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A Glimpse into the Past: Previous 

Brain Ageing Studies
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The Building Blocks: Harnessing 

Multimodal MRI Data
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Advancing Forward: Deep Learning 

in Brain Ageing Research
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∆𝐵𝑟𝑎𝑖𝑛 𝐴𝑔𝑒= 𝐴 ො𝑔𝑒𝑝𝑟𝑒𝑑 − 𝐴𝑔𝑒𝑐ℎ𝑟𝑜𝑛

= 𝐴 ො𝑔𝑒𝑝𝑟𝑒𝑑
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Connecting with Phenotypes
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-ve correlation with Skeletal Measurements (Bone Mineral Density)

↑ Oestrogen pre-menopause = ↑ BMD (Ji, 2015)

↑ Oestrogen pre-menopause = ↓ Inflammation  (Franke 2015)

↑ Oestrogen pre-menopause = ↓ Younger Appearing Brains  (Franke 2015)

↑ BMD Loss = ↑ Older Appearing Brain (Smith 2020)
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Connecting with Non-Imaging 

Phenotypes
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Pushing the Boundary: Deep Fusion 

and Swin Transformers

12
Image Sources: Personal Archive;

S
w

in
A

rc
h

it
e

c
tu

re

Swin Transformer

Block

A
tt

e
n

ti
o

n
 A

c
ti
v
a

ti
o

n
s



Different MRI contrasts encode bespoke information about the 

ageing brain

191 statistically significant associations were found between 

brain age deltas and biomedical phenotypes

Ensembling brain age predictions results in improved 

predictions and stronger biomedical phenotype correlations
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Shaping the Future of Brain Ageing
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“It take a village to raise a child researcher”
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Prof Stephen Smith Dr Frederik Lange Prof Ana Namburete Dr Torsten Schindler Dr Stanisław Adaszewski
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Any Questions? 

Contact Details

Email: andrei-claudiu.roibu@dtc.ox.ac.uk

LinkedIn: linkedin.com/in/andreiroibu



1. Cole, J.H. and Franke, K., 2017. Predicting age using neuroimaging: innovative brain ageing biomarkers. Trends in neurosciences, 40(12), pp.681-690.

2. Cole, J.H., Poudel, R.P., Tsagkrasoulis, D., Caan, M.W., Steves, C., Spector, T.D. and Montana, G., 2017. Predicting brain age with deep learning from raw imaging data results in a reliable and heritable

biomarker. NeuroImage, 163, pp.115-124.

3. Franke, K. and Gaser, C., 2019. Ten years of BrainAGE as a neuroimaging biomarker of brain aging: What insights have we gained?. Frontiers in neurology, p.789.

4. Cole, J.H., Franke, K. and Cherbuin, N., 2019. Quantification of the biological age of the brain using neuroimaging. In Biomarkers of human aging (pp. 293-328). Springer, Cham.

5. Dinsdale, N.K., Bluemke, E., Smith, S.M., Arya, Z., Vidaurre, D., