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Abstract. Demographic attributes can be predicted from medical im-
ages, raising concerns about bias in clinical Al systems. In X-ray imaging,
acquisition characteristics have been shown to contribute substantially
to this predictability. Whether the same holds in brain MRI remains
unclear, as anatomical variation and acquisition-dependent contrast are
deeply entangled in the image formation process, obscuring the origins of
demographic signal. To address this, we propose a controlled framework
based on disentangled representation learning, decomposing brain MRI
into anatomy-focused representations that suppress acquisition influence
and contrast embeddings that capture acquisition-dependent character-
istics. Training predictive models for age, sex, and race on full images,
anatomical representations, and contrast embeddings allows us to quan-
tify the relative contributions of structure and acquisition to the demo-
graphic signal. Across three datasets and multiple MRI sequences, demo-
graphic predictability is found to be driven primarily by anatomical vari-
ation, with anatomy-focused representations largely preserving the per-
formance of models trained on raw images. Contrast embeddings retain a
weaker signal that is dataset-specific and does not generalize across sites.
These findings suggest that effective mitigation must explicitly account
for the primarily anatomical and secondarily acquisition-dependent ori-
gins of demographic signal, ensuring that any bias reduction generalizes
robustly across domains.
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1 Introduction

Medical imaging is essential for clinical practice and biomedical research, sup-
porting diagnosis, treatment planning, and disease monitoring. While machine
learning has enabled powerful image-based models for tasks such as segmenta-
tion, classification, and prognosis, growing evidence suggests that these models
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can exploit unintended correlations in imaging data, leading to performance
disparities across demographic groups and allowing attributes such as race to
remain identifiable even when unrelated to the clinical task [23[T5I26/20/8]. At-
tempts to mitigate these effects through generic fairness interventions have proven
insufficient, often degrading performance or failing under real-world distribution
shifts [22]. These observations suggest that the demographic signal is not a su-
perficial modelling artifact but reflects structured variation embedded within the
data itself.

Recent work has begun to investigate where this signal originates. For ex-
ample, in cardiac MRI segmentation, demographic information has been shown
to persist within learned representations despite controlled task settings [16].
In chest X-ray classification, acquisition-related factors substantially contribute
to the demographic signal and downstream performance disparities [I7]. Col-
lectively, these findings indicate that bias may also emerge from modality and
acquisition-specific characteristics that models implicitly exploit.

This perspective is particularly relevant for brain MRI. Although demo-
graphic bias has been documented in MRI-based models [IIT9[7], its origins
remain unclear. Brain MRI is intrinsically heterogeneous as image appearance
is governed by interactions between sequence parameters (e.g., repetition time
(TR), echo time (TE)), scanner hardware, and site-specific protocols. These
acquisition-dependent factors systematically shape intensity distributions and
tissue contrast, introducing variability sources that correlate with demographic
attributes. As anatomical structure and acquisition-dependent contrast are en-
tangled in raw images, conventional models cannot determine whether the de-
mographic signal arises from biological variation, acquisition settings, or their
interaction.

To understand the underlying drivers of demographic bias in brain MRI,
we employ disentangled representation learning frameworks, specifically MR-
CLIP [4] and DIST-CLIP [3]. These models decompose brain MRI into dis-
tinct anatomical images and contrast embeddings, enabling explicit separation
of structural information from acquisition-dependent signal. We train predictive
models for age, sex, and race using (i) full brain MRI images, (ii) anatomy-
focused images that suppress acquisition effects, and (iii) contrast embeddings
that capture acquisition characteristics while minimizing anatomical content. By
comparing predictive performance across these representations, we quantify the
relative contributions of anatomical structure and acquisition-induced contrast
to the demographic signal. Our contributions are: (1) a controlled framework for
disentangling anatomical and acquisition-dependent sources of the demographic
signal in brain MRI; (2) evidence, across three datasets and multiple MRI se-
quences, that anatomical structure is the dominant carrier of demographic infor-
mation; and (3) showing that contrast embeddings retain only a weak, dataset-
specific signal that does not generalize across sites, establishing that effective
bias mitigation strategies must primarily address anatomical variation. Depend-
ing on site-specific demographics and protocols, acquisition characteristics may
also require consideration.
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2 Methods

Experimental Design. Let D = {(z;,vi,a;)}Y; denote a dataset of brain MRI
scans x; € X, demographic attributes y; € Y (age, sex, race), and acquisition
metadata a; € A (e.g., TR, TE, scanner type, site). Our objective is to deter-
mine whether the demographic signal arises primarily from anatomical structure,
acquisition-dependent contrast, or their interaction.

