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Abstract. How much does the bare shape of internal organs reveal
about a person once all image intensity is removed? Using the public
TotalSegmentator CT and MRI datasets (1228 whole-body CTs), we con-
vert the provided segmentations of 16 anatomical structures into surface
point clouds and study, in one controlled setting, demographic prediction,
per-organ attribution, size versus scale-free shape, shape versus intensity-
based features, cross-site and cross-modality generalization, and privacy.
Within this single cohort, shape alone predicts sex at AUC 0.866 (boot-
strap 95% CI 0.846�0.886) and age within 9.3 years; the hip bones are
the strongest sex cue (AUC 0.940). Shape outperforms a Houns�eld in-
tensity baseline for sex (0.868 vs 0.729), so against this baseline the sex
signal is primarily geometric rather than a density artifact. This sig-
nal persists under leave-one-institution-out evaluation (AUC 0.827) and
replicates on MRI (AUC 0.762); a classi�er trained on CT shapes trans-
fers to MRI without retraining (AUC 0.708). Much of the sex signal
is organ size, yet scale-free shape alone still reaches AUC 0.791. The



2 G. Luijten et al.

same signal has a constructive side: as a calibrated auto-labeling tool it
sexes the most con�dent half of subjects at 94% accuracy. It also car-
ries privacy risk. A single organ's quantized shape signature makes 93%
of subjects unique within the cohort, rising with more organs; this dis-
tinctiveness also depends on how �nely the descriptors are binned (18%
unique at 3 bins, 99% at 20). We report these as upper bounds on link-
ability, not re-identi�cation rates. Even so, �de-identi�ed� organ meshes
remain highly distinctive and disclose demographics. We release the full
pipeline at https://github.com/TIO-IKIM/shape-mi-demographics.

Keywords: Statistical shape analysis · Point clouds · Demographic pre-
diction · Privacy · Linkability · Computational anatomy.

1 Introduction

Anatomical shape is a rich, intensity-independent descriptor of the human body
and the central object of computational anatomy. Tools such as TotalSegmen-
tator [28] produce organ segmentations at scale, and meshes and point clouds
derived from such tools are increasingly shared as �de-identi�ed� surrogates for
the raw images [15]. This practice raises a basic question that has not been
studied systematically across organs: how much about a person is recoverable
from organ shape alone? Shape-based biomarkers are useful in the clinic and
in forensics. If shape also encodes demographics and identity, shared shapes are
less anonymous than they appear.

Individual threads of this question are well studied. Forensic anthropology
estimates sex and age from skeletal shape, and brain imaging predicts age [6].
Deep networks recover self-reported race from raw medical images [8], a �nding
that triggered debate about what such models learn. What is missing is a con-
trolled, multi-organ, shape-only study: one pipeline and one dataset in which we
measure per-organ signal, separate size from shape, test cross-site robustness,
and quantify privacy risk. We provide exactly that.

Our contributions are:

1. A reproducible pipeline that turns TotalSegmentator segmentations into sur-
face point clouds with �eld-of-view truncation control, and predicts sex and
age from shape alone across 16 organs.

2. A per-organ attribution of demographic signal that rediscovers the well-
known sexual dimorphism of the pelvis without anatomical priors, and ex-
tends the ranking to soft organs.

3. A decomposition into size features and scale-free shape features.
4. Cross-site and cross-modality generalization: leave-one-institution-out, and

replication/transfer to MRI with the identical pipeline.
5. A privacy analysis showing that quantized (binned) organ shape is a near-

unique within-cohort signature, plus an auto-labeling use of the same signal.

We restrict prediction targets to sex and age, which are biologically grounded.
We treat race and ethnicity as an ethical concern only, not as a prediction target.

https://github.com/TIO-IKIM/shape-mi-demographics
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2 Related Work

Shape models in medical imaging: Statistical shape models (SSMs) have
long underpinned segmentation and morphometry [12]. Geometric deep learning
networks such as PointNet [20], PointNet++ [21], and DGCNN [27] provide
permutation-invariant encoders (their output is unchanged by reordering of the
points) that operate directly on point clouds, without point correspondence.

