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Abstract

Foundation models hold promise for generalizable analysis of structural brain
magnetic resonance imaging (MRI) across development, aging and disease. How-
ever, existing models are typically built through centralized pretraining on pooled
data, despite privacy and governance constraints. Such pooling optimization can
overemphasize cohort size and overlook complementary information from smaller,
specialized cohorts. Here we present BrainFedFM, a structural brain MRI foun-
dation model federatively pretrained on 164,707 three-dimensional scans drawn
from diverse real-world data distributions and organized across 42 federated sites.
BrainFedFM uses dual-priority federated pretraining, coupling spatial-priority
masking at each site with site-priority aggregation at the server to emphasize
informative anatomical regions locally and prioritize site contributions globally.
Across 20 downstream datasets spanning 17 classification, regression and seg-
mentation tasks, BrainFedFM achieved the state-of-the-art performance (mean
rank 1.68, 50% gain) across seven models, including four centralized foundation
models, while showing particularly consistent advantages in classification and
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regression and robustness across underrepresented populations. These findings
demonstrate the generalizability of BrainFedFM and highlight federated pre-
training as a practical strategy for developing neuroimaging foundation models
from distributed data without pooling raw images.

1 Introduction

Structural magnetic resonance imaging (MRI) is a routine and indispensable tool
for brain assessment, providing non-invasive, high-resolution characterization of neu-
roanatomy [1]. In clinical practice and neuroscience research, it is widely used to
characterize structural variation across brain development and aging, as well as
abnormalities associated with neurodegeneration, focal lesions and other neurolog-
ical conditions [2, 3]. Advances in artificial intelligence have further expanded the
automated analysis of structural MRI and its potential to support clinical decision-
making [4]. Yet realizing this potential across real-world imaging settings remains
challenging, as current deep learning approaches are constrained by scarce labelled
data and limited generalizability across cohorts and sites. Their performance can be
strongly affected by differences in cohort composition, scanner hardware and acquisi-
tion protocols [5]. Consequently, models developed on individual datasets may capture
site-specific patterns, generalize inconsistently to new cohorts and require separate
training for each new task or population [6]. These limitations are acute in struc-
tural brain MRI, where clinically relevant anatomical effects are often subtle relative
to normal inter-individual variation and can be obscured by systematic demographic
and acquisition-related differences across sites [7, 8]. More generalizable approaches
are therefore needed to learn transferable representations from large, heterogeneous
collections of unlabelled imaging data.

Foundation models offer a promising route toward this goal. Large-scale self-
supervised pretraining can reduce reliance on extensive task-specific annotation and
repeated model development while supporting transfer across diverse analysis tasks [9—
12]. This paradigm is well suited to structural brain MRI because many tasks share
a common neuroanatomical basis. However, existing neuroimaging foundation models
have largely relied on centralized pretraining, restricting participation to cohorts that
can be readily pooled and shared [13-15]. Such pooling is frequently constrained by
institutional privacy, governance and data-sharing requirements [16, 17]. In addition,
existing foundation model pretraining has largely emphasized scaling the volume of
pooled data, often without accounting for differences in cohort composition or the com-
plementary information contributed by smaller, specialized populations. Consequently,
when cohort sizes are highly imbalanced, optimization can be disproportionately
shaped by a few large cohorts, diluting distinctive anatomical variation from under-
represented cohorts [18, 19]. A generalizable foundation model should learn shared
neuroanatomical structure while effectively integrating distinctive and complementary
anatomical variation across distributed cohorts.



Federated learning offers a practical route to foundation model pretraining across
sites without transferring raw imaging data [20, 21]. However, simply combining con-
ventional random masked pretraining with sample-size-driven aggregation of local
updates is unlikely to fully exploit heterogeneous structural brain MRI data. Within
each site, random masking treats anatomical locations as equally informative, despite
pronounced regional differences in lifespan-related anatomical variation and recon-
struction difficulty. Across sites, sample-size-driven aggregation can allow large cohorts
to dominate global optimization, thereby underweighting updates from smaller special-
ized cohorts despite their complementary anatomical information. Effective federated
foundation model pretraining therefore requires coordinated prioritization at two lev-
els: spatial-priority masking at each site directs local pretraining toward informative
anatomical regions, whereas site-priority aggregation at the server adaptively weights
heterogeneous site updates beyond cohort size alone.

Here we present BrainFedFM, a generalizable structural brain MRI foundation
model built through dual-priority federated pretraining (Fig. 1). BrainFedFM was
pretrained on 164,707 scans drawn from diverse real-world data distributions and
organized across 42 federated sites, spanning substantial variation in sample scale,
age distribution, clinical composition, scanner vendor and acquisition protocol. At
each site, spatial-priority masking combines lifespan-guided and difficulty-guided views
to emphasize anatomically informative regions and regions that remain difficult to
reconstruct, while retaining a random view for broad spatial coverage. At the server,
site-priority aggregation weights site updates using complementary signals derived
from lifespan support and residual reconstruction difficulty, rather than relying on
cohort size alone. Meanwhile, a global priority memory links these two levels by accu-
mulating cross-site spatial evidence and returning it to guide subsequent rounds of
local pretraining. We benchmarked BrainFedF'M across 20 downstream datasets span-
ning 17 classification, regression and segmentation tasks. Among the seven evaluated
models spanning random initialization, centralized pretraining and federated pretrain-
ing, BrainFedFM ranked first overall (mean rank, 1.68) and achieved the best mean
ranks in classification (1.50), regression (1.25) and segmentation (2.40). Performance
also remained strong across underrepresented populations, including the best results
in parkinsonism subtype classification, psychiatric differential diagnosis and pediatric
MS lesion segmentation. Together, these findings establish BrainFedFM as a gener-
alizable foundation model and demonstrate the potential of federated pretraining to
learn transferable representations from distributed data.

2 Results

We evaluated BrainFedFM across 20 downstream datasets representing 17 struc-
tural brain MRI analysis tasks (Supplementary Table 1). The classification bench-
mark comprised ABIDE [22] (autism diagnosis), OASIS-2 [23] (dementia diagnosis),
TMCU [24] (cannabis dependence classification), SibBMS [25] (multiple sclerosis
diagnosis), ADNI-4 [26] (Alzheimer’s disease prediction), IDEAS [27] (focal epilepsy
diagnosis), UPENN-GBM [28] (MRI sequence classification), 4RTNI [29] (parkin-
sonism subtype classification), RSNA-MICCAI [30] (tumor radiogenomic prediction),
UCLA-CNP [31] (psychiatric differential diagnosis) and SRPBS [32] (multi-disorder



psychiatric diagnosis). The regression benchmark included ATLAS-2 [33] (post-stroke
time estimation), MSLesSeg [34] (disability severity prediction), SALD [35] (adult
brain age prediction) and NKI-RS [36] (lifespan brain age prediction). The segmen-
tation benchmark included PediDemi [37] (pediatric demyelinating segmentation),
MSD-Brain [38] (brain tumor segmentation), iSeg [39] (infant brain tissue segmenta-
tion), ISBI-2015 [40] (adult MS lesion segmentation) and PediMS [41] (pediatric MS
lesion segmentation). Together, these benchmarks provide a broad evaluation of pre-
trained foundation model transfer across heterogeneous analysis tasks, distinct clinical
populations and diverse imaging settings.

