametric comparisons) were applied,
with a p-value smaller than 0,05 considered statistically significant. To account for multiple
comparisons, p-values were adjusted using the Holm-Bonferroni method (prom). Group
differences were evaluated using these tests and the corresponding z-scores are reported to
indicate the distance from the mean in standard deviation units.

RESULTS

Statistical analysis of the Dice coefficients, representing volumetric overlap, examined
segmentation accuracy across groups with different levels of experience and clinical
backgrounds. The results highlight a strong correlation between morphological delineation and

787



S. Totin, et al.

clinical expertise. Specialty-Specific Consensus in Urological and Radiological Practice. A key
finding of the study is that the comparative analysis between consultant radiologists and
urologists showed no significant difference (p = 0,629). This confirms that representatives of
both specialties apply a unified nomenclature and visual interpretation in the volumetric
definition of the GTV. Earlier CLD measurements reflected conceptual differences regarding
the urethral pathway; however, the homogeneity of DSC values confirms a consistent
recognition of the global volumetric extent. Regarding the second progression of Clinical
Competence (uroradiologist vs. resident), the comparison between the resident group and the
consultant radiologist control group showed a statistically non-significant difference (p =
0,844). This high degree of concordance validates the involvement of residents in large-scale
annotation workflows, as their segmentation accuracy reaches the expert gold standard. This is
critical for the scalability of validated datasets required for artificial intelligence development.
Heterogeneity of Student Segmentation and the Learning Curve Analysis of the student
subgroups revealed significant inter-observer variability due to a lack of clinical routine: The
Stud 1-2 and Stud 1-3 groups produced significantly lower overlap metrics compared to the
expert groups (p <0,001), indicating uncertain detection of anatomical boundaries. The
outstanding performance of the Stud 2-3 subgroup (compared to RAD: (p = 0,062) suggests
that with targeted instructions and adequate use of the 3D Slicer platform, non-expert observers
can achieve accuracy approaching expert levels.

Surface Dice (1 mm Tolerance) Surface Dice measurements confirmed that precise boundary
delineation is the most sensitive indicator of clinical routine. Expert precision: no significant
difference in surface agreement was found between radiologists, residents, and urologists (p >
0,05). This demonstrates that clinical experience ensures consistent contouring discipline and
1 mm-accurate recognition of interfaces (e.g., prostate apex), regardless of specialty. Student
limitations: Most students (Stud 1-2, Stud 1-3) significantly underperformed compared to all
expert groups (p <0,001) or (p=0,002). High effect sizes (rank-biserial correlation equals
0,827) highlight that without clinical routine, manual segmentation accuracy falls short of
clinical expectations. Teachability: The Stud 2-3 group’s results (p =0,137) suggest that
targeted training can significantly improve non-expert accuracy.

In the measurement of Surface Dice (3 mm tolerance), the results of the Dunn’s post-hoc
analysis exploring inter-group segmentation variability confirmed the decisive role of clinical
experience, while simultaneously highlighting a high degree of consistency across expert
levels. Statistical analysis revealed no significant difference between the performance of board-
certified radiologists and residents (z = 0,543; prom = 1,000), validating the involvement of
residents in high-volume annotation workflows. A particularly significant finding is that no
justifiable discrepancy was found between the contouring accuracy of radiologists and
urologists (z=0,322; pnom= 1,000); this interprofessional concordance proves that
representatives of these two specialties apply a uniform visual interpretation when defining
prostate boundaries, despite their differing clinical perspectives.