Shape as a demographic biomarker: Brain imaging underpins �brain-
age� models that estimate the biological age of the brain and predict health
outcomes [6,7], and cardiac shape shows pronounced sexual dimorphism [18].
Forensic anthropology and geometric morphometrics estimate sex and age from
skeletal shape [5,17], and mandibular shape models capture age and sex in a
growing cohort [14]. Abdominal organ shapes predict diabetes status in popu-
lation imaging [9], and point-cloud networks predict age and disease from the
shapes of brain structures [10]. Organ geometry thus carries clinically relevant
signal beyond demographics. The size-versus-shape question itself has a long his-
tory in geometric morphometrics, where allometry (size-driven shape change) is
treated as a distinct e�ect to be modeled or removed [17]; our size-versus-shape
decomposition follows that tradition. These works are, however, typically single-
organ studies that neither isolate shape from size nor test cross-site transfer.

Identity and demographics in medical AI: Deep models recover self-
reported race from images [8] and exhibit demographic performance bias [23].
Anonymized brain MRIs can be re-identi�ed by face recognition on rendered sur-
faces [22], and chest radiographs are likewise biometric [19]. BrainPrint showed
that brain morphology alone identi�es individuals across repeated MRI scans
and additionally predicts age and sex [26]. Similarly, salient keypoint signatures
from brain MRI are individual-speci�c and shared among close relatives [3]. The
linkage risk we quantify is the re-identi�cation concern that k-anonymity for-
malizes for tabular data [24]: a subject is at risk when their combination of
attributes, here binned shape descriptors, is unique in the dataset. We extend
this line of work from rendered faces, chest radiographs, and brain morphology
to internal organ shapes obtained by automatic whole-body segmentation [28,13]
on a public dataset.

3 Materials and Methods

3.1 Dataset and labels

We use the public TotalSegmentator v2 dataset [28]: 1228 CT studies with seg-
mentations of 117 structures and metadata covering age (16�99 years, mean 63),
sex (716 male, 510 female; missing for two), source institution, and acquisition
parameters. We select 16 organs with adequate �eld-of-view coverage (Sec. 3.2),
spanning soft viscera, vasculature, and skeleton. After excluding subjects with
no fully captured organ or with missing sex (54 of 1228), 1174 subjects enter
the main analyses. For the cross-modality test (Sec. 4.6), we additionally use the
TotalSegmentator-MRI release (240 MRI scans with usable shapes, of which 196
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carry sex and age labels and form the MRI evaluation sets in Table 5), which
shares the same layout and metadata as the CT set. We run the identical pipeline
on both modalities, placing CT and MRI descriptors in a single feature space.
Fig. 1 summarizes the pipeline.

3.2 Shape extraction and truncation control

For each organ mask we apply marching cubes [16] in the image's physical right-
anterior-superior (RAS) coordinate frame, the patient-based anatomical axes.
This yields an anatomically oriented, millimeter-scaled surface. From this sur-
face we sample 2048 points uniformly by area, giving one surface point cloud
per organ (Fig. 1c). No rotation normalization is applied: surfaces stay in this
anatomical frame. This is safe for most of the descriptors below, because they
are rotation invariant by construction and give the same value no matter how
the organ is oriented in the scanner. The exceptions are the bounding-box fea-
tures, which occur in both families: the extents and the diagonal among the
size features, and the two aspect ratios among the scale-free shape features. The
bounding box is axis-aligned in the anatomical frame, so its features change when
the patient lies di�erently in the scanner. Patient positioning in CT is similar
but not identical across subjects. The small orientation di�erences that remain
add subject-to-subject variability to the bounding-box features; we accept this
as measurement noise rather than correcting for it. CT �elds of view vary widely,
so many organs are clipped at the volume boundary. For each organ, we count
the mask voxels that lie on the outer boundary of the image volume. Organ
instances with more than 20 such voxels are discarded as truncated, since their
shape is anatomically incomplete (Fig. 1b). The tolerance of 20 voxels absorbs
boundary-touching label noise and was �xed a priori, not tuned. Only organs
fully captured within the image volume are included in the analysis. Per-organ
sample sizes range from 427 (aorta) to 669 (heart) subjects. The full numbers
per organ are listed in Table 1. Discarding truncated organs could bias each
per-organ subset, e.g., if truncation were more common in one sex or age group.
We checked this: each organ's valid subset matches the full cohort within ∼2 yr
in mean age and within ∼5 percentage points in female fraction, so the exclusion
acts approximately like random dropout with respect to sex and age. The shape
representation is also compact: the point clouds for the whole cohort occupy
less than 0.5GB, versus tens of gigabytes of raw CT, so the full analysis can be
stored and re-run cheaply.

