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Brain aging and neurodegeneration cause heterogeneous, region-specific structural changes, but modelling subject-specific trajectories is limited by scarce
longitudinal data and reliance on paired scans or global conditioning.
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PROPOSAL

BrainST is a latent diffusion model [1] trained on cross-sectional data that uses volumes from 18 brain regions of interest e
(ROIls) to enable anatomically controlled T1w MRI synthesis, counterfactual modification, and longitudinal prediction [2,3].
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Figure 1. Framework capabilities. Left: Synthetic generation from random noise conditioned on target volumes, manually specified or generated from covariates. Centre: Anatomically
controlled transformation of existing scans via volumetric manipulation. Right: Longitudinal MRI prediction driven by subject covariates.

E

D

—— o o = o o e o o o -

___________________________________________________

— o o e e e e e e e e e oy,

Scheduler — 7t

! Segmentation :I
§£§ | €
134 I
¥ F " Time
} |t

Target volumes (v)

Target masks

- mm Em o o EE EE EE o EE EE EE e o Em e o e o o o o e e e e o e M M e e M M e e e

Figure 2. Architecture and training. The framework consists of an image generation module (blue) and an ROI volumetric generation module (green). The image module includes a
pretrained VAE, a cross-attention denoiser, and an auxiliary alignment loss. The volumetric module models structural volumes conditioned on covariates. Both modules are jointly
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trained to predict noise and maintain anatomical consistency.

RESULTS

Synthesis

- Transformation

HIGHLIGHTS

Flexible framework for anatomically
controlled T1w MRI generation.

Fine-grained volumetric conditioning
for global and local guidance.

Structure-aware loss for improved
regional control and identity
preservation.

Training on cross-sectional data with
application to longitudinal MRI
generation in healthy and diseased
populations, back-and-forth in time.

Large-scale and targeted
counterfactual transformations.

CONCLUSION

rainST demonstrates improved

structural fidelity and lower volumetric
errors compared to prior methods. It

SO0 enables localized counterfactual
nanges Wwhile preserving subject

10

entity, supporting its use In

neuroimaging research with limited
longitudinal data.

/

~N
BrainST AP BrainST Lateral Ventricles Hippocampus
i r
15 Base-img-3C 20 BrLP
Base-img-18C BrainST
_12.5 7| 1w BrainST-img — 15
5 10 2 10
5 G
I P S *%
: * AT S o BTSN HT — o .
i ety
* * & -5
2.5 ‘ | -10
| R N I T
O VVIAV VIVV AAIAA AAIAA AVIAA VVIAA
60 Age (years) 80 CSE oM LV H He AM CSF GM LV TH HC AM CSF GM LV TH HC AM
Figure 3. Synthesis Figure 4. Volumetric synthesis error. Percentage error between synthetic and Figure 5. Transformation Figure 6. Localized anatomical transformations. Signed percentage volume
examples. Left: 60-year-old target volumes included for a representative image generation framework (BISLDM) examples. Top: subject A with change between transformed and baseline MRIs. Each panel shows a 5% controlled
healthy female. Right: 86- (4], two ablated variants of our proposal (Base-img-3C, Base-img-18C), and the volumes from B. Bottom: modification of one target structure (™ = increase, ¥ = decrease and “-” denotes no
\year—old AD female. proposed image generator (BrainST-img). * denotes significant improvement. ) subject B with volumes from A. modification). Results for baseline diffusion framework (BrLP) [5] and BrainST. )
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Figure 7. Longitudinal evolution. AD subject. Top: real scans; bottom: BrainST predictions. Figure 8. Volumetric errors in longitudinal prediction. Percentage error between predicted and expected follow-up volumes for two state of
First column: baseline and reconstruction; subsequent columns: follow-ups. Each cell the art methos, BrLP [5] and InBrainSyn [6], and BrainST. Bars indicate median; whiskers, 25th-75th percentiles. * denotes significant
\shows axial view, zoom, and difference from ground truth. improvement. // denotes cropped bars for display (4V InBrainSyn = 12.84%, BrLP = 14.04%). )
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