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Abstract. We analyze the 3D shape of female pelvic organs in two pub-
lic MRI datasets, using only the segmentation masks, so the remaining
signal is purely morphological. Our central finding is a multi-site la-
bel trap. On UT-EndoMRI (124 patients from two sites), ovarian and
uterine shape predicts whether an endometrioma annotation is present
within one site (D2, 15% positive, ROC-AUC 0.826 + 0.073). However,
the prevalence of this annotation differs sharply between sites (78% vs.
15%), so pooled cross-validation is misleading (AUC 0.638), and a model
trained at one site fails at the other (AUC 0.274, n=73). Two further re-
sults support this caution. First, on UMD (300 women), uterine-corpus
shape carries a weak age signal (R?=0.14, MAE 8.9 years) that stems
from organ size rather than scale-free shape, while fibroid shape does not
predict age at all (R*=—0.31). Second, scale-free shape descriptors vary
less across raters (annotators) than size descriptors (mean coefficient of
variation, uterus 0.117 vs. 0.142; ovary 0.147 vs. 0.228). We recommend
that shape-based studies in women’s health imaging report label preva-
lence per site, evaluate cross-site transfer alongside pooled metrics, and
quantify the rater robustness of their descriptors. Code is publicly avail-
able.

Keywords: Women’s health - Pelvic MRI - Statistical shape analysis -
Uterus - Endometriosis - Multi-site confounding - Inter-rater reliability.
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1 Introduction

Pelvic MRI is the main imaging modality for characterizing uterine fibroids,
mapping endometriosis, and planning gynecologic surgery [2]. The organs it de-
picts are usually assessed visually or through simple size measurements; their
3D shape is rarely analyzed as a quantitative phenotype of its own. We ask
three questions using two public datasets that ship 3D segmentations. First,
does uterine morphology encode age, and does the signal come from the uterus
itself or from its fibroids? Second, can ovarian and uterine shape predict which
patients carry an endometrioma annotation, and does such a model survive a
change of site? Third, because every shape phenotype rests on a segmentation,
how reproducible are shape descriptors across human raters (annotators)?

Along the way we surface a pitfall that is easy to miss and damaging to re-
producibility: a clinically plausible label that is confounded with site, producing
pooled performance that does not transfer. Multi-site confounding is well docu-
mented in deep-learning radiology [6,14,18], but shape-based studies often skip
the check because shapes feel “objective” once the vendor-specific intensity tex-
ture is discarded. We show that it bites just as hard when the labeling practice,
rather than the image appearance, differs across sites.

This is a women’s-health application of an intensity-free shape pipeline (seg-
mentation — surface point cloud — shape descriptors): image intensity is dis-
carded after segmentation, so the remaining signal is purely morphological. The
methods are deliberately standard; the contribution is empirical.

2 Related Work

Statistical shape models (SSMs) underpin medical morphometry [7,3,10]; point-
cloud encoders analyze anatomical shape [13,16]. Shape encodes demographics
in pelvis, brain, and mandible [4,5,8]. Medical AT models can encode site in-
formation and exhibit performance differences across groups and sites [18,6,14],
motivating careful multi-site evaluation and reliability reporting, both of which
are central here.

Most shape-based demographic studies focus on a single organ (e.g., brain [5],
mandible [8], cardiac chambers [1,11]), and they do not always make explicit
whether the reported signal stems from organ size or from scale-free shape.

Female reproductive organs have received little attention from the correspondence-
free shape-analysis community, despite the clinical relevance of uterine and ovar-
ian morphology. We address this gap.

3 Materials and Methods

3.1 Datasets

UMD [12] provides T2-weighted uterine MRI with multi-label segmentations
(uterine wall, cavity, fibroid, cysts) for 300 women; age (21-86 years, mean 49,
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standard deviation 13.0) is read from the DICOM PatientAge tag. The median
voxel spacing is 0.5 x 0.5 x 6.1 mm. We define the uterine corpus by merging the
uterine wall and cavity labels (segmentation labels {1,2}) into a single mask;
fibroids (label {3}) are kept separate. Not every subject was segmented: a usable
uterine-corpus mask exists for 266 of the 300 subjects and a fibroid mask for 264.
UT-EndoMRI [9] provides multi-sequence pelvic MRI for 124 endometrio-
sis patients from two institutions (D1, n=>51; D2, n=73), with segmentations
of the uterus, ovaries, and, where annotated, endometriomas; the median voxel
spacing is 0.7 X 0.7 x 6.0 mm. Three independent raters segmented the D1 cases.
Where several raters segmented the same organ, the prediction experiments use
one fixed annotation per subject, from the highest rater index (r3 before r2 be-
fore rl), so the choice is deterministic; the rater comparison in Sec. 4.3 uses all
of them. We define the endometrioma label as the presence of an endometrioma
segmentation file for a subject. This label reflects annotation availability, not
surgically confirmed pathology, and we phrase all results accordingly. Its preva-
lence differs sharply between sites: 78% at D1 (40 of 51, leaving 11 negatives)
versus 15% at D2 (11 of 73). Again, not every organ was segmented: a usable
uterus mask exists for 111 of the 124 subjects and an ovary mask for 101.