3.3 Hand-crafted descriptors: size versus scale-free shape

From each point cloud we compute descriptors in two families (Fig. 1d). All
descriptors are correspondence-free: each is computed from one subject's cloud
alone, with no point-to-point matching across subjects. The size family has 7
features: centroid size, volume, surface area, the three bounding-box extents,
and the box diagonal. Centroid size is the square root of the summed squared
distances of the surface points from their centroid, a standard scale measure
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in morphometrics. The scale-free family has 8 features. Four come from the
covariance eigenvalues (two elongation ratios, �atness, and anisotropy), two are
bounding-box aspect ratios (ratios of the box edge lengths), and the remaining
two are sphericity and the normalized surface-to-volume ratio. All eight are
computed on the cloud rescaled to unit centroid size, so overall scale is removed
and only form remains. The eigenvalue descriptors summarize how the cloud
spreads along its three principal axes, e.g., how rod-like or plate-like an organ is.
Exact formulas are in the released code (see Code and data availability). This
split yields three feature regimes (size-only, shape-only, and both combined) and
asks how much demographic signal survives after scale is removed. In addition,
one binary visibility indicator per organ records whether that organ was fully
captured in the scan or truncated. The indicators are not features: they are
excluded from all descriptor models and serve only to select the per-organ subsets
and to tell the deep model which organs to skip in its pooling step. When a
pooled model needs descriptors for an organ that is missing in a subject, they
are �lled with that descriptor's median computed only over the training fold, so
the held-out fold does not in�uence these values. Each organ thus contributes
15 descriptors (7 size, 8 shape), giving 240 features per subject. These features
are the input to the predictive models (Sec. 3.4).

3.4 Compared representations and predictive models

We compare three shape representations (Fig. 1e): (1) the hand-crafted descrip-
tors (Sec. 3.3), (2) a correspondence-based statistical shape model (SSM), and
(3) learned point-cloud encoders. For the SSM, we pick one template instance
per organ and align every other instance to it using the iterative closest point
algorithm, with the Umeyama estimator [25] for the similarity transform at each
iteration. We then resample each aligned cloud to the template's point ordering,
so every subject has the same points in the same anatomical order, and take
the leading principal component analysis (PCA) modes as features [12,2,17].
For the learned encoders, a shared PointNet [20] or DGCNN [27] embeds each
organ point cloud rescaled to unit centroid size as in Sec. 3.3. Our DGCNN im-
plementation connects each point to its k nearest neighbors once, on the input
coordinates, rather than rebuilding the graph in feature space at every layer as in
the original method [27]. Since this simpli�cation is not faithful to the published
method, we do not report DGCNN results (Sec. 4.8). The static-graph imple-
mentation itself remains available in the released code. An attention pooling
layer then fuses the organ embeddings of a scan into a single subject embedding:
it learns a weight for each organ and averages them accordingly, with missing
organs masked out using the visibility indicators. Task-speci�c heads predict sex,
age, and pathology from this embedding, and subjects without a given label are
masked out of that task's loss. Related encoders and image-to-shape approaches
exist [21,11,29,1]. On the descriptor and SSM features we train gradient-boosted
trees [4], random forests, and linear models. Deep networks use validation-based
early stopping, and results are averaged over 3 seeds. All model hyperparam-
eters are �xed in the released training code (see Code and data availability);
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the gradient-boosted trees, for example, use 300 (sex) or 400 (age) estimators of
maximum depth 4 with learning rate 0.05.

Fig. 1. Overview of the pipeline. (a) A TotalSegmentator CT subject, shown as the raw
coronal slice and overlaid with the study-organ segmentations that intersect this slice.
(b) Truncation control: organ instances with more than 20 mask voxels on the volume
boundary, counted on the segmentation mask before point sampling, are discarded as
anatomically incomplete; shown are a fully captured heart from CT (kept) and a heart
clipped at the �eld of view in MRI (discarded). (c) Marching cubes turns each kept
mask into a surface, from which 2048 points are sampled (right hip shown; R, A, S mark
the anatomical axes). (d) Each organ contributes 7 size and 8 scale-free descriptors,
for 240 features across 16 organs. (e) The three compared shape representations and
their predictive models. (f) The identical pipeline applied to a TotalSegmentator-MRI
subject.