To benchmark downstream transfer performance, BrainFedFM was compared with
foundation models spanning publicly released centralized pretraining, data-matched
centralized pretraining and federated pretraining. Scratch used randomly initialized
weights with the same downstream architecture. SwinUNETR* [42] (multi-task proxy
learning), VoCo* [10] (volume-level contrastive learning) and S3D* [43] (masked image
modelling) used publicly released checkpoints from the OpenMind benchmark [13].
A separate S3D model and FedMAE [44] were pretrained on the same corpus as
BrainFedFM (Supplementary Table 2), providing data-matched centralized and fed-
erated comparisons. All seven models used identical subject-level partitions, with 20%
of each dataset held out for testing and three-fold cross-validation performed within
the remaining development set. For downstream adaptation, classification and regres-
sion used newly initialized single-layer linear prediction heads, whereas segmentation
used randomly initialized segmentation decoders; pretrained models underwent full-
parameter fine-tuning. Balanced accuracy (BA), root mean squared error (RMSE) and
Dice score were used as the primary metrics for classification, regression and segmen-
tation, respectively. Detailed adaptation and evaluation procedures are described in
Methods, with complete results reported in Supplementary Tables 4-23.

2.1 Dual-priority federated pretraining supports broad
downstream transfer

A central requirement of a brain MRI foundation model is that its pretrained repre-
sentation transfers across clinically distinct targets and prediction paradigms. Across
the 20-dataset benchmark, BrainFedFM achieved the best overall mean rank of 1.68,
followed by FedMAE (3.15), VoCo* (3.80), S3D (4.10), S3D* (4.35), Scratch (5.23) and
SwinUNETR* (5.70) (Fig. 2g). BrainFedFM consistently ranked among the leading
foundation models for classification, regression and segmentation (Fig. 2g,h), indicat-
ing that its overall advantage extended across distinct prediction paradigms rather
than being driven by a small subset of datasets. Notably, this breadth was preserved
across clinically heterogeneous cohorts spanning diverse disease phenotypes and popu-
lation contexts, indicating that the observed advantage was not confined to a particular
disease entity or population subgroup. BrainFedFM also outperformed the two data-
matched baselines—centrally pretrained S3D and federated FedM AE—indicating that
its downstream advantage was not explained by access to the pretraining corpus
alone and supporting an added benefit of dual-priority federated pretraining over both
centralized and conventional federated alternatives.



The most pronounced performance gains emerged in classification and regression
tasks, despite substantial heterogeneity in their downstream targets. Classification
encompassed neurological and psychiatric diagnosis, disease subtyping, MRI sequence
recognition and tumour radiogenomic prediction, whereas regression included brain-
age estimation, post-stroke time estimation and disability severity prediction. Across
these clinically distinct endpoints, BrainFedFM achieved the best mean rank for both
classification (1.50) and regression (1.25) (Fig. 2a-d). Mean classification BA reached
74.0%, compared with 59.8% for Scratch, 63.9% for the centralized-pretraining mean
and 71.3% for FedMAE, corresponding to relative gains of 23.8%, 15.9% and 3.8%,
respectively. For regression, BrainFedFM achieved a mean normalized RMSE of 0.88,
compared with 1.00 for Scratch, 1.15 for the centralized-pretraining mean and 0.90 for
FedMAE, corresponding to relative reductions of 12.0%, 23.4% and 2.7%, respectively.
The concordant gains across categorical and continuous prediction targets indicate
that the pretrained representation transferred effectively across substantially different
clinical endpoints and task formulations.

Segmentation showed a narrower but still favourable performance margin across
infant brain tissue, brain tumour and demyelinating-lesion tasks (Fig. 2e,f). Brain-
FedFM achieved the highest mean Dice of 72.8%, compared with 70.7% for Scratch,
71.9% for the centralized-pretraining mean and 70.7% for FedMAE, corresponding to
relative gains of 2.9%, 1.2% and 2.9%, respectively, and shared the best mean rank of
2.40 with S3D*. The smaller margin relative to classification and regression may reflect
the different demands of dense prediction, where performance depends more directly
on fine-grained spatial correspondence, boundary precision and task-specific anatom-
ical supervision, leaving less scope for gains from transferable global representations
alone. Nevertheless, BrainFedFM retained the strongest aggregate segmentation per-
formance, indicating that the benefits of dual-priority federated pretraining extended
beyond subject-level prediction to voxel-wise anatomical and lesion delineation. Over-
all, BrainFedFM led aggregate performance across all three task families, with the
most pronounced gains observed in classification and regression.

2.2 Transfer advantages persist under limited labelled
supervision

A major promise of foundation models is to reduce reliance on costly task-specific
annotation, a common challenge in medical imaging where expert-labelled data are
often difficult to obtain at scale. To test whether BrainFedFM retained effective trans-
fer with limited downstream supervision, we trained the downstream models using
only 50% or 25% of the labelled development data while keeping the held-out test sets
fixed. BrainFedFM retained the best overall rank of 1.93 at both label fractions and
ranked within the top two on 15 of 20 datasets in each setting (Fig. 3c). The task-wise
radar plots further showed that this overall advantage was maintained across classifi-
cation, regression and segmentation under reduced-label settings (Fig. 3a). Together,
these results demonstrate that BrainFedFM preserved strong downstream transfer
despite substantial reductions in task-specific annotation, supporting label-efficient
adaptation across heterogeneous clinical and imaging-analysis tasks.



The advantage was particularly stable for classification and regression (Fig. 3b,de).
In classification, BrainFedFFM maintained the best rank of 1.77 at both 50% and
25% labelled data, with mean BA values of 67.21% and 61.47%. Relative to Scratch,
the centralized-pretraining mean and FedMAE, the corresponding gains were 36.05%,
15.71% and 1.43% at 50%, and 34.94%, 16.98% and 7.81%, respectively, at 25%.
Regression showed an equally stable ranking, with BrainFedF'M retaining the best rank
of 1.25 at both label fractions. Mean RMSE was 6.07 at 50% and 8.38 at 25% labelled
data, corresponding to reductions of 10.67%, 38.91% and 3.58% relative to Scratch,
the centralized-pretraining mean and FedMAE at 50%, and 7.34%, 47.63% and 5.87%,
at 25%. Notably, as annotation became more restricted, the performance margins over
the centralized and federated pretrained comparators were preserved and, for both
task families, became more pronounced at the 25% setting. These results suggest that
the transferable representation learned by BrainFedFM remained particularly effective
when task-specific supervision was scarce.