In raw MRI, anatomical structure and contrast are inherently entangled
within the image space X'. We therefore seek a representation-level decompo-
sition of each image = into two components,

r — (zanatyzcontrast)a (1)

where Zanat € Zanat captures structural information while minimizing acquisi-
tion effects, and Zcontrast € Zeontrast Captures acquisition-dependent signal while
reducing anatomical dominance. To operationalize this separation, we leverage
pre-trained disentangled representation learning frameworks, MR-CLIP [4] and
DIST-CLIP [3]. MR-CLIP is a metadata-guided contrastive learning framework
that aligns MRI images with their associated DICOM acquisition parameters
without requiring manual sequence labels. An image encoder E; and a metadata
encoder E)s are trained jointly so that the image embedding 22 . .. = Er(x)
and the metadata embedding 2% . ,... = Fa(a) are similar for matched pairs
and dissimilar for mismatches. By optimizing a contrastive objective over im-
age-metadata pairs, MR-CLIP learns a 512-dimensional embedding that reflects
acquisition differences [2J4]. DIST-CLIP builds upon MR-CLIP by introducing
an explicit anatomical pathway to separate structural content from acquisition-
dependent contrast. It employs an anatomy mapper that projects an input image
Z to an anatomy-focused representation zanat. This representation is designed to
preserve geometric and morphological structure while suppressing intensity and
contrast-related cues. To enforce acquisition invariance, DIST-CLIP incorpo-
rates contrastive loss applied at the patch level across anatomy images. This
loss encourages corresponding anatomical patches from images acquired with
different protocols to remain similar in the z,,.¢ space, regardless of acquisition
differences. This explicitly promotes structural consistency while discouraging
the encoding of contrast-specific information. As a result, the model achieves a
disentangled decomposition in which z,,.¢ captures acquisition-invariant infor-
mation, while zcontrast €ncodes acquisition-dependent characteristics [3].

Fig. [I] provides qualitative and quantitative evidence of the representation
separation. Panel A shows raw T1-weighted images from OASIS, HCP, and
ADNTI alongside their anatomy-focused counterparts (zanat): while raw images
vary visibly in intensity and tissue contrast across sites, the anatomical repre-
sentations retain structural detail and suppress these acquisition-driven differ-
ences. Panel B visualizes contrast embeddings (zcontrast) via t-SNE, where clear
clustering by dataset and MRI sequence confirms that acquisition-dependent
characteristics are well captured. The framework does not assume perfect dis-
entanglement, an inherently unattainable objective, but instead we explicitly
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C Intracranial Volume Ventricle Volume Acquisition Protocol
R? MAE (cm?®) R? MAE (cm?®) BalAcc

Zanat 0.953 31.1 0.650 8.5 0.425
Zcontrast 0.805 88.1 0.539 10.7 0.702
Zmetadata 0.739 94.2 0.125 15.1 0.911

Fig. 1. Qualitative and embedding-level visualization of the disentanglement. A: Raw
images (z, top) and anatomy-focused representations (zanat, bottom). B: t-SNE of
contrast embeddings (zcontrast) colored by dataset and sequence. C: Linear probing
(N=500). Anatomical probes predict intracranial volume (ICV) and ventricle volume;
the acquisition probe predicts scanner/protocol cluster (15 classes; chance=6.7%).
Zmetadata denotes the metadata-only embedding from Ej.

quantify the degree of disentanglement through a probing analysis (Panel C).
Using SynthSeg [5], we extract ground-truth intracranial volume (ICV) and ven-
tricle volume for N =500 OASIS-3 [I4] subjects, then train linear regression and
classification probes on dimensionally matched representations under Group K-
Fold cross-validation. The results show that z,na¢ strongly predicts anatomical
features (e.g., ICV R? = 0.953, MAE =31.1cm?) but poorly predicts acquisi-
tion protocol (BalAcc 42.5%, where chance is 6.7% over 15 scanner/protocol
clusters). Conversely, zcontrast i informative about acquisition identity (BalAcc
70.2%) while encoding substantially less anatomical detail (ICV R? = 0.805,
MAE =88.1cm?). Crucially, the metadata-only embedding zmetadata, derived
from DICOM parameters with no access to the image, already achieves (ICV
R? =0.739, MAE = 94.2 cm?), indicating that most of the residual anatomical
signal in Zcontrast does not reflect true image-level leakage, but rather population-
level correlations between acquisition settings and demographic composition
across sites.