3.5 Evaluation

Sex is evaluated by balanced accuracy and area under the ROC curve (AUC),
age by mean absolute error (MAE) and R2, under random 5-fold cross-validation
with one feature row per subject. Folds are not grouped by institution, so these
are within-distribution estimates. For the main results, the overall sex AUC and
age MAE, we additionally report 95% con�dence intervals obtained by boot-
strap resampling of subjects (2000 resamples). Generalization is assessed sepa-
rately in two ways. Leave-one-institution-out holds out each larger institute in
turn (Sec. 4.5). Cross-modality transfer trains the gradient-boosted-tree model
on descriptors from one modality and evaluates it on the other modality with-
out change (Sec. 4.6). For privacy we measure how distinct subjects are under
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quantized shape signatures (Sec. 4.10). The subject and organ exclusion rules
are those of Secs. 3.1 and 3.2; descriptor de�nitions and model hyperparameters
are �xed in the released code and con�guration (see Code and data availability).

4 Results

4.1 Demographic signal in shape alone

Using all 16 organs and the full descriptor set (size and scale-free), shape alone
predicts sex with AUC 0.866 (bootstrap 95% CI 0.846�0.886; the 5-fold-CV point
estimate used in the tables is 0.868) and age with MAE 9.3 years (bootstrap 95%
CI 8.8�9.7 years; R2 = 0.34) over 1174 subjects. In contrast, a coarse scan-level
pathology label is at best weakly recoverable from organ shape (descriptor AUC
0.523 under cross-validation; the deep model reaches 0.618 on held-out data).
Not everything is in shape.

Table 1. Per-organ prediction from shape alone (cross-validated). Organs are ordered
by sex AUC.

Organ n Sex AUC Sex bal.acc Age R2

hip right 450 0.940± 0.031 0.859 0.136
hip left 453 0.923± 0.028 0.850 0.049
vertebrae L3 556 0.903± 0.026 0.800 0.248
esophagus 594 0.794± 0.036 0.732 0.134
aorta 427 0.790± 0.028 0.708 0.298
heart 669 0.780± 0.069 0.708 0.017
kidney left 538 0.761± 0.040 0.677 0.175
sacrum 513 0.759± 0.023 0.682 -0.005
kidney right 548 0.746± 0.050 0.675 0.128
liver 531 0.740± 0.035 0.661 -0.166
pancreas 574 0.719± 0.054 0.633 0.073
stomach 575 0.702± 0.032 0.626 -0.077
urinary bladder 516 0.688± 0.021 0.627 -0.320
inferior vena cava 479 0.680± 0.039 0.616 -0.181
spleen 602 0.660± 0.045 0.609 -0.123
gallbladder 504 0.549± 0.057 0.560 -0.225

4.2 Per-organ attribution

Table 1 and Fig. 2 rank organs. The hip bones are the strongest sex predic-
tors (hip right, AUC 0.940), followed by the vertebrae L3 (AUC 0.903). The
gallbladder is near chance (AUC 0.549). The pelvis result recovers well-known
sexual dimorphism with no anatomical priors, i.e., every organ receives the same
generic descriptors and models. Age is best predicted by the aorta (R2 = 0.30),
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Fig. 2. Per-organ sex AUC (left) and age MAE in years (right) from shape alone.
Table 1 lists sex AUC with fold-to-fold standard deviations and age R2; per-organ
MAE values are in the released results (see Code and data availability).

consistent with vascular and skeletal aging. No multiple-comparison correction
(e.g., Bonferroni) is applied across the 16 organs. The ranking is exploratory,
adjacent organs' intervals overlap, and organs near chance (e.g., gallbladder)
should not be read as carrying signal. Several organs show negative R2 values
for age (Table 1), indicating predictions worse than always guessing the cohort
mean age. Thus, these organs carry no usable age signal in isolation.

4.3 Size versus shape

Table 2 decomposes the signal. Sex is largely, but not only, a matter of size: size
features alone give AUC 0.863, yet scale-free shape still reaches AUC 0.791, well
above the 0.5 chance level. Age is predicted comparably by size and shape, and
best by their union (MAE 9.3 years).

Table 2. Size-only vs scale-free-shape vs combined feature regimes.