Voxel-wise dense prediction was more sensitive to label reduction, but the ben-
efit of pretraining remained evident (Fig. 3b,d,e). BrainFedFM maintained a mean
segmentation rank of 2.80 at both reduced-label settings and achieved the high-
est mean Dice of 68.29% at 50% labelled data. At 25%, its mean Dice of 61.49%
closely matched the leading S3D* result of 61.59%, while remaining above Scratch,
the centralized-pretraining mean and FedMAE. Relative gains over these three ref-
erences were 8.90%, 2.15% and 3.03% at 50% labelled data and 19.31%, 4.68% and
1.67% at 25%, respectively. The greater sensitivity of segmentation is consistent with
its stronger dependence on dense task-specific spatial annotation, yet BrainFedFM
remained competitive at the most label-constrained setting. Collectively, these find-
ings show that BrainFedFM preserved strong downstream transfer under substantial
annotation constraints, with particularly stable advantages for clinical prediction tasks
and sustained benefits for annotation-intensive dense prediction.

2.3 Reproducible transfer across independent cohorts for
corresponding clinical tasks

For a foundation model to be clinically useful, performance gains observed in an aggre-
gate benchmark should remain reproducible when corresponding clinical problems are
examined in independent cohorts with different data characteristics. We therefore eval-
uated three paired clinical settings: psychiatric diagnosis in UCLA-CNP and SRPBS,
brain age prediction in SALD and NKI-RS, and MS lesion segmentation in ISBI-
2015 and PediMS. Each foundation model was independently fine-tuned and evaluated
within each cohort using the same protocol, allowing us to assess whether the transfer
benefit of its pretrained representation was consistently reproduced. Beyond conven-
tional task-level performance, we further examined clinically informative aspects of
model behaviour, including class-specific recognition and calibration for psychiatric
diagnosis, the distribution and upper tail of age-prediction errors, and surface and
lesion-volume agreement for MS segmentation (Fig. 4).

Psychiatric diagnosis was examined across cohorts with distinct diagnostic spectra
and clinical compositions. UCLA-CNP distinguished attention-deficit/hyperactivity



disorder, schizophrenia and bipolar disorder, whereas SRPBS included healthy con-
trols, autism spectrum disorder, major depressive disorder and schizophrenia-spectrum
disorder (Fig. 4a,b). At 100% labelled data, BrainFedFM achieved the highest balanced
accuracy (BA) of 52.53% and macro-averaged F1 (mF1) of 41.23% on UCLA-CNP,
exceeding FedMAE by 6.06 and 9.66 percentage points. On SRPBS, BrainFedFM
achieved a BA of 65.92% close to the FedMAE result; under 25% labelled data, Brain-
FedFM achieved the highest mF1 of 56.41%, compared with 53.60% for FedMAE.
BrainFedFM also achieved the highest worst-class recall in both cohorts, reaching
12.12% on UCLA-CNP and 60.14% on SRPBS, compared with 3.03% and 55.56% for
FedMAE, respectively, while yielding the lowest expected calibration error (ECE), at
6.79% and 12.55%. These results show that its transfer advantage persisted across
distinct psychiatric diagnostic settings and extended from aggregate discrimination to
class-specific recognition and calibration.

Brain age prediction examined whether the pretrained representation retained
transferable age-related structural information across markedly different age ranges,
from the adult SALD cohort (19-80 years) to the broader lifespan NKI-RS cohort (0
85 years) (Fig. 4c¢,d). At 100% labelled data, BrainFedFM achieved the lowest RMSE
in both cohorts, at 8.65 years on SALD and 6.80 years on NKI-RS, together with
the highest R? and concordance correlation coefficient (CCC). Its advantage extended
beyond average error: 54.5% of predictions on SALD and 64.5% on NKI-RS fell within
five years of chronological age, the largest proportions among the evaluated models.
BrainFedF'M also achieved the lowest 90th-percentile absolute error (Q90), at 13.11
and 11.18 years, compared with 14.73 and 11.57 years for FedMAE, indicating bet-
ter control of large individual prediction errors. On NKI-RS, this advantage persisted
under reduced supervision; at 25% labelled data, BrainFedFM retained the lowest
RMSE of 11.10 years, compared with 12.93 years for FedMAE and 23.42-26.94 years
for the centralized-pretraining models. These findings show that BrainFedFM’s advan-
tage was reproduced across adult and lifespan populations and was evident in both
overall prediction accuracy and control of upper-tail errors.

MS lesion segmentation examined whether the transfer advantage extended across
distinct disease populations, from the adult ISBI-2015 cohort to the paediatric Ped-
iMS cohort, while preserving the same lesion-delineation target (Fig. 4e—g). At 100%
labelled data, BrainFedFM achieved the highest Dice scores in both cohorts, reaching
78.97% on ISBI-2015 and 73.93% on PediMS, together with the highest IoU scores
of 65.97% and 58.81%, respectively. Its advantage extended beyond overlap accuracy
to lesion-boundary agreement, with normalized surface Dice (NSD) exceeding all six
comparators by 0.26—-1.67 percentage points on ISBI-2015 and 0.91-1.95 percentage
points on PediMS. BrainFedFM also achieved lower absolute relative lesion-volume
errors than FedMAE in both cohorts, at 10.04% versus 14.40% on ISBI-2015 and
18.80% versus 20.26% on PediMS. The qualitative examples further illustrated the
spatial pattern of residual prediction errors; in the PediMS case, BrainFedFM achieved
a Dice score of 74.0% and an HD95 of 3.9 mm, compared with 67.2% and 5.1 mm for
FedMAE (Fig. 4g). These findings show that BrainFedFM’s segmentation advantage
was reproduced across adult and paediatric MS cohorts and was evident across lesion
overlap, boundary agreement and volume estimation.



2.4 Transferable representations enable low-cost and robust
downstream adaptation

In the analyses above, pretrained foundation models were adapted to downstream
tasks through conventional full-parameter fine-tuning. For a foundation model to be
practically useful, however, its pretrained representation should remain effective when
downstream adaptation is constrained by limited computational resources, scarce task-
specific annotations or imperfect image quality. These constraints are particularly
relevant to structural brain MRI, where new clinical applications may not support
extensive task-specific optimization, may provide only a small number of expert-
labelled examples and may involve acquisition-related image degradation caused by
motion, reduced spatial resolution or intensity inhomogeneity. We therefore evalu-
ated BrainFedFM under three complementary conditions: frozen-encoder adaptation,
extreme few-shot adaptation and simulated MRI perturbations, across multiple sclero-
sis diagnosis (SibBMS), parkinsonism subtype classification (4RTNI) and Alzheimer’s
disease prediction (ADNI-4) tasks (Figs. 5 and 6).