In contrast, the performance of the expert radiologist group significantly and substantially
outperformed the accuracy of the majority of medical students (Rad-Stud 1-2: z = 4,639, proim
< 0,001; Rad-Stud 1-3: z = 5,694, prom < 0,001), clearly indicating the importance of clinical
routine in precise segmentation. However, the heterogeneity within the student group is a
noteworthy observation: while most subgroups lagged significantly behind the expert control,
the results of the Stud 2-3 group showed no statistically justifiable difference from those of the
board-certified radiologists (z = —1,008, proim = 1,000). This phenomenon suggests that with
targeted training, a subset of students is capable of approaching expert-level performance;
nevertheless, due to the high variability observed among them, rigorous and continuous
uroradiologist supervision remains essential for annotations performed by medical students.
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CLD: The statistical analysis of the prostatic urethral midline (Dunn’s post hoc test) revealed
significant discrepancies. Radiologists vs. Urologists: A significant difference was observed
between the midlines defined by radiologists and urologists (z=-2.833; p=0,005;
proim = 0,039), proving that clinical background (radiological signal intensity vs. surgical
anatomy) substantially influences urethral localisation. Uroradiologists vs. Residents: No
significant difference was found (proim = 0,793), suggesting that diagnostic skills acquired early
in residency are sufficient for expert-level CLD contouring. Systematic Deviations: The largest
systematic differences occurred between expert groups and the majority of students. The significant
gap between urologists and a subset of students (z =—4.263; p < 0,001) further emphasizes that
urethral localization follows two distinct “interpretive schools” even among experienced observers.

DISCUSSION

Our study demonstrated that inter-observer variability in the manual segmentation of the
prostate and urethra can be maintained at a low level, regardless of experience, by
implementing a standardized protocol, Table 1. The significant 3,3-3,7 mm discrepancy in
urethral CLD between uroradiologists and urologists highlights a fundamental divergence in
anatomical interpretation rather than a simple error. While uroradiologists adhere to the
low-signal-intensity tubular structure visible on T2-weighted images, urologists may
subconsciously bias their contours based on the expected functional position and surgical
experience of the prostatic bed. For Al development, this suggests that training sets must be

Table 1. Interobserver variability and clinical significance of prostate and urethral segmentation
across different levels of expertise (NS — non-significant, proim indicates p-values adjusted
using the Holm-Bonferroni method to account for multiple comparisons, z represents the test
statistic from Dunn’s post-hoc analysis, Rad — Board-certified uroradiologists (with more than
3 years post-graduate experience), Urol — Urology residents, Res — Radiology residents, and Stud
— Medical students).

Parameter Statistical Result | Clinical/Practical Explanation and Conclusion
(Dunn’s Post Hoc) Significance P
DSC Rad-Urol High volumetric | Specialists (radiologists/urologists) consistently
p = 0,629 (NS) agreement judge the overall extent of the prostate.
. . The two specialties localize the urethral axis
CLD Rid(_)[{)r; 91* P}rlzfsrsrigggilblas differently (3,3-3,7 mm deviation), but this
p=5 p remains within radiotherapy margins.
Surface Rad-Res Expert-level Residents are capable of specialist-level
Dice ~ 0,949 (NS) relz:ision contouring within 1 mm accuracy, making
(1 mm) p=9 p them suitable for generating Al training data.
Stud-Res Validity of Students (non-experts) are able to identify the
DSC > 0,05 (NS) “Crowc}ilsourcin » | main anatomical area, allowing their
P~ & | involvement in high-data-demand research.
Surface . Although students identify volume well, they
Dice Rad-Stud 1-2 Contouring handle 1 mm boundaries (e.g., apex) with
p <0,001*** uncertainty . ¢8> ap .
(1 mm) ’ uncertainty; expert supervision is required.
Surface Following focused training, certain student
Dice Rad-Stud 2-3 Learning curve | subgroups are capable of expert-level
(3 mm) (Protm = 1,000) and affinity segmentation even in the case of structures
with low visibility (e.g., the urethra).

*significant at the level p < 0,05 (Holm-corrected p-values)
***significant at the level p < 0,001 (Holm-corrected p-values)
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labelled with the specific clinical intent (e.g., surgical planning versus radiotherapeutic sparing)
to avoid confusing the neural network with conflicting “expert truths”.

