Multiscale Deep Learning Reveals Regional Brain Aging Topography
And Its Clinical Relevance In Alzheimer’S Disease
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. . . . RESULTS
(BACKGROUND Predict brain age using Deep Learning models A 4 Current Clinical Challenges in |

Prior studies: MRI-detected from T1 weighted MRIs Brain Age Our model achieves an MAE of 4.25 in global age prediction on the ADNI held-

out test set. The multi-loss model demonstrates stronger clinical associations
compared to the simple classification model.
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atrophy was found to have
the closest relationship with
cognitive decline.

Hypothesis: Accelerated
neurodegeneration can be
detected in AD through brain

age gap estimation. Chronological Age: 40
CNZZ . A N /;—\ "

Global-level Brain
Age: 62 years

]

@S »

.

Brain Age: 45

LI
e .

Brain Age

T1 weighted MRI

The gap between chronological age (CA) and biological N?kt] captLJJ[rng Lackof
brain age could reflect how individual patterns of | fe spat.la neuroanatomic . | |
Landh neuroanatomic aging deviate from their typical trajectories information interpretability Region-level Brain
N y - J 9 J VAN Age
Caudate: 67/ years
N - Insula: 60 Years
METHODS Digital Symbol Substitution (DSST) Thalamus . 64 years
ol N Local Brain Age g
Age Distribution (all splits combined) x .8 * MCl 2 Cerebellum: 66 years
60 - = .
DATASETS s openBHB (n = 401) 1) s0°,°, pLO.Ood%%g
2 :ES%TTAT?TE%”%} _ ; 9 g =2 e Pra e e n =132
+ Total of 7,784 T1 Structured 400- . Y g 3 “*"':--'-::;:
. - | = 5 s BB, Age [years]
MRIs (subjects >40 years) from > Training Brain Age R R A O pee e
multiple datasets OpenBHB, o Prediction o 1.5.
. 100 -
ADNI, OpenMind. 0 Deep Brain A 10 1.0
. 40 50 60 70 80 90 €ep brain Age e )
* HEId-OUt test set 381 ADNI Age (years) Prediction Model (@) «(---update(@)---i 3C{:’c::rru:itum:imBrr:z:?n A;Je Dzenlta i;ea:*us) >
T1 Structured MRIs with E _ =
o . E t Brain Age Delta + Cognitive Processing Speed _0.5 -
C||nlca| d|agnoses (AD, MCI, CN) ’ [Jr Associative Learning ¥ Sustained Attention ]
-1.0

and cognitive assessments. LT T ERT TR : ADAS-COG 13

Fast-Adaptive Multi-Task -1.5

+ We train deep regression - Scalar Loss Functions for Multi-Task Learning Optimization (FAMO) 1 e o o s
: ' ; » MCI . o p=U.l '
models on T1-weighted MRI By & = FAMO(), § a0 et Nl
scans to predict brain age using wi = softmax(&) [ PN
- - E T ot s Figure 4: Examples of Local Brain age predictions using T1 Structured MRI
3D ResNet-18 and VQ-VAE. Composite Loss Vector , 2 S PSP 8 P 8€ P 5
.................................................................. : O w__a‘j-_éf’-aﬁf"" @
: I I 10 -”-c- ® fﬂz 030 :u%n}gp:
s [ z] [ : lwrw] [ —ZJ i e DISCUSSIONS
: n = ?’ il 5£=§z‘_y£ Wi — lyi — y5l E X s © °© o
5 ——== 7 ncaptive 1asi- oo o 1w Pretraining combined with improved
. Accuracy Model Bias  Latent Ordinality Weight Vector Gomscted Erain/Age Dslta){ysars) 5 . PTe ALZHEIMER'S ()') ASSOCIATION'
______________________________________________________________________ ' representation learning  effectively
[1‘ Brain Age Delta #GlubalCngnltwePerfDrmanceJ reduces regre55|on tO the mean b|aS
while maintaining strong predictive
Figure 3. Proposed framework overview, the composite loss is balanced automatically by FAMO accuracy. A multi criteria evaluation ,
for multi-criteria brain age optimization. framework  shows  higher clinical
relevance.
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