3.2 Shape Extraction Pipeline

For each structure, we load the NIfTT segmentation mask, apply marching cubes
in physical (mm) coordinates to obtain a watertight triangular mesh, and uni-
formly sample a fixed-size surface point cloud of N=2,048 points. Working
in physical coordinates absorbs voxel-spacing differences between subjects and
sites. Masks with fewer than 50 (UMD) or 30 (UT-EndoMRI) voxels are also
treated as absent, and missing organs enter the models as missing values; see per-
organ counts in Sec. 3.1. No subject was excluded for touching the field-of-view
boundary, as in pelvic MRI the organ of interest is the scan target.

3.3 Shape Descriptors: Size vs. Shape

From each point cloud we compute correspondence-free descriptors (no point-
to-point matching between subjects is required) separated into two families:

— Size: centroid size (the square root of the summed squared distances to
the centroid), volume (mm?), surface area (mm?), axis-aligned bounding-
box extents sorted from largest to smallest (x > y > z), and bounding-box
diagonal.

— Shape (scale-free): covariance-eigenvalue elongation (A2/\1, A3/A1), flat-
ness, anisotropy, sphericity, aspect ratios (y/x, z/x), and normalized surface-
area-to-volume ratio.

Put simply, size descriptors grow with the organ, while shape descriptors cap-
ture its form regardless of how large it is: points are centroid-subtracted and
normalized to unit centroid size before computing shape descriptors, so these
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are invariant to translation and isotropic scaling. The bounding box is axis-
aligned in patient coordinates, not fitted to the organ, so its extents mix organ
size with organ orientation; for an organ as variably oriented as the uterus, this
adds noise, which the inter-rater analysis in Sec. 4.3 partly captures.

3.4 Prediction Models

Gradient-boosted trees (XGBoost; 300 trees for classification and 400 for regres-
sion, maximum depth 4, learning rate 0.05, row and column subsampling 0.8)
predict age and endometrioma annotation from the descriptors of Sec. 3.3. Age
regression reports the mean absolute error (MAE) and the coefficient of determi-
nation (R?); classification reports the area under the receiver operating charac-
teristic curve (ROC-AUC), the area under the precision-recall curve (PR-AUC,
whose random-ranker baseline equals the prevalence), and balanced accuracy
(the mean of sensitivity and specificity). All experiments use subject-level 5-fold
cross-validation, stratified for classification, with per-fold class rebalancing via
inverse-prevalence weighting; we report mean + standard deviation across folds
and, for the key classification results, bootstrap 95% confidence intervals over
pooled out-of-fold predictions (2,000 resamples). For the endometrioma task only
uterus and ovary descriptors enter the model; the endometrioma segmentations
define the label and are never used as features, so the label cannot leak into the
input. The size-vs-shape decomposition runs three models: size features only,
shape features only, and both combined. What follows says what these descrip-
tors and this model can detect, not what pelvic shape contains; a negative result
means no signal was found, not that none exists.

Multi-site evaluation. For UT-EndoMRI, we run (i) pooled 5-fold CV, (ii)
within-site CV at each site separately, and (iil) cross-site transfer (train on DI,
test on D2). Both within-site evaluations rest on roughly a dozen minority-class
subjects (11 annotation-negative cases at D1, 11 annotation-positive cases at
D2), so we treat both with caution and attach confidence intervals rather than
relying on fold-level spread alone.

3.5 Inter-Rater Robustness

Shape descriptors inherit variability from the segmentations they are computed
on. For D1 subjects segmented by > 2 raters we therefore compute each descrip-
tor once per rater and summarize the disagreement as the coefficient of variation
(CoV) across raters: the standard deviation divided by the absolute mean. A
lower CoV means the descriptor changes less when a different rater segments
the same organ; this measures the stability of the descriptors, not agreement
between readers on a diagnosis. We report the CoV averaged within the size and
shape families and, because family averages can hide descriptor-level differences,
also per descriptor. The uterus has 25 multi-rater subjects and the ovary 18.
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Table 1. Age from uterine morphology (UMD, 300 women, 5-fold CV). Size dominates;
fibroids carry no age signal. Right: age MAE by feature regime; the dashed line marks
the cohort-mean baseline (10.2 yr).