We first examined whether BrainFedFM could support effective downstream trans-
fer when adaptation was restricted to only a small fraction of trainable parameters,
thereby reducing the computational cost of task-specific fine-tuning (Fig. 5). With
conventional full-parameter fine-tuning as a reference, BrainFedFM achieved the high-
est BA result among all seven models under frozen-encoder setting, reaching 67.69%
on ADNI-4, 76.26% on SibBMS and 80.87% on 4RTNI. These results indicate that
BrainFedFM pretraining learned a reusable structural representation that preserved
information relevant to diverse downstream tasks, providing a feature basis from which
task-specific decision boundaries could be learned with only minimal parameter updat-
ing. Consistent with this interpretation, t-SNE visualizations of the encoder features
showed clearer class-wise organization for BrainFedFM. Saliency analyses further indi-
cated that BrainFedFM pretraining yields a more spatially organised and anatomically
coherent task-relevant representation, providing a favourable representational starting
point for downstream adaptation (Fig. 6¢). Together with the clearer class-wise feature
organisation, these findings suggest that BrainFedFM enters downstream adaptation
with a more structured and task-ready representation, enabling effective transfer with
only limited parameter updating and fine-tuning cost.

We next examined whether BrainFedFM could support downstream adaptation
under an extreme few-shot regime (Fig. 6b). This setting tests whether a pretrained
representation contains sufficiently reusable task-relevant information to support a new
clinical task with minimal additional supervision, which is particularly important when
expert annotations are costly or difficult to obtain. Using only five labelled training
examples per class, BrainFedFM achieved the highest mean BA result across repeated
samplings on all three tasks, reaching 65.35% on SibBMS, 60.01% on 4RTNI and
58.82% on ADNI-4, compared with 63.51%, 58.36% and 51.45%, respectively, for the
strongest comparator on each task. The persistence of this advantage under such sparse
supervision indicates that BrainFedFM required comparatively little task-specific evi-
dence to establish useful decision boundaries from its pretrained representation. This
behaviour is consistent with dual-priority federated pretraining capturing informative
anatomical structure while integrating complementary variation across heterogeneous



sites, thereby yielding a reusable feature basis for rapid adaptation when labelled
examples are scarce.

Finally, we examined whether the transfer advantage conferred by BrainFedFM
pretraining persisted when downstream models encountered non-ideal MRI inputs
(Fig. 6a). Because acquisition-related variations can substantially alter image appear-
ance without changing the underlying anatomical information of interest, robustness
to such perturbations provides a complementary test of whether pretrained representa-
tions remain reliable beyond clean evaluation data. Following downstream fine-tuning,
motion artefact, resolution degradation and bias-field inhomogeneity were introduced
only to the held-out test images. BrainFedFM showed particularly pronounced advan-
tages under motion and resolution degradation. On SibBMS, it exceeded FedMAE by
17.42% in BA under motion artefact and by 9.62% under resolution degradation, with
corresponding mF1 gains of 23.04% and 13.24%. On 4RTNI, the largest advantage
occurred under resolution degradation, with gains of 16.48% in BA and 21.88% in
mF1. On ADNI-4, BrainFedFM maintained BA gains of 11.73-14.87% and mF1 gains
of 13.28-15.89% across all three perturbations. These results show that the trans-
fer advantage conferred by BrainFedFM pretraining was not confined to clean MRI
inputs, but persisted when test-time image quality deviated from the clean evalua-
tion setting. Together with its performance under restricted parameter updating and
extreme few-shot supervision, this robustness demonstrates that BrainFedFM learns
transferable structural representations that remain effective under multiple practical
constraints relevant to clinical downstream adaptation.

3 Discussion

BrainFedFM addresses a central challenge in neuroimaging foundation model devel-
opment: how to learn broadly generalizable representations from large, heterogeneous
imaging collections that cannot be readily centralized. Despite this decentralized
setting, BrainFedFM achieved stronger aggregate downstream performance than
the centralized-pretraining comparators, and its advantage persisted under reduced
labelled supervision, restricted parameter updating and degraded image quality. These
findings indicate that federated pretraining can support generalizable representation
learning by leveraging complementary variation across heterogeneous cohorts. More
broadly, the results highlight that the value of distributed imaging data depends not
only on their collective scale, but also on how effectively cohort-specific information
is retained and integrated into a shared representation.

BrainFedFM showed its largest gains in classification and regression, while retain-
ing favourable performance in segmentation. This pattern likely reflects differences in
how pretrained representations are translated into downstream tasks: classification and
regression couple the encoder to simple single-layer linear heads, whereas segmentation
relies on a randomly initialized segmentation decoder to recover dense voxel-wise out-
puts. The consistent performance across all task families indicates that the pretrained
representation captures information relevant to both subject-level prediction and spa-
tially resolved analysis. BrainFedFM pretraining provides a more spatially organised
and anatomically coherent representational starting point for downstream adaptation.
For structural brain MRI, such generalizability requires representations that preserve



coherent global neuroanatomy together with localized anatomical variation. Brain-
FedFM'’s spatial-priority masking is designed around this requirement, emphasizing
lifespan-supported and reconstruction-difficult regions while retaining random mask-
ing for broad anatomical coverage. By reinforcing informative local structure within
a broad anatomical context, this strategy provides a plausible basis for the consistent
performance observed across diverse downstream tasks.

BrainFedFM also showed particular strength in clinically specialized and compar-
atively underrepresented populations, including parkinsonism subtype classification,
psychiatric differential diagnosis, cannabis dependence classification, autism diagno-
sis and pediatric MS lesion segmentation tasks. These findings highlight an important
advantage of federated pretraining: smaller or specialized cohorts can contribute
disease- and population-specific variation that may be underrepresented when central-
ized pretraining is dominated by much larger general-population cohort. Conventional
federated aggregation, however, often assigns greater weight to sites with more
samples, which can reduce the influence of smaller cohorts despite the distinctive infor-
mation they contribute. BrainFedFM addresses this limitation through site-priority
aggregation, which assigns greater aggregation weight to federated site with stronger
lifespan support or higher residual reconstruction difficulty, allowing anatomically rel-
evant or insufficiently learned information to contribute more substantially to the
global model updating. The resulting gains suggest that effective federated foundation
model building depends not only on enabling distributed cohorts to participate, but
also on ensuring that their complementary information is appropriately represented
during global model integration.