To quantify the contribution of each representation to the demographic sig-
nal, we define three predictive mappings:

fran : X =,
fanat © Zanat — V,
fcontrast : Zcontrast — y

Here, fr, is trained directly on raw MRI x, while fanat and feontrast Op-
erate on disentangled representations zanat and zeontrast, respectively. For each
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demographic attribute y € {age, sex, race}, we train models under identical opti-
mization protocols and compare predictive performance across these mappings.
Performance differences between fanat and feontrast Provide an empirical estimate
of the relative contribution of anatomical structure and acquisition-dependent
contrast to the demographic signal. The performance of fg,) serves as a reference
for the total demographic information accessible from the raw image x.

Models and Evaluation. For image-based inputs (frun and fanat), we em-
ploy a 3D ResNet-50 architecture [10/24] operating on volumetric inputs of size
128 x 128 x 128. All models are initialized from ImageNet-pretrained weights
(inflated to 3D). A fixed learning rate of 1 x 10~* is used across all experiments
with dropout regularization of 0.2 to mitigate overfitting. The batch size is 2 due
to memory constraints of 3D training. For embedding-based inputs (fcontrast),
we use a multi-layer perceptron operating on zcontrast With architecture 512 (in-
put) — 512 — 256 — Nijasses, with ReLU activations and dropout (0.2) applied
after each hidden layer.

Age prediction is formulated as a regression task optimized using mean
squared error (MSE) (HCP age uses range midpoint). Sex and race prediction are
formulated as classification tasks optimized with cross-entropy loss. All models
are trained under matched data splits, learning rates, and regularization schemes
to ensure comparability across representation types. We report mean absolute
error (MAE) for age prediction and balanced accuracy (BalAcc) for classification
tasks, ensuring equal weighting of classes to account for potential imbalance. Bal-
anced accuracy is defined as the average recall across classes (i.e., mean per-class
sensitivity), thereby preventing inflated performance estimates in the presence
of class imbalance.

Datasets and Preprocessing. We evaluate our approach on three pub-
licly available brain MRI datasets: Open Access Series of Imaging Studies (OA-
SIS) [14], Alzheimer’s Disease Neuroimaging Initiative (ADNI) [12], and Hu-
man Connectome Project (HCP) [25]. These cohorts span different age ranges,
scanner vendors, and acquisition protocols, providing diverse combinations of
(x4, Yi,a;). This heterogeneity is essential for disentangling anatomical struc-
ture from contrast variations induced by imaging parameters. The demographic
distribution of each dataset, including age, sex, and race, is summarized in Ta-
ble [T} To ensure consistency across datasets and compatibility with the disen-
tanglement framework, all volumes are rigidly registered to the MNI152 atlas at
1.0 mm? isotropic resolution. Skull stripping is performed using SynthStrip [11].

3 Experiments and Results

To examine how anatomical and acquisition-dependent information contribute
to demographic predictability, we compare the signal available from each repre-
sentation within individual datasets and under joint training, test whether this
predictability transfers across datasets as cohort and acquisition characteristics
change, and assess whether the same anatomy—contrast pattern holds across
MRI sequences.
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Table 1. Subject-level demographic summary of the included datasets. Age is reported
as mean + standard deviation. Sex and race are reported as counts (percentage within
dataset).

A S R
Dataset ge ex ace

Mean + SD Female Male White Black

OASIS-3 724 +9.1 608 (55.6%) 485 (44.4%) 926 (84.7%) 167 (15.3%)
ADNI 747 £ 7.3 725 (44.6%) 901 (55.4%) 1542 (94.8%) 84 (5.2%)
HCP 29.1 + 3.5 543 (54.4%) 455 (45.6%) 830 (83.2%) 168 (16.8%)