Feature set dim Sex AUC Sex bal.acc Age MAE Age R2

Size only 112 0.863± 0.017 0.762 9.6± 0.7 0.293
Shape only (scale-free) 128 0.791± 0.035 0.699 9.6± 0.7 0.297
Size + shape 240 0.868± 0.016 0.755 9.3± 0.7 0.336
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4.4 How much is in shape alone? Shape vs intensity

To test whether shape is merely a weak proxy for the image, we compare it with
an intensity baseline on the same subjects (Table 3): per organ, seven Houns�eld-
unit statistics (mean, standard deviation, and the 10th, 25th, 50th, 75th, and
90th percentiles), giving 112 intensity features. A coincidence of the design gives
partial control: the size family alone has exactly 112 features, matching the in-
tensity baseline's dimensionality while still exceeding it (AUC 0.863 vs 0.729).
For sex, shape alone (AUC 0.868) exceeds intensity (0.729) and equals the com-
bined model (0.865). The feature counts di�er (shape: 240, intensity: 112), so the
comparison re�ects each modality's natural representation rather than feature-
for-feature parity. A dimensionality-matched comparison (e.g., the 112 strongest
shape features) is left for future work, and we report no paired statistical test.
While the absence of a combined-model gain may also re�ect model design or
redundancy between the feature sets, the margin over this intensity-summary
baseline suggests the sex signal is largely geometric rather than a density ar-
tifact. For age, intensity is complementary. Combining modalities lowers MAE
from 9.3 to 8.8 years. Against the tested baseline, shape is therefore the dominant
carrier of the sex signal, which sharpens the privacy implication in Sec. 5.

Table 3. Shape vs image-intensity features (same subjects, 5-fold CV).

Feature modality dim Sex AUC Age MAE

Geometric descriptors (all) 240 0.868 9.3
Intensity (HU stats) 112 0.729 9.5
Shape + intensity 352 0.865 8.8

4.5 Cross-site generalization

Under leave-one-institution-out (each of the 5 larger institutes held out in turn;
Table 4), the shape signal persists out-of-site rather than collapsing. The most
informative case holds out the dominant, diverse site (I, n=854), giving sex
AUC 0.827. The smaller held-out sites score higher, with sex AUCs up to 0.974.
These estimates are noisy: the test sets are small (n as low as 52) and their
con�dence intervals span roughly 0.1 AUC. The sites also di�er in composition,
with female fractions ranging from 29% to 53%. We therefore read the in�ated
AUCs as artifacts of small test sets and demographic skew, not as evidence of
better out-of-site generalization. Relatedly, a held-out site's AUC can exceed the
within-distribution 5-fold CV estimate (Sec. 4.1), plausibly because the multi-
site training pool is larger and more diverse than any single site alone.
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Table 4. Leave-one-institution-out generalization. Institute codes are the anonymized
site labels of the TotalSegmentator metadata. Shown are the �ve sites with at least 50
subjects, ordered by size. All institutes come from one curated dataset, largely share
scanner vendors, and use the same segmentation pipeline, so this is within-dataset
transfer, not external-domain generalization.

Held-out institute n % female Sex AUC (95% CI) Age MAE

I 854 41 0.827 (0.80�0.85) 10.5
C 96 41 0.922 (0.86�0.96) 7.9
A 81 53 0.843 (0.75�0.92) 8.4
B 52 29 0.935 (0.86�0.99) 8.9
E 52 44 0.974 (0.93�1.00) 8.2

4.6 Cross-modality: does the signal hold on MRI?

A stronger test of whether the signal is genuinely geometric (rather than a CT-
speci�c artifact) is to change imaging modality entirely. We apply the identical
pipeline to TotalSegmentator-MRI. Of its scans, 240 yield usable organ shapes,
and 196 of these also carry sex and age labels. These 196 subjects form the eval-
uation set for all MRI analyses (Table 5). The dataset covers only abdominal
organs, so the per-organ n is small. Sex prediction replicates on MRI (within-
MRI AUC 0.762; Table 5) and transfers across modality above chance: a clas-
si�er trained on CT shapes scores AUC 0.708 on MRI, and MRI→CT 0.677.
The above-chance transfer indicates that much of the sex signal is geometry
shared across modalities. The drop from the within-modality AUC 0.866 likely
re�ects genuine di�erences between the CT and MRI segmentations, from both
the modalities themselves and their separate segmentation pipelines. Age, by
contrast, does not replicate on this smaller MRI set (MAE 14.8 yr, negative
R2). We attribute this to the reduced cohort and the abdominal �eld of view:
the strongest age carriers of Table 1, the aorta and the L3 vertebra, are rarely or
never fully captured on MRI, so their descriptors are median-imputed for most
subjects and carry no age information.