Several limitations of the present study warrant consideration. The current
experiments used simulated synchronous cross-silo federated training with all sites
participating in every communication round. This controlled setting enabled system-
atic evaluation of the proposed pretraining framework, but does not capture practical
sources of heterogeneity in real multi-institutional federation, including intermit-
tent site participation, straggler delays, unequal computational and communication
resources, and asynchronous updates. Future multi-institutional studies should there-
fore assess BrainFedFM under these realistic operating conditions. Although the
pretraining federation encompassed broad variation in age, clinical population and
acquisition setting, its composition was necessarily constrained by the availability of
public and controlled-access research cohorts. Coverage of rarer disorders and less
commonly represented clinical populations nevertheless remains limited. Expanding
federation to these populations would further broaden the clinical scope of Brain-
FedFM and better leverage the advantages of distributed pretraining in settings where
assembling large centralized datasets is challenging.

Overall, BrainFedFM suggests a broader strategy for scaling neuroimaging founda-
tion models: moving beyond ever-larger centralized datasets toward effective learning
across distributed and heterogeneous cohorts. Federated pretraining is not merely a
response to privacy constraints, but a means of learning from population and acqui-
sition variation that is dispersed across institutions and difficult to capture through
centralized pooling. By integrating such variation into a shared representation, Brain-
FedFM provides a practical route toward foundation models that better reflect the
diversity of real-world clinical populations and imaging environments.
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BrainFedFM combined spatial-priority masking at each site with site-priority aggregation at the
server, linked by a global priority memory. Random, lifespan-guided and difficulty-guided masked
views promote broad spatial coverage while emphasizing lifespan informative and persistently diffi-
cult regions. The server adaptively integrates site updates and returns accumulated cross-site spatial
evidence to guide subsequent rounds of local pretraining. ¢, Downstream comprehensive evaluation.
The pretrained encoder was retained as the BrainFedFM foundation model and evaluated across 20
downstream datasets. BrainFedFM was compared with six models spanning from-scratch, centralized
and federated pretraining. The radar plot summarizes task-wise performance, while the panel on the
right reports the overall and task-family mean ranks.
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Fig. 2 Broad downstream transfer of BrainFedFM across diverse structural brain MRI
analysis tasks. a, Balanced accuracy across 11 classification datasets. b, Mean balanced accuracy
relative to Scratch, the centralized-pretraining mean and FedMAE (left), and mean classification rank
across all seven models (right). ¢, Regression performance across four datasets, expressed as relative
RMSE reduction versus Scratch. d, Mean normalized RMSE relative to the three comparison groups
(left) and mean regression rank (right). e, Segmentation performance across five datasets, expressed
as Dice difference versus Scratch. f, Mean Dice relative to the three comparison groups (left) and
mean segmentation rank (right). g, Dataset-level rank distributions across all 20 downstream datasets
(left) and overall mean-rank ordering (right). h, First- and second-place results across the 20 datasets,
with tied positions retained. The centralized-pretraining mean denotes the mean performance of
SwinUNETR*, VoCo*, S3D* and data-matched S3D. Higher balanced accuracy and Dice, lower
RMSE and lower rank indicate better performance.
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Fig. 3 BrainFedFM retains its relative advantage under reduced labelled supervision. a
Radar plots summarizing task-wise performance across the 20 downstream datasets using 50% (left)
and 25% (right) of the labelled development data. b, Mean ranks within classification, regression and
segmentation at 50% (left) and 25% (right) labelled data. Relative improvements of BrainFedFM over
Scratch, the centralized pretraining mean and FedMAE are shown below each ranking. ¢, Overall
mean ranks of all seven models across the 100%, 50% and 25% labelled-data settings (left), and the
numbers of datasets on which BrainFedFM ranked first or within the top two at each label fraction
(right). d, Changes in mean classification, regression and segmentation performance as the labelled-
data fraction decreases from 100% to 25%. e, Mean task-family performance of all seven models at
50% (left) and 25% (right) labelled data. The labelled-data fractions were varied only within the
development set, while the held-out test sets remained fixed.
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Fig. 4 BrainFedFM demonstrates reproducible cross-cohort transfer across correspond-
ing clinical tasks. a,b, Psychiatric diagnosis on UCLA-CNP and SRPBS, showing balanced
accuracy and macro-averaged F1, together with micro-averaged ROC curves, worst-class recall and
accuracy—calibration balance. c¢,d, Brain-age prediction on SALD and NKI-RS, showing RMSE and
R2, together with age-error distributions, Q90 absolute error and RMSE-CCC relationships. e,f,
MS lesion segmentation on ISBI-2015 and PediMS, showing Dice and IoU, together with NSD gain
and surface-volume balance. g, Representative qualitative MS lesion segmentation results, show-
ing reference annotations, model predictions and corresponding prediction errors. Primary metrics
are reported across all labelled-data settings; detailed analyses use 100% labelled data. Q90, 90th-
percentile absolute error; CCC, concordance corrglgtion coefficient; ECE, expected calibration error;
NSD, normalized surface Dice; LF1, lesion F1; and HD95, 95th-percentile Hausdorff distance.
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Fig. 5 BrainFedFM preserves discriminative representations with parameter-efficient
downstream adaptation. a,b, Alzheimer’s disease prediction on ADNI-4 under full fine-tuning
and frozen-encoder adaptation, respectively. c,d, Corresponding analyses for multiple sclerosis diag-
nosis on SibBMS. e,f, Corresponding analyses for parkinsonism subtype classification on 4RTNI.
Two-sided P values were estimated using paired subject-level permutation tests with 100,000 Monte
Carlo permutations and adjusted using the Holm procedure. Full fine-tuning panels show balanced
accuracy and class-normalized confusion matrices, whereas frozen-encoder panels show balanced accu-
racy and t-SNE visualizations of encoder features. During frozen-encoder adaptation, the pretrained
encoder remained fixed apart from a narrowly restricted residual block in its final stage, while down-
stream adaptation was performed through a single-layer linear prediction head operating on the
320-dimensional encoder feature. BrainFedFM retained the best performance under this setting and
showed clearer class-wise organization in the pretrained representation space.
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Fig. 6 BrainFedFM remains robust to MRI perturbations and provides a spatially
organised basis for downstream adaptation. a, Robustness of downstream models fine-tuned
from FedMAE and BrainFedFM to clinically plausible MRI perturbations. The models were evaluated
on held-out test images with simulated motion artefact (5°/5mm rigid motion; two motion events),
resolution degradation (twofold downsampling followed by restoration) or bias-field inhomogeneity
(coefficient 0.20). BA and mF1 are reported for each perturbation; values above each comparison
indicate performance differences in percentage points. b, Five-shot downstream adaptation using
only five labelled training examples per class. Points and horizontal error bars summarize BA across
repeated few-shot samplings for all evaluated models. ¢, Representative mean saliency maps under
frozen-encoder adaptation for cases correctly classified by both FedMAE and BrainFedFM. Despite
matched prediction correctness, the two models exhibited distinct spatial organisation of task-relevant
responses, with BrainFedFM showing more focused and anatomically coherent saliency across the
three clinical tasks. These patterns suggest that BrainFedFM pretraining establishes a more organ-
ised spatial representational basis before extensive downstream adaptation.
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4 Methods