The within-dataset and joint-training results for T1-weighted images are
summarized in Table [2 Models trained on raw images achieve the highest over-
all performance across tasks (e.g., sex BalAcc 0.92-0.96; age MAE 2.67-5.15
years). Anatomy-focused representations largely preserve this performance, for
instance, sex prediction reaches 0.93 in OASIS, indicating that substantial demo-
graphic signal is embedded in structural variation. When training jointly across
all datasets, this pattern remains consistent (Sex 0.96 Raw vs. 0.96 Anat vs. 0.78
Contrast), suggesting that the dominance of anatomical signal is not driven by
single-dataset effects. Importantly, contrast embeddings, despite explicitly min-
imizing anatomical content, retain non-trivial predictive power. Sex prediction
from zcontrast achieves BalAcc 0.71 in OASIS and 0.81 in HCP (0.78 in joint
training), while race prediction remains above chance in OASIS (0.71), and joint
training (0.68). Even for age, contrast embeddings yield informative MAE values
(e.g., 6.28 years in OASIS, and 5.21 jointly). Although consistently lower than
those of the raw-image and anatomy-based models, these results demonstrate
that contrast alone retains a demographic signal when evaluated within a single
domain.

Table 2. Within-dataset and joint-training performance across representations. For
each dataset (OASIS, ADNI, HCP) and joint training across all datasets (ALL), we
report balanced accuracy (BalAcc, 1; equal class weighting) for Sex and Race, and
mean absolute error (MAE, |) for Age.

Sex (BalAcc 1) Race (BalAcc 1) Age (MAE |)

Dataset Raw Anat Contrast Raw Anat Contrast Raw Anat Contrast

OASIS 0.92 0.93 0.71 0.86  0.81 0.71 515 545 6.28
ADNI 0.94 0.93 0.74 0.97  0.82 0.50 4.46  4.43 5.61
HCP 0.95 0.96 0.81 0.96  0.90 0.70 2.67  2.99 2.77
ALL 0.96  0.96 0.78 091 0.93 0.68 391  4.35 5.21
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Table 3. Cross-dataset generalization. Sex and Race are reported as balanced accu-
racy (BalAcc, 1; equal class weighting), and Age is reported as mean absolute error
(MAE, ).

Train Test Sex (BalAcc 1) Race (BalAcc 1) Age (MAE )

Raw  Anat Contrast Raw  Anat Contrast Raw Anat  Contrast

OASIS HCP 0.65 0.82 0.50 0.85 0.87 0.50 26.37  28.03 29.89
ADNI 0.88 0.89 0.59 0.93 0.99 0.53 5.15 5.50 8.71
HCP OASIS  0.72 0.71 0.53 0.85 0.82 0.70 39.55  42.42 46.91
ADNI 0.60 0.61 0.50 0.88 0.84 0.60 42.39 44.24 50.61
ADNI OASIS  0.76 0.84 0.70 0.81 0.84 0.50 5.17 5.49 6.47
HCP 0.62 0.81 0.51 0.86 0.90 0.50 29.58  28.11 30.77

To determine whether demographic signals reflect biological variation or site-
related acquisition-specific effects, we evaluate cross-dataset generalization by
training on one dataset and testing on another. This introduces shifts in acqui-
sition protocols, scanner vendors, and population characteristics, allowing us to
assess whether demographic signals persist under distribution shift (Table .
Across all tasks, performance drops markedly under dataset shift, particularly
for age prediction, where MAE increases dramatically (e.g., HCP—ADNI: Raw
42.39 years). However, age-transfer results involving HCP should be interpreted
in the context of the markedly different cohort age ranges. HCP participants
span 23.5-36 years, whereas OASIS and ADNI participants span 42-97 and 55-95
years, respectively. These experiments therefore capture both acquisition-domain
shift and a substantial shift in the age distribution. For classification, a consis-
tent pattern emerges: anatomy-focused representations (zanat) tend to generalize
more robustly than raw images. For example, ADNI—OASIS sex prediction im-
proves from BalAcc 0.76 (Raw) to 0.84 (Anat). Whereas, contrast embeddings
(Zcontrast) frequently collapse toward chance (0.50), indicating poor transferabil-
ity of acquisition-dependent signal. These findings suggest that while contrast
embeddings encode measurable demographic information within a dataset, much
of this signal is dataset-specific and does not generalize across sites. Structural
representations, in contrast, retain more stable demographic information under
distribution shift. Together with the within-dataset results, this indicates that
demographic predictability in brain MRI arises mainly from anatomical sources,
and acquisition-driven correlations are less robust and more site-dependent.