Table 5. Cross-modality sex prediction with the same pipeline: within-MRI and
CT↔MRI transfer. n is the evaluation-set size.

Setting n Sex AUC

Within MRI (5-fold CV) 196 0.762± 0.029
CT → MRI (transfer) 196 0.708
MRI → CT (transfer) 1174 0.677
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4.7 Deep multi-task model

A multi-organ PointNet shares one shape encoder across organs and predicts sex,
age, and pathology from a single subject embedding (Sec. 3.4). It is trained with
validation-based early stopping and averaged over 3 seeds. On the held-out test
split (n = 80) it reaches sex AUC 0.780±0.017, below the gradient-boosted trees
on the full descriptor set (AUC 0.868). Age is harder for this model (R2 = 0.02),
plausibly because the encoder sees size-normalized clouds and therefore cannot
use organ scale. The pathology head stays near chance (AUC 0.618, on the subset
of test subjects that carry a pathology label), consistent with the descriptor result
reported above. Training the three tasks jointly gave no measurable gain over
single-task variants. We therefore treat this network as a learned-shape baseline
rather than a contribution, and compare it against the other representations in
Sec. 4.8.

−2.5σ mean +2.5σhip right: first statistical-shape-model mode

Fig. 3. First statistical-shape-model mode of the hip (mean ±2.5σ, coronal view), illus-
trating shape variation in the most sex-discriminative structure. This mode captures
maximum population variance, which need not coincide with the sex-discriminative
direction.

4.8 Comparison of representations and models

Table 6 compares the three shape representations of Sec. 3.4 and the models
trained on them. Gradient-boosted trees on the full descriptor set are strongest
(sex AUC 0.868). Gradient-boosted trees on SSM coe�cients reach AUC 0.636,
and the PointNet reaches 0.780± 0.017. Neither matches the full descriptor set.
The PointNet row comes from a single held-out split of 80 subjects rather than
5-fold cross-validation over 1174, so that comparison is suggestive rather than
de�nitive. The matched comparison carries the main evidence: organ volumes
alone, one feature per organ, reach AUC 0.815 against 0.868 for the full descrip-
tor set, with the same model and the same 5-fold protocol. Adding the remaining
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size features (Table 2, AUC 0.863) and then the scale-free descriptors changes
little. The demographic signal therefore appears to live in low-order geometry,
that is, overall size and gross shape, rather than in �ne surface detail or high-
frequency point correspondence. The PointNet result points the same way, but
its protocol di�ers, so it does not establish the claim on its own. Why the SSM
underperforms is untested here. Plausible factors are the quality of the approx-
imate ICP correspondence, the choice of template, and the number of retained
modes. PCA ranks modes by how much subjects di�er along them, not by how
well they separate the sexes, so keeping only the leading modes can discard a
direction that carries the sex signal. Fig. 3 shows the leading SSM mode of the
hip, the most sex-discriminative structure. The PointNet falls further behind on
age than on sex: MAE 12.3 years against 9.3 years for the full descriptor set.
This is plausibly because the encoder sees size-normalized clouds, so organ scale,
a strong age cue (Table 2), is not available to it, on top of the smaller evaluation
split.

Table 6. Representations and models compared on sex (AUC) and age (MAE, years).
Descriptor and SSM rows use 5-fold cross-validation (n=1174); deep-net rows re-
port a single held-out test split (n=80) averaged over 3 seeds (PointNet seed-to-seed
std ±0.017) and are therefore noisier and not directly comparable. DGCNN is not
listed: our static-graph implementation is a simpli�cation of the original dynamic-
graph method, so its numbers would not represent the published method (see text).

Method Eval Sex AUC Age MAE

Naive (majority / mean age) 5-fold CV 0.500 11.7
Organ volumes only (XGB) 5-fold CV 0.815± 0.023 10.5
Size descriptors (XGB) 5-fold CV 0.863± 0.017 9.6
Shape descriptors (XGB) 5-fold CV 0.791± 0.035 9.6
All descriptors (linear) 5-fold CV 0.854± 0.024 10.0
All descriptors (RandomForest) 5-fold CV 0.849± 0.026 9.6
All descriptors (XGBoost) 5-fold CV 0.868± 0.016 9.3
SSM-PCA coe�s (XGB) 5-fold CV 0.636 11.7
Multi-organ PointNet held-out test 0.780 12.3