4.1 Pretraining data and preprocessing

The pretraining data comprised 164,707 three-dimensional structural brain MRI scans
organized across 42 federated sites. It encompassed pediatric, adult, and older adult
populations, healthy and disease-specific cohorts, and multiple imaging sequences.
Across sites, there was substantial variation in sample scale, age distribution, clinical
composition, scanner vendor, and acquisition protocol. Detailed data information is
provided in Supplementary Table 2. Federated pretraining was implemented in a sim-
ulated cross-silo setting, with all sites participating in every communication round.
Images and metadata remained in separate site-specific data stores. The central server
received only model updates and compact block-level summaries required for site-
priority aggregation and for updating the global priority memory. Raw images were
neither exchanged across sites nor pooled centrally.

A standardized preprocessing workflow was applied independently at each site.
Structural MRI series were curated to exclude localizer scans and duplicate copies
of the same imaging series, and DICOM data were converted to NIfTT format using
dem2niix [45] where required. Each scan underwent N4 bias-field correction [46] to
reduce low-frequency intensity inhomogeneity, brain extraction using DeepBET [47]
to remove non-brain tissue, resampling by linear interpolation to an isotropic resolu-
tion of 1.0 x 1.0 x 1.0 mm?, and rigid registration to the MNI152 reference space using
FLIRT [48]. Only rigid alignment was applied to establish approximate anatomical
correspondence while preserving subject-specific anatomy and disease-related struc-
tural changes. The MNI-aligned volumes were subsequently processed using the nnSSL
framework [13], which follows an nnU-Net-derived fingerprinting, planning, and pre-
processing pipeline [49]. Under the 1-mm isotropic configuration, the common target
spacing was retained, each volume was cropped to its nonzero image region, and
per-volume z-score intensity normalization was applied. These operations reduced
variation arising from image background, intensity scale, and voxel geometry while
maintaining the anatomical correspondence required by the shared block-wise coordi-
nate system used for spatial-priority masking and the global priority memory. Quality
control evaluated image geometry, anatomical coverage, brain-extraction quality, and
registration alignment; scans with evident preprocessing failures were reprocessed
when possible and otherwise excluded before pretraining. The detailed preprocessing
workflow is shown in Supplementary Fig. 1.

4.2 Downstream benchmark datasets

The downstream benchmark comprised 20 datasets—11 classification, 4 regression,
and 5 segmentation—spanning 17 distinct task definitions. Three of these tasks were
evaluated on two datasets each. The benchmark encompassed binary and multiclass
neurological and psychiatric diagnosis, disease-subtype and radiogenomic classifica-
tion, chronological-age and clinical-outcome regression, and brain tissue, tumor, and
lesion segmentation. The pretraining and downstream cohorts were kept strictly dis-
joint at the subject level, with no subject appearing in both sets. For each dataset, 20%
of the available data were reserved as a held-out test set, and three-fold cross-validation
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was performed within the remaining 80% development set. In each cross-validation
iteration, two folds were used for training and the remaining fold for validation. The
same held-out test set and cross-validation folds were used for all comparison foun-
dation models. The full-label setting used all data available within each training and
validation fold, whereas the 25% and 50% labelled-data settings retained the corre-
sponding proportions of the training and validation data, while leaving the held-out
test set unchanged. Detailed downstream task definitions, imaging sequences, sample
splits, and data sources are provided in Supplementary Table 1.

4.3 Overview of dual-priority federated pretraining

BrainFedFM used a synchronous, server-coordinated federated learning framework to
learn a generalizable structural brain MRI representation while raw images remained
locally stored [50]. Its dual-priority design operated at two complementary levels:
spatial-priority masking balanced broad anatomical coverage with targeted reconstruc-
tion of informative and persistently difficult regions, whereas site-priority aggregation
weighted site updates according to their priority rather than local cohort size. Let
K = 42 denote the number of participating sites, ©() the global model parameters
after communication round r, and ¢(") the corresponding global priority memory. At
round 7, the server broadcast ©~1) and ¢("=1) to all sites; each site k initialized a
local copy of the global model, performed masked reconstruction on its local scans, and
returned the updated parameters @,(:) together with compact block-level summaries.
The server used these summaries to compute site-specific aggregation weights, com-
bined the local parameters to obtain O, and updated ¢ for the next round. Here,
the global model denotes the shared encoder—decoder architecture maintained by the
server during federated pretraining; after the final round, the pretrained encoder was
retained as the BrainFedFM foundation model for downstream transfer.

4.4 Pretraining architecture and masked reconstruction

BrainFedFM adopted three-dimensional masked image modelling [51] as its self-
supervised pretraining objective. Masked reconstruction has been reported to be more
robust than contrastive learning to non-IID data in distributed self-supervised set-
tings [52], supporting its use for pretraining across heterogeneous federated sites.
For each structural MRI input, a subset of spatial blocks was withheld, and the
model was trained to recover the missing image content from the visible anatom-
ical context. The pretraining model followed a fully convolutional 3D U-Net-style
encoder—decoder architecture based on the ResEnc-L configuration [53]. This convo-
lutional design was selected for its comparatively modest computational and memory
requirements, facilitating repeated local optimization across sites and communication
rounds. Its multiscale encoder—decoder structure was also well suited to dense volumet-
ric reconstruction. Strided convolutions progressively reduced the spatial resolution
to extract hierarchical volumetric representations, whereas the decoder restored the
input resolution through transposed convolutions and multiscale skip concatenations
from the corresponding encoder stages. The complete model architecture is shown in
Supplementary Fig. 2.
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Each training sample comprised a single-channel patch of 160 x 160 x 160 voxels
extracted from a preprocessed MRI volume. The patch was partitioned into non-
overlapping blocks of 16 x 16 x 16 voxels, yielding a 10 x 10 x 10 grid with B = 1,000
spatial blocks. Standard masked image modelling typically uses random masking.
BrainFedFM retained this random view and introduced two additional views, lifespan-
guided and difficulty-guided masking, to prioritize complementary spatial regions
during local pretraining. For masking view v € {rand, life, dif}, let the voxel-wise mask
m;, obtained by expanding the sampled block mask, equal 1 for a visible voxel and
0 for a masked voxel. Given the masked input x ® m", the model produced a full-
volume reconstruction 2V with the same spatial dimensions as the input patch. Masked
reconstruction encouraged the model to capture multiscale structural dependencies
and learn transferable representations for downstream brain MRI analysis. Although
the model generated a full-volume output, the reconstruction loss was evaluated only
over masked voxels, thereby focusing optimization on recovering missing anatomical
content rather than reproducing visible regions:

o _ i (@] ) (1 my)
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4.5 Spatial-priority masking

v € {rand, life, dif }. (1)