Age from uterine morphology

Features Age MAE (yr) Age R? =
Size only 9.0+£0.5 0.08£0.09 =
Shape only 10.64+0.7 -0.10+0.11 g
Size + shape 9.14+0.8 0.09+£0.13 §
Uterine corpus shape 8.94+0.5 0.1440.09 %
Fibroid shape 11.54+0.7 -0.314+0.10 >
Size Shape Full
4 Results

4.1 Uterine Corpus Shape Encodes Age Weakly, and It Is Not the
Fibroids

Uterine-corpus shape predicts age with MAE 8.9 years and R? = 0.14 (Table 1).
To put these numbers in context: always predicting the cohort mean age gives
MAE 10.2 years, so the model removes about 13% of the baseline error and
explains 14% of the age variance, with substantial fold-to-fold spread (Table 1).
The association is real but weak: a covariate to control for, not a usable age
predictor.

Two controls matter. First, the signal is size-dominated: size features alone
reach MAE 9.0 years (R? = 0.08), while scale-free shape alone performs worse
than the cohort-mean baseline (R? = —0.10). Adding shape to size does not
improve prediction (R? = 0.09 versus 0.08; the difference lies within fold-level
standard deviations), so the age—uterus relationship is primarily volumetric. Sec-
ond, fibroid shape also performs worse than the baseline (R? = —0.31), so the
weak age signal resides in the uterine corpus, not in the myomas. This is con-
sistent with uterine involution: the corpus shrinks after menopause, a process
distinct from fibroid growth.

4.2 Shape Predicts the Endometrioma Annotation Within One
Site, but the Label Is a Site Trap

Within site D2 (15% annotation-positive), ovarian and uterine shape predicts the
endometrioma annotation well (ROC-AUC 0.826 + 0.073 across folds; Table 2).
The uncertainty analysis supports this: the bootstrap 95% CI spans 0.67-0.94, a
permutation test makes a lucky ranking unlikely (p = 0.004), and the PR-AUC
of 0.569 sits well above the random-ranker baseline of 0.15 (balanced accuracy
0.74 £ 0.12). The trap is that this within-site result does not survive pooling or
transfer. The annotation prevalence is 78% at D1 versus 15% at D2, so a pooled
classifier conflates site with pathology (AUC 0.638) and a model trained on D1 is
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Table 2. Endometrioma-annotation prediction from pelvic-organ shape (UT-
EndoMRI). Prevalence: D1 78%, D2 15%.

Setting n ROC-AUC PR-AUC Bal. acc.

Pooled (5-fold CV) 124 0.638 +£0.036 0.556 0.5540.02
Within site D2 (15% pos.) 73 0.826+0.073 0.569 0.74+0.12
Within site D1 (78% pos.) 51 0.458 £0.211 0.805 0.49+0.07
Cross-site D1—D2 73 0.274 0.112 0.38

uninformative on D2 (AUC 0.274, n=73); its transfer CI (0.14-0.43) lies entirely
below 0.5: the D1 model ranks D2 patients in the wrong direction, consistent
with having learned the annotation protocol rather than the pathology.

The within-site evaluation at D1 gives AUC 0.458 £0.211 (bootstrap 95% CI
0.29-0.67). Its PR-AUC of 0.805 in Table 2 looks high only in isolation: it barely
exceeds D1’s own prevalence baseline of 0.78, whereas D2’s 0.569 stands well
above its baseline of 0.15. This does not refute the shape signal; it fails to test it.
With 78% positive cases, D1 contributes only 11 annotation-negative subjects,
the mirror image of D2’s 11 positives, so both within-site estimates rest on
roughly a dozen minority-class cases and their intervals are wide. The difference
is that D2’s interval lies entirely above 0.5, the AUC of random ranking, while
D1’s straddles it. The lesson: pooled cross-validation hides a site-confounded
label; per-site prevalence and cross-site transfer expose it.

4.3 Inter-Rater Shape Robustness

Because shape phenotypes inherit segmentation variability, we quantify this vari-
ability using the three D1 raters (Table 3); the CoV expresses the across-rater
spread as a fraction of the descriptor’s value. Averaged within families, scale-free
shape descriptors vary less across raters than size descriptors for both organs
(mean CoV, uterus 0.117 versus 0.142; ovary 0.147 versus 0.228). The medians
are lower than the means, so a few subjects with strong rater disagreement in-
flate the family averages; for the uterus the ordering even reverses at the median
(shape 0.088 versus size 0.074). The advantage of the shape family therefore
comes from avoiding the occasional extreme disagreement that hits volume and
surface area, not from being uniformly more stable. At the descriptor level the
families overlap: centroid size is the single most rater-stable descriptor for the
uterus (median CoV 0.055), while surface area and the A3/A; elongation vary
most (0.147 and 0.141). The uterus is more robust than the ovary, consistent with
ovaries being small and often deformed in endometriosis. No clinically meaningful
CoV threshold has been established, so these values rank descriptors rather than
certify them and motivate ICC and Bland—Altman analyses in future work. The
practical implication is a trade-off: pipelines deployed across institutions should
prefer descriptors with demonstrated rater stability, but the age signal in Sec. 4.1
is size-dominated, while volume and surface area are among the least rater-stable
descriptors.
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Table 3. Inter-rater coefficient of variation of descriptors (D1, > 2 raters). On family
averages, shape varies less across raters than size.

