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Biological age vs. chronological age
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everlab.com.au (2025); Moffitt et al. (2020) Dunedin Study in 
New Zealand



First studies of brain age
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Irimia et al. (2015) Brain 
Imaging & Behavior



Local aging of frontal cortex revealed by linear models
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Irimia et al. (2015) Brain Imaging & 
Behavior
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Estimating brain age: from regression to deep learning 
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Chaudhari et al. (2025) to be 
submitted



Convolution can examine anatomy across spatial scales
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Brain age recapitulates stages of amyloid and tau propagation
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Chaudhari et al. (2026) 
GeroScience 



From global to local brain age using AI
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Chaudhari et al. (2025) and Kim et al. 
(2025) to be submitted

AI architecture to infer local 
brain aging

Brain aging patterns suggest older sulci 
and younger gyri, 

consistent with amyloid and tau 
deposition

The frontal lobe is the ‘last to grow and 
first to go’



Local brain aging in CN adults and patients with AD

9
Cognitively 
normal adults

Alzheimer’s 
diseaseChaudhari et al. (2025) to 
be submitted



Brain aging differs by region and cognitive status
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Chaudhari et al. (2025) 
under review

Adverse effects:
hysterectomy
oophorectomy
HRT
young CA at 
menopause
 
Neutral effects:
Reproductive 
period
Contraceptive use
Age HRT started
Years taking HRT
 
Favorable effects:
Older age at 
menopause
Number of births 
w/o HRT (but only 
1.75 on avg)
 
 
 

Age at menopause is associated 
with younger local brain ages in the 
left temporal lobe (p<0.01). 

Reproductive span is associated 
with younger brains in the 
orbitofrontal regions (p<0.05)



MRI synthesis by generative AI reveals myeloarchitecture
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Chaudhari et al. 
(2026) ISBI

Liu et al. (2025) 
ICASSP



Graph neural networks reveal the aging of cortical morphology
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Anderson et al. (2025) to be submitted; Zugman et al. (2020) HBM; 
Styner et al. (2006)  



Gero-morphology: cortical thinning, sulcal widening & deepening 
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⚫ Morphological aging involves known anatomic features (thinning, sulcal changes) 
but also novel patterns in AD- and PD-vulnerable regions

Anderson et al. (2025) to 
be submitted



The aging of cortical morphology reflects cognitive impairment 
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Anderson et al. (2025) to 
be submitted

Liu et al. (2025) 
ICASSP



GWAS of local brain age
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Kim et al. (2025) 
GeroScience 

⚫ In 41,708 UKB adults, 1212 SNPs are associated with LBA across cortex

⚫ Genes involved in developmental, metabolic, immune, and cytoskeletal 
pathway are in three clusters linked to morphogenetic, cytoskeletal, and 
immune-epigenetic processes

⚫ Coordinated genetic programs (developmental, metabolic, cytoskeletal, 
immuno-epigenetic) choreograph brain aging over the life course

NATURE METHODS 
(2013)

NATURE 
(2015)

Now in a permanent exhibit at 
the

Francis Crick Institute in 
London



Spatial transcriptomics of brain aging
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GM/WM contrastastrocyte abundance

Cortical distributions of correlations 
between cell type marker gene 

expressions and GM/WM contrast Chowdhury et al. (2025) under review; Jafar et al. 
(2025) under review
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