Spatial-priority masking was designed to maintain broad anatomical coverage while
directing additional reconstruction effort toward regions exhibiting lifespan-associated
variation and regions that remained persistently difficult to reconstruct. At each fed-
erated site, every input patch was converted into three stochastic masked views with
the same 50% masking ratio. The random view sampled spatial blocks uniformly, the
lifespan-guided view preferentially masked blocks showing greater lifespan-associated
variation across the age intervals represented locally, and the difficulty-guided view
preferentially masked blocks that remained difficult for the evolving model to recon-
struct. All three views shared the same model parameters and reconstruction target
and differed only in their block-sampling distributions.

The lifespan prior I, was estimated once before federated pretraining from scans
with valid age metadata, with lifespan-associated variation calculated using compar-
isons within the same imaging sequence to reduce sequence-dependent contrast effects.
Its contribution was scaled by a site-specific support score s that reflected the avail-
ability and distribution of local age information; age metadata were used only to
construct this masking prior and were not provided to the model. In parallel, each site
maintained a dynamic difficulty map hl(f) based on the moving average of masked-
block reconstruction errors. At communication round r, the local maps were combined
with the global priority memory ¢("~b:

pzfe’(r) = Norm {alskR(lk) +agR (q(r_l)ﬂ ,

P(liiﬁ(r) = Norm [OédR (hg_l)) +a4R (q(ril))} )
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where R(-) denotes robust normalization and Norm(-) normalizes the resulting block-
priority scores to a common scale. The coeflicients oy, aq, and a4 control the relative
contributions of the lifespan prior, local difficulty map, and global priority memory.
Guided priorities were converted into stochastic sampling probabilities with a nonzero
baseline for every block, such that blocks with higher priorities were more likely to be
masked without imposing fixed anatomical masks.

The three views were optimized jointly during each local update. Their masked-
voxel mean-squared reconstruction losses were averaged, and a low-weight consistency
term encouraged the full-volume reconstructions generated from different visible
anatomical contexts to remain similar, thereby promoting stable reconstruction of the
same underlying anatomy across different masking patterns:

E(T) —

local —

(L1 + Lyge + L768) + Aconge(r) (Lios + Lign)

w|

where the L., terms denote consistency losses, Acon sets their maximum weight, and
gc(r) gradually increases their contribution from zero to full strength over training.

Together, the three masking views balanced broad anatomical coverage with tar-
geted reconstruction. The random view ensured continued sampling across the full
patch, the lifespan-guided view emphasized blocks showing greater lifespan-associated
variation across locally represented age intervals, and the difficulty-guided view
revisited blocks with persistently high reconstruction error. Combining these local pri-
ority maps with the global priority memory allowed each federated site to preserve
site-specific spatial information while benefiting from priorities accumulated across
participating sites. Further methodological details are provided in Supplementary
Methods. Site-specific age distributions and representative lifespan-guided priority
maps are shown in Supplementary Fig. 3, and examples of the three masked views
and their reconstructions are shown in Supplementary Fig. 4.

4.6 Site-priority aggregation

Site-priority aggregation was designed to make each global model update reflect
complementary anatomical information across federated sites, rather than being deter-
mined directly by local cohort size. All sites performed the same fixed number of local
gradient-update steps in each communication round, without requiring a full pass
over all locally available samples. BrainFedFM therefore prioritized site updates using
lifespan support and residual reconstruction difficulty. Greater aggregation weights
were assigned to sites with more reliable lifespan priors or greater reconstruction diffi-
culty in globally prioritized regions, helping the global model integrate lifespan-related
variation and unresolved reconstruction patterns across sites.

At communication round r, each site initialized its local model from the broad-
cast global parameters ©(" 1) performed local masked reconstruction, and returned
the updated parameters @;cr) to the server. Before federated aggregation, the server
calculated a site-priority weight from two complementary quantities. The lifespan
support score s reflected the reliability of the local lifespan prior, whereas the residual-

difficulty score u,(f) summarized the remaining reconstruction difficulty at site k,
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weighted by the corresponding global block priorities. These quantities were combined
into the site-priority score 1/},(:), which was converted into the aggregation weight wl(f)

used to construct the next global model:

B
r 1 T (r— ~(r— T ~\r
u!) = Ezhl(c,b Y (1 +dj 1))’ = Asupsi + Aty
b=1

(r)
exp (1/) ) K
w'™ = k o — Zw(r)g(r)
k K (r) ’ k k >
Zj:l exp (7/)] ) k=1
where fL,(ffl) is the normalized local difficulty map of site k, ¢("~1) is the normalized

is the min—max normalization of w, ' across sites.

global priority memory, and ﬁ,(:)

(r)
k

The factor 1 + (jér_l) preserved difficulty information from the full spatial grid while
assigning greater importance to residual difficulty in globally prioritized blocks. The
lifespan-support and residual-difficulty terms contributed equally with Agup = Aqgir = 1.
Softmax normalization allowed every site to contribute while increasing the influence
of updates with stronger lifespan support or greater residual difficulty in globally
emphasized regions.

The global priority memory linked site-priority aggregation back to spatial-priority
masking in subsequent rounds. It was initialized from a support-weighted combination
of the local lifespan priors. After each round, the current site-priority weights were
used to form normalized weighted summaries of the local lifespan and difficulty maps,
denoted by 1) and h(") respectively. The memory was updated as

¢ =Norm { (1 = g™V +n [B,17 + (1= )]}, n=02,

where 7 controlled the memory update rate and (3, balanced the lifespan and difficulty
summaries. The coefficient (3, decreased linearly from 0.75 to 0.50 during pretraining,
increasing the contribution of the difficulty summary from 0.25 to 0.50. The memory
therefore emphasized the more stable lifespan priors during early pretraining and
progressively incorporated greater difficulty information as the reconstruction-based
difficulty estimates became more reliable. The updated memory was broadcast with
the global model at the beginning of the next round and contributed to both guided
masking views, allowing spatial priorities identified locally to be accumulated across
sites and reused during subsequent local pretraining.

4.7 Federated pretraining implementation

BrainFedFM was pretrained for 150 synchronous communication rounds, with all
42 federated sites participating in every round. Each site initialized its local model
from the global parameters, performed 200 local gradient-update steps, and returned
the updated parameters for aggregation. Local optimization used stochastic gradient
descent with Nesterov momentum, a constant learning rate of 1 x 1072, momentum
of 0.99, and weight decay of 3 x 107°. Automatic mixed precision was used, and the
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maximum gradient norm was set to 12. To stabilize priority estimates, lifespan and
global-memory guidance were activated after the first 10% of pretraining, whereas
difficulty guidance was activated after the first 20%. Cross-view consistency was acti-
vated after the first 10% of rounds, with its weight increasing linearly from zero to
Acon = 0.03 by 50% of the pretraining schedule. After each round, the global model was
evaluated on the validation partition of every site using the equally weighted mean of
the three masked-reconstruction losses, and the resulting site-level losses were averaged
uniformly. Cross-view consistency was excluded from model selection, and the check-
point with the lowest federated validation loss was retained for downstream transfer.
A single pretraining configuration was used across all sites, and detailed settings are
provided in Supplementary Table 3.

4.8 Adaptation to downstream tasks

After federated pretraining, the reconstruction decoder was discarded and the pre-
trained encoder was retained as the BrainFedFM foundation model. For each
downstream task, the pretrained encoder served as the backbone and all primary
evaluations employed full-parameter fine-tuning. For classification and regression, the
encoder was jointly optimized with a newly initialized single-layer linear prediction
head, whose output dimension matched the number of classes or continuous targets,
respectively. For segmentation, the encoder was jointly optimized with a randomly
initialized segmentation decoder. Within each dataset, all evaluated models used the
same task-specific head or decoder architecture and followed an identical downstream
adaptation protocol. Transfer performance was evaluated using 25%, 50%, and 100%
of the labelled training and validation data within each predefined subject-level fold,
while the held-out test set remained fixed. At each label fraction, the same subjects,
data augmentations, optimization settings, and model-selection procedure were used
across models. The checkpoint achieving the best validation performance was selected
for evaluation on the held-out test set. Detailed task-specific adaptation settings are
provided in Supplementary Tables 4-23.

4.9 Comparison foundation models

BrainFedFM was compared with six models spanning random initialization, publicly
released centralized pretraining, data-matched centralized pretraining, and federated
pretraining. Scratch used randomly initialized weights with the same downstream
architecture. SWinUNETR* [42] (multi-task proxy learning), VoCo* [10] (volume-level
contrastive learning), and S3D* [43] (masked image modelling) used publicly released
checkpoints from the OpenMind benchmark [13]. A separate S3D model was cen-
trally pretrained on the same corpus used for BrainFedF'M, providing a data-matched
centralized comparison. FedMAE [44] provided the corresponding federated compar-
ison. It matched BrainFedFM in pretraining data, site organization, communication
schedule, and local update budget, but used random masking and standard Feder-
ated Averaging (FedAvg) without spatial-priority masking, site-priority aggregation,
or the global priority memory. All foundation models were compared using the same
downstream adaptation protocol described above.
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4.10 Evaluation metrics

Balanced accuracy (BA), root mean squared error (RMSE), and dice similarity coeffi-
cient (Dice) were prespecified as the primary metrics for classification, regression, and
segmentation, respectively. BA accounts for class imbalance, RMSE quantifies predic-
tion error with greater sensitivity to large errors, and Dice measures spatial overlap
between predicted and reference labels. Fold-averaged primary metrics were used for
dataset-level comparisons and overall model ranking, with higher BA and Dice and
lower RMSE indicating better performance. We additionally reported macro F1 score
(mF1) and macro one-versus-rest ROC area under the curve (AUC) for classification,
mean absolute error (MAE) and the coefficient of determination (R?) for regression,
and intersection-over-union (ToU) and normalized surface Dice (NSD) for segmenta-
tion. More task-specific metrics and complementary visual analyses are provided in
Supplementary Tables 4-23 and their associated panels.

4.11 Computing software and hardware

All experiments were implemented in Python (v3.12.12) using PyTorch (v2.9.1) [54].
Federated pretraining was implemented by extending the nnSSL framework with
the proposed federated optimization and dual-priority modules [13], and downstream
segmentation was implemented based on nnU-Net v2.6.2 [49]. Classification and regres-
sion experiments were implemented using Lightning (v2.4.0). NumPy (v2.3.5) [55]
and pandas (v2.3.3) [56] were used for numerical processing and result aggregation,
scikit-learn (v1.8.0) [57] and SciPy (v1.16.3) [58] for metric computation and statis-
tical analysis, and Matplotlib (v3.10.8) and NiBabel (v5.3.3) for visualization and
neuroimaging file handling. The complete BrainFedFM pretraining network contained
approximately 102.35 million parameters. Federated pretraining was performed on
four NVIDIA H800 GPUs with 80 GB of memory each and required 26.3 days, cor-
responding to 2,525 H800 GPU-hours, whereas downstream adaptation and inference
were performed on a single NVIDIA 3090 GPU with 24 GB of memory.

4.12 Statistical analysis

For each model and downstream dataset, test performance was reported as the mean +
standard deviation across the three fold-specific models obtained from cross-validation
within the development set and evaluated on the held-out test set. BrainFedFM was
compared with each of the six comparison models using paired predictions from the
same test subjects. Two-sided P values for between-model differences were estimated
using paired subject-level permutation tests with 100,000 Monte Carlo permutations.
The three fold-specific predictions for each test subject were retained as a single cluster
throughout permutation testing. P values were adjusted across the comparisons within
each dataset and labelled-data setting using the Holm procedure. For overall ranking,
evaluated models were ranked within each dataset using the fold-averaged primary
metric—BA for classification, RMSE for regression, and Dice for segmentation—and
mean ranks across the 20 datasets were calculated.
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Data availability

All imaging data used in this study are available from publicly accessible or controlled-
access repositories maintained by the original data providers. Dataset sources, cohort
characteristics, imaging sequences and access information for the pretraining cohorts
organized across 42 federated sites are provided in Supplementary Table 2. Dataset
sources, task definitions, imaging sequences, sample splits and access information for
the 20 downstream benchmark datasets are provided in Supplementary Table 1. The
study does not redistribute raw imaging data, and access remains subject to the regis-
tration requirements, licences and data-use agreements specified by the corresponding
repositories or data providers.

Code availability

The source code for data preprocessing, federated pretraining, downstream fine-tuning,
inference evaluation across classification, regression, and segmentation tasks, together
with all pretrained foundation model weights, is publicly available at https://github.
com/SPIresearch/BrainFed FM.
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