Organ Feature family subjects Mean CoV Median CoV

Ovary shape 18 0.147 0.085
Ovary size 18 0.228 0.112
Uterus shape 25  0.117 0.088
Uterus size 25 0.142 0.074

5 Discussion

Size-dominated, uterine age signal. Uterine morphology carries a weak age
signal that is genuinely uterine (fibroid shape does not predict age), but the
signal is mostly size-driven, so “shape-based” pelvic biomarkers should always be
reported with a size control. The size dominance is unsurprising: uterine volume
changes substantially across the reproductive lifespan, while the shape of the
corpus is comparatively stable. Studies that report shape-based age biomarkers
without separating size from shape may overstate the signal’s geometric content.

The multi-site label trap. The endometrioma result is the paper’s main
caution. Shape predicts whether an endometrioma was annotated within one
site (AUC 0.826 at D2), but the label follows each site’s annotation habits,
so pooled numbers flatter the model and do not transfer. Models are known to
inherit such human labeling bias [14,18]. Multi-site women’s health shape studies
should report label prevalence per site and cross-site transfer, not only pooled
cross-validation.

This trap generalizes beyond endometriosis and beyond shape: any multi-site
dataset where annotation completeness correlates with the label of interest could
produce misleading pooled metrics. D1 produced an endometrioma segmentation
for 78% of its patients and D2 for 15%; the model cannot distinguish “this patient
has an endometrioma” from “this patient comes from the site that segments them
more often.”

Within a consistent annotation protocol, the same within-site model could
assist labeling or triage. Our descriptors do not yet support reliable cross-site
pseudolabeling, but as cohorts grow, within-site models may become practical
tools for generating annotations where clinical labels are absent, the application
that originally motivated this study.

Privacy. By analogy with prior work on the brain [15], pelvic organ shape
may carry patient-specific information. Re-identification in the strict sense re-
quires an attack scenario: an adversary holding a reference shape of a known
patient to link records against. We test no such attack, and our descriptors carry
limited discriminative signal; the more plausible risk is unintended attribute ex-
traction (e.g., an age range) from shared segmentations. Data curators releasing
dense point clouds or organ meshes should weigh both risks.

Limitations. Cohorts are modest (300 for UMD, 124 for UT-EndoMRI).
The within-site D2 result rests on 11 annotation-positive cases, so its bootstrap
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95% CI is wide (0.67-0.94) and 0.826 should be read as indicative rather than
precise. The endometrioma label reflects annotation availability, not confirmed
surgical pathology. The age analysis comes from a uterine-myoma cohort: fibroid
burden, menopausal status, parity, hormonal status, and the clinical indication
for imaging may all confound the age signal, none are released with the dataset,
and the cohort need not represent the general population. The inter-rater anal-
ysis covers only 25/18 D1 subjects (uterus/ovary), and rater variability at D2 is
unknown, so we cannot confirm that the robustness pattern holds across sites; fu-
ture pelvic MRI datasets should include multi-rater segmentations. The analyses
are exploratory and motivate confirmatory work. A site-prediction experiment
(classifying site from shape alone) would quantify how much site information the
descriptors encode; we leave it to future work.

The study is MRI-based by necessity: female reproductive organs are not
covered by widely used public CT segmentation tools such as TotalSegmenta-
tor [17], and the available gynecologic CT cohorts are small and heterogeneous.
Extending shape phenotyping of these structures to CT is future work.

Correspondence-based SSMs and deep point-cloud encoders (PointNet [13],
DGCNN [16]) remain future work; the correspondence-free descriptors are in-
terpretable and robust but may miss subtle non-linear shape variation. A richer
representation would not dissolve the label trap: more capacity makes site easier
to encode.

6 Conclusion

Applying an intensity-free shape pipeline to female pelvic organs, we find a weak,
size-dominated age signal that resides in the uterine corpus rather than the
fibroids; we show that shape predicts the endometrioma annotation within one
site while pooled and cross-site evaluations mislead; and we show that scale-free
descriptors resist rater disagreement better than size ones. The label trap is the
broadest contribution: it threatens any study in which annotation completeness
varies across sites, whether or not shape is involved.

Code and Data Availability. The full pipeline is publicly available at https:
//github.com/TI0-IKIM/shape-demographics-capi and reproduces every num-
ber in this paper from a single entry point. Both datasets are publicly released
and de-identified by their original providers; no new patient data were collected.
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