Furthermore, our results regarding the “top-tier” student group (Student 2-3) are highly
encouraging for crowdsourcing efforts. The finding that their 3 mm Surface Dice scores
reached statistical equivalence with the expert group suggests that high-level anatomical
affinity and focused training can compensate for the lack of clinical years. This holds true
provided the required precision is defined by clinical margins — such as those used in
radiotherapy planning — rather than absolute geometric identity. However, the high variability
in other student groups emphasizes that Al databases cannot rely on unvetted student work; a
multi-tier validation system is required where students provide the initial pre-segmentation,
which is then refined by residents and finally approved by consultants.

Particular attention was paid to the discrepancies between radiologist and urologists. Although
the two specialties approach the target volume with different anatomical perspectives —
radiologists focusing on signal intensity variations and urologists on surgical planes — the DSC
and Surface Dice (1 mm) measurements showed no statistically significant differences between
the two groups (p = 0,629 and p = 0,330, respectively). This indicates that T2-weighted MRI
images provide an objective basis for multidisciplinary collaboration, and boundary delineation
remains consistent at the expert level. The significant difference measured in the determination
of the urethral midline (CLD, p = 0,039) confirms the presence of specialty-specific bias.
Nevertheless, this average deviation of 3,3-3,7 mm remain clinically manageable, as the safety
margins typically applied in radiotherapy fall within this range [13].

CROWDSOURCING AND THE INVOLVEMENT OF NON-EXPERTS IN ARTIFICIAL
INTELLIGENCE DEVELOPMENT

A key finding of our study is that there was no statistically significant difference in DSC scores
between medical students and radiology residents during the volumetric segmentation of the
prostate gland. This aligns with international literature advocating for crowdsourcing or the
involvement of trained non-experts in building large-scale datasets for AI [11]. However, the
Surface Dice (1 mm tolerance) analysis revealed that most students significantly trailed expert
precision (p < 0,001). This suggests that while non-experts identify the primary organ mass
effectively, precise delineation of fine contour boundaries still requires clinical experience.
Interestingly, although some students approached the expert gold standard, their intra-group
agreement was lower than that of the experts. This variability reflects differences in individual
segmentation styles among novice observers; however, when combined, these annotations may
still produce accurate anatomical boundaries [14].

THE ROLE OF SOFTWARE AND URETHRAL SEGMENTATION

The lack of clinical experience was effectively mitigated by the intuitive interface and high-
resolution visualization capabilities of the 3D Slicer software environment, which facilitated
the practical application of theoretical anatomical knowledge. The focused task-performance
of the students — in contrast to the complex diagnostic load of uroradiologists — may have
enhanced manual precision along well-defined anatomical boundaries. The segmentation of the
urethra is particularly critical, as this structure is often difficult to distinguish on MRI. Despite
the statistical uncertainty among students compared to experts at high-precision levels, their
measured error margin remained within the 3 millimetre clinical tolerance. This indicates that
this portion of our database is suitable for training CNN, as automated segmentation can
subsequently eliminate the individual subjectivity experienced during manual contouring [15],
Tables 2-4.
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LIMITATIONS OF THE STUDY

When interpreting the results of our study, several limiting factors should be considered:
Reliance on a Single Sequence: The research relied exclusively on T2-weighted axial MR
images. Although this is the primary sequence for segmentation in clinical practice, the absence
of other multiparametric MRI (mpMRI) components (e.g., DWI, ADC maps) may have limited
the precise delineation of tumour infiltration, potentially influencing contouring decisions.
Software Specificity: Segmentation was performed solely within the 3D Slicer environment.
While the software provides high-resolution visualization, results — particularly the Surface
Dice, which reflects manual precision — may differ when using other commercial oncological
dose-planning or radiological diagnostic software. Sample Size and Training: Although some
individuals among the students demonstrated expert-level performance, the relatively small
sample size of the student groups and the brevity of the standardized training provided do not
allow for a steady-depth analysis of the individual learning curve. The “Ground Truth”
Challenge: As in all studies investigating inter-observer variability, defining an absolute “gold
standard” remains challenging. Although consultant radiologists’ contours were used as the
reference, the significant difference between specialties (in the case of CLD) highlights that
the definition of “perfect” segmentation may remain clinically subjective.

Table 2. Proposed roles and validation requirements in Al database development based on user
proficiency.

