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Summary

B Brain Age Estimation from MR Images
® Brain age can be estimated from morphological changes in the brain
® Evaluating the age gap between estimated and chronological age
helps detect brain disorders early 24 ylo 82ylo

900
B Conventional methods for age estimation from MRI . > GM

® Squeeze-and-Excitation Transformer (SQET) [1] effectively captures o
both local features and global relationships
® |ts final linear mapping makes it difficult to correct systematic errors
and model complex non-linear trends 400 -
¥ Proposed method: SQET-MoE 300, IR
® We utilize a two-stage framework, inspired by TSAN [2] 200 80 6 7o 8 8o
® SQET performs coarse age estimation, while a Mixture-of-Experts (MoE) Age [years old]
module estimates the residual to minimize final error Volume changes in brain tissue with aging
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Proposed Method: 1= \la=

Capture fine-grained local anatomical Capture long-range dependencies between spatially
patterns distant regions
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® Perform coarse age estimation
Inception block Inception block Inception block from 3D brain MRSIJ
Y down-sampling down-sampling down-sampling .- °
® Fuse CNN and Transformer to
Conv 3x3x3 __ l . l _* l T :
down-sampling Inear capture both local anatomical
SE transformer SE transformer SE transformer patterns and gIOb_aI dependen?'es
block block block ® Reduce computational cost using
the SE transformer block
\ \ Y Y e Apply auxiliary regression at
Estimated _ _ Chronological _ _, Estimated Global Estimated inl::rxlediate ga gs to stabilize
dge Loss dge Loss dge feature dge -~ g
| | Concat | | ‘ A tralnlng
|
* * : : : : 7 ' Correct the estimation residual
: O
Chronological _
o e | Lt |t | e age using global features and coarse
Y Y Y Y Y Y A predictions from SQET
A e e A A A Loss e Dynamically assign optimal weights
,g;) B SR a@% _,Q% a@% Y to multiple MLP experts via a gating
Predicted eStII:I‘I:aatle q mechanism
| | | | | v resuflual | @' age e Effectively model complex
WA WoA  WiA  WiA WA WeA nor.l-llm:)arltles, minimizing final
| ¥ i i 3 1 estimation error
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Experimental Results

B Evaluation using two datasets of healthy subjects IXI / ADNI Aoba-1/ Tsurugaya-1
® IX1/ ADNI [3] : Age-imbalanced dataset MAE [yrs] | | Corr.T | MAE [yrs] || Corr.?
® Aoba-1/ Tsurugaya-1 [4] : Age-balanced dataset
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