We further investigate the demographic signal across imaging sequences within
OASIS (Table [4)) to assess whether the relative roles of anatomy and contrast
vary with sequence type. Across T2w and FLAIR images, anatomy representa-
tions remain close to raw performance (e.g., sex BalAcc 0.91 vs. 0.90 for T2w),
indicating that structural variation continues to account for a substantial portion
of the demographic signal beyond T1-weighted imaging. Contrast embeddings
retain measurable predictive power across sequences. For example, sex predic-
tion from Zzeontrast reaches BalAcc 0.72 in T2w and 0.75 in FLAIR whereas race
prediction remains near chance. Joint training on all sequences maintains strong
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sex prediction performance, suggesting that combining contrasts does not remove
demographic signal. Anatomy representations continue to perform strongly (sex
BalAcc 0.93, age MAE 5.16), while contrast embeddings remain weaker yet infor-
mative. Overall, these results show that demographic predictability extends be-
yond T1-weighted imaging where anatomy-focused representations largely con-
tain the demographic signal across sequences and contrast embeddings contain
a weaker, more sequence-dependent signal.

4 Discussion

In this study, we go beyond showing that demographic attributes can be pre-
dicted from brain MRI to address a more fundamental question: where does
this signal originate? By decomposing MRI into anatomy-focused and contrast-
dependent representations, our framework examines the relative contributions
of anatomical structure and acquisition-dependent contrast to demographic pre-
dictability.

Our results consistently show that the majority of the demographic signal is
preserved in anatomy-focused representations, establishing structural variation
as the dominant contributor. This aligns with biological expectations for age
and is plausible for sex, given known morphological differences [I8[9)21], and
there is evidence that relative brain volume can differ across racial and ethnic
groups [6/T3]. At the same time, contrast embeddings retain stable, above-chance
predictive performance across datasets and sequences which might be due to
population-level acquisition correlations or minor disentanglement leakage.

These findings carry important implications. Because a substantial portion
of the demographic signal resides in anatomical structure, approaches that focus
exclusively on acquisition harmonization or intensity normalization are unlikely
to fully mitigate demographic predictability in downstream applications such
as Alzheimer’s disease detection. Conversely, strategies that indiscriminately re-
move anatomical variation risk suppressing clinically meaningful information.
Effective bias mitigation should therefore focus on identifying and controlling the
specific anatomical features that contribute to demographic signal while preserv-

Table 4. OASIS multi-sequence analysis. Performance across sequences for models
trained on raw images (fru), anatomy-focused representations (fanat), and contrast-
only embeddings (fcontrast)- S€x and Race are reported as balanced accuracy (BalAcc,
T; equal class weighting). Age is reported as mean absolute error (MAE, ).

Sex (BalAcc 1) Race (BalAcc 1) Age (MAE |)
Sequence Raw  Anat Contrast Raw Anat Contrast Raw  Anat Contrast
Tlw 0.92 0.93 0.71 0.86 0.81 0.71 5.15 5.45 6.28
T2w 0.91 0.90 0.72 0.74  0.88 0.51 544 591 6.60
FLAIR 0.71 0.83 0.75 0.65 0.85 0.50 4.54 4.80 6.67

All Sequences  0.91 0.93 0.76 0.84 0.81 0.70 5.37 5.16 5.90
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ing those relevant to the clinical task. Acquisition-related variations should be
addressed when they introduce additional demographic information, particularly
in site-specific settings.

Identifying demographic signal does not in itself imply harmful bias in clinical
predictions. However, understanding where this signal resides is a prerequisite
for evaluating its downstream impact. Our framework provides a basis for in-
vestigating how these components propagate into clinical tasks and under what
conditions they may translate into measurable bias, supporting the development
of causally informed and fair neuroimaging models.

4.1 Limitations

The image-based predictors are based on 3D ResNet-50, whereas the contrast
embeddings are evaluated using a smaller MLP because the inputs differ in
dimensionality and structure. Consequently, performance differences may partly
reflect predictor capacity and should not be interpreted as a pure measure of the
information contained in each representation. Analysis on the extent to which
this affects the interpretations is left for future work.

Another limitation of this study is the imbalanced racial composition of the
included datasets, particularly ADNI, where only 84 participants (5.2%) are
Black. Although balanced accuracy mitigates the effect of class imbalance on
the reported metrics, the small minority-class size limits the statistical reliability
of race prediction results. Future work should evaluate these effects in more
demographically representative cohorts.
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