Recommended Role in Al Validation
User Level Task Type Development Requirement
Uroradiologist/ Complex cases, Establishing the Ground Truth B
Urologist Urethral CLD (Gold Standard)

. . Full-scale Independent Annotator Random spot-
Radiology Resident segmentation (Expert Level) checks
Medical Student (Top | Volumetric DSC, | Mass data generation Continuous
tier - e.g., Student 2-3) | 3mm Surface (Crowdsourcing) monitoring
Medl.cal Student Pre-segmentation | Sketching initial contours Ful.l expert
(Novice) review

Table 3. Synthesis of participant competencies and technical error sources for training prostate

MRI-based algorithms.

Ana.tomlcal Typical Error Most Likely Cause Recomn.lended
Region Type Correction
Under- or over- | Blurred boundaries; transition 3D visualization and
Prostate Apex . . . .
segmentation toward the pelvic musculature coronal plane verification
Urethra (CLD) Mldhne Dlvergepce in pr-ofesswnal. _ Centroid-based _
displacement perspective (surgical vs. radiological)| automated correction
Prostatic Capsule | Deviation Manual tremor; low level of Software-based
Margin exceeding 1 mm | experience smoothing algorithms
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Table 4. Detailed post-hoc results of all inter-group comparisons. The table presents the results
of the Dunn’s post-hoc test, including z-scores and Holm-corrected p-values (puom indicates
p-values adjusted using the Holm-Bonferroni method to account for multiple comparisons,
z represents the test statistic from Dunn’s post-hoc analysis, Rad — Board-certified uroradiologists
(>3 years post-graduate experience), Urol — Urology residents, Res — Radiology residents, and

Stud — Medical students).

Comparison | DSC Surface Dice Surface Dice Urethral Midline
(1 mm tolerance) | (3 mm tolerance) | (CLD)

Z | Phoim Z | Phoim Z | Phoim Z | Phoim
Rad-Res 0,197 | 1,000 0,064 | 1,000 0,543 | 1,000 -1,097 10,793
Rad-Urol 0,483 | 1,000 -1,839 0,330 0,322 | 1,000 -2,833 | 0,039*
Rad-Stud 2-3 |-1,867]0,371 -2,336 0,137 —-1,008 | 1,000 1,430 0,611
Urol-Res -0,679 | 1,000 -1,77510,330 -0,221 11,000 -1,73710,412
Urol-Stud 2-3 | 1,385 0,831 0,497 1,000 1,329 1,000 —4,263 | < 0,001***
Res-Stud 2-3 | -2,064 | 0,273 -2,2720,139 -1,5510,847 2,52710,081
Rad-Stud 1-2 | 4,169 | < 0,001*** | 3,623 | 0,002** 4,639 | <0,001%** | 4,750 | < 0,001***
Rad-Stud 3-1 | 5,416 | <0,001*** | 5,166 | < 0,001*** | 5,694 | <0,001*** | -3,950 | < 0,001***

*significant at the level p < 0,05 (Holm-corrected p-values)
**significant at the level p < 0,01 (Holm-corrected p-values)
***gignificant at the level p < 0,001 (Holm-corrected p-values)

CONCLUSION

Our study confirms that professional background and experience levels significantly influence
the precision of prostate and urethral segmentation, yet these variations remain within clinically
acceptable limits when standardized protocols are applied. The identified 3,3-3,7 mm
specialty-specific bias between radiologists and urologists in urethral localization highlights
the necessity for multi-disciplinary consensus in defining “ground truth” for Al training.

Furthermore, we demonstrated that trained medical students could achieve expert-level
volumetric segmentation accuracy within a 3 mm clinical tolerance threshold. This validates
the feasibility of crowdsourcing as a reliable strategy for large-scale Al database construction,
provided that rigorous quality control and multi-tier validation by residents and consultants are
maintained. Our findings suggest that while high-precision boundary delineation still requires
clinical expertise, the involvement of motivated non-experts offers a scalable solution to the
data bottleneck in medical Al development.
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