4.9 Shape as an auto-labeling tool

The same predictive signal can constructively enrich incomplete metadata in re-
search archives of unlabeled segmentations. Sex predictions are well calibrated.
The expected calibration error is 0.045, the bin-weighted mean gap between
predicted con�dence and observed accuracy, so a subject predicted at 90% con�-
dence is right close to 90% of the time. Ranking subjects by out-of-fold con�dence
and labeling only the most con�dent fraction therefore gives reliable selective
auto-labeling. Accuracy rises from 78% at full coverage to 94% over the most-
con�dent half and to 98.3% on the top quartile (Fig. 4). In total, 43% of sub-
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jects can be auto-sexed at ≥95% accuracy. The approach is also label-e�cient:
82 labeled subjects already give AUC 0.758. We target sex, where con�dence is
meaningful. Age is too coarse for con�dent per-subject labels (MAE 9.3 yr).
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Fig. 4. Auto-labeling sex from shape. Left: out-of-fold accuracy versus coverage; re-
stricting to the most con�dent subjects raises accuracy from 78% (all) to 98.3% (top
quartile). Right: learning curve; 82 labeled subjects already give AUC 0.758.

4.10 Privacy: scale-free shape is highly distinctive

Fig. 5 quanti�es distinctiveness as a function of the number of organs used. Sig-
natures concatenate the 8 scale-free shape descriptors per organ, each quantile-
binned into 10 levels. Organs are added in order of decreasing availability, the
most often fully captured �rst. Each k-organ estimate uses only subjects with
all k organs present, so n falls from 669 at k=1 to 177 at k=16 and the trend is
therefore indicative rather than exact. The most frequently captured organ, the
heart, already gives a unique signature for 93% of the subjects in which it is fully
captured, and adding the second organ raises this to 100%. Distinctiveness also
depends on the quantization: at a coarse 3-bin quantization only 18% are unique
from that single organ, rising to 99% at 20 bins. Any single uniqueness value is
therefore one point on this curve, set by the chosen resolution as much as by
the anatomy. These �gures are upper bounds on linkability, not re-identi�cation
rates (Sec. 5). Even so, combined with the demographic results, they show that
sharing organ meshes stripped of intensity and metadata is far from anonymous:
shape leaks attributes and is near-unique per person.

5 Discussion

What is in shape. Sex and age are substantially encoded in organ shape, concen-
trated in the skeleton and great vessels (Table 1). The pelvis result reproduces
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Fig. 5. Fraction of subjects with a unique within-cohort signature as a function of
the number of organs used (10-bin quantization; organs added in order of decreasing
availability; each point uses only subjects with all k organs present).

established forensic knowledge without anatomical priors. The size-versus-shape
analysis cautions against equating �shape-based� sex prediction with morphology
per se, since much of the signal is scale (Table 2). Models built on organ shape
may therefore inherit demographic information even when trained for unrelated
tasks, which matters for fairness audits of shape-based pipelines.

Age. Age is harder than sex from shape (MAE 9.3 yr, R2 = 0.34). Intensity car-
ries part of what shape misses: adding Houns�eld statistics lowers MAE from 9.3
to 8.8 years (Table 3), which suggests that aging alters tissue composition more
than outer organ geometry. The shape signal is also di�use across organs. Even
the best single organ, the aorta, reaches only R2 = 0.30 (Table 1). Chronological
age is itself a noisy proxy for biological aging, which plausibly sets an MAE �oor
for any predictor.

Enrichment versus leakage. The auto-labeling and privacy results are the same
fact seen from opposite sides. Because shape predicts demographics, it can �ll in
missing sex and age metadata in consented, internal research datasets (Fig. 4),
and it also makes shared �de-identi�ed� meshes non-anonymous (Fig. 5). We
advocate the �rst use only for internal enrichment, never for inference on released
data.

When is removing demographic signal desirable. In many clinical studies, age
and sex are variables of interest rather than confounders, and pathology itself
alters shape. Removing demographic signal from shared shapes is therefore not
a universal goal. It is warranted when shapes leave their governance context, for
example in public mesh releases, where demographic leakage serves no analytic
purpose. Any removal method should be judged on how much demographic signal
it removes and, equally, on how much clinically relevant variation it preserves.



