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First studies of brain age ORIGINAL RESEARCH

Statistical estimation of physiological brain age as a descriptor
of senescence rate during adulthood
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Estimating brain age: from regression to deep learning
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Anatomically interpretable deep learning of brain age captures
domain-specific cognitive impairment
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Deep learning to quantify the pace of brain aging in relation to
neurocognitive changes
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From global to local brain age using Al

T,-weighted
MRI LBA

Brain aging patterns suggest older sulci
and younger gyri,
~oncictent with amyloid and tau
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Is Your Brain Aging Faster Than You? New MIND G VER n'?;'d“JTE"

Science Offers Clues B " Grolewington

E E E Can we change how our brains age? |

These scientists think it’s possible |
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Local brain aging in CN adults and patients with AD
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Brain aging differs by region and cognitive status
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Age at menopause is associated
with younger local brain ages in the
left temporal lobe (p<0.01).
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Reproductive span is associated
with  younger brains in the
orbitofrontal regions (p<0.05)
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MRI synthesis by generative Al reveals myeloarchitecture
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4 Graph neural networks reveal the aging of cortical morphology

-} graph convolution, BN, ReLU
=J» copy and concatenation

@ dropout (after convolution)

=P receptive field resampling

V=10,242
E=30,720
F=20,480

12
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&Y Gero-morphology: cortical thinning, sulcal widening & deepening

® Morphological aging involves known anatomic features (thinning, sulcal changes)
but also novel patterns in AD- and PD-vulnerable regions

Surface Area curvature
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GWAS of local brain age

® 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
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transcriptomics of brain aging
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