What Does Anatomical Shape Know About You? 15

Privacy. The distinctiveness in Fig. 5 is an upper bound on linkability, not a
measured re-identi�cation rate, for two reasons. First, we count unique signatures
within one cohort and do not match individuals across separate acquisitions, as
in BrainPrint's longitudinal design [26]. Second, with 10 bins over 8 descriptors
per organ, the signature space (108) far exceeds the cohort size (n ≈ 1174),
so high uniqueness is partly expected from the feature-to-subject ratio alone.
An entropy or k-anonymity style analysis under attacker-realistic quantization
remains future work, and the bin sweep in Sec. 4.10 is a �rst step in that direction.
Because the signature space grows with the number of organs, distinctiveness
will plausibly persist in larger cohorts, but con�rming a practical privacy risk
requires repeat scans. With these caveats, our �ndings corroborate evidence that
medical images retain biometric information after metadata and intensity are
removed: brain MRI surfaces enable face-recognition-based re-identi�cation [22],
chest radiographs carry patient-speci�c signatures [19], and brain morphometry
su�ces for longitudinal re-identi�cation [26]. We extend this evidence to internal
organ shape. Until repeat-scan validation exists, we recommend treating shared
organ meshes as potentially linkable [24] rather than anonymous.

Ethics: race and ethnicity. We deliberately do not predict race. Race is a social
rather than biological construct, and models that �recognize� it from medical
data [8] risk con�ating ancestry with socioeconomic confounders and enabling
discriminatory pro�ling. We raise the point to motivate caution, and argue that
shape-based demographic inference should be audited for fairness, not deployed
for identi�cation.

Limitations. The available labels bound what can be claimed. The pathology la-
bel is coarse and scan-level, and sex is treated as binary throughout, re�ecting the
labels available in TotalSegmentator, so intersex individuals are not represented.
The cohort is a convenience sample from one population with unknown ancestry,
since TotalSegmentator does not report ethnicity, so the observed distinctiveness
should not be read as cross-population re-identi�ability. The cohort is also adult
(ages 16�99 years, mean 63). Whether shape dominance over intensity holds in
pediatric populations, where intensity is strongly age-dependent through, e.g.,
ossi�cation, is unknown. Per-organ analyses use �eld-of-view-dependent sub-
sets (Table 1). Scan protocols di�er across institutions, which drives the organ-
speci�c truncation rates and the per-organ sample sizes, from 427 for the aorta
to 669 for the heart. The truncation-bias check in Sec. 3.2 shows this selection is
approximately random with respect to sex and age, but the varying sample sizes
still imply di�erent statistical power per organ, which could in�uence the rank-
ing. Median imputation of missing organs can also encode �eld-of-view patterns
implicitly in the pooled models. The per-organ results in Table 1 use only sub-
jects with the organ fully captured and are free of this e�ect, but a visibility-only
baseline remains future work. Size, age-related development, and pathology can
confound one another, and the size-versus-shape decomposition separates scale
without adjusting for these covariates. Our descriptors come from the released
TotalSegmentator segmentations, which we use without further manual correc-
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tion. The strong cross-validated performance suggests the demographic signal is
robust to typical segmentation variability, though a formal sensitivity analysis
remains future work. The MRI cohort is small and abdominally focused, so MRI
age does not replicate and the cross-modality numbers are indicative rather than
de�nitive. Both CT and MRI segmentations come from the TotalSegmentator
ecosystem, so an external population with an independent segmentation method
remains untested.

6 Conclusion

Anatomical shape, with intensity removed, still carries substantial demographic
signal and shows high within-cohort distinctiveness. One pipeline over 16 organs
attributes that signal to individual organs (Table 1), separates it into size and
scale-free components (Table 2), and shows that it survives both a change of site
and a change of modality (Tables 4 and 5). The same signal is useful and dan-
gerous: it can auto-label incomplete metadata (Fig. 4), and it makes quantized
scale-free shape near-unique within the cohort (Fig. 5). That distinctiveness is an
upper bound on linkability rather than a measured re-identi�cation rate. Even
so, stripping metadata alone may not constitute e�ective de-identi�cation when
organ shape itself carries biometric signal. The full pipeline is released with the
paper.

Code and data availability

The full pipeline (extraction, training, evaluation, and result generation) is pub-
licly available at https://github.com/TIO-IKIM/shape-mi-demographics, in-
cluding the complete experimental con�guration. All imaging data are from the
publicly released TotalSegmentator CT and MRI datasets [28] (CC BY 4.0); no
new patient data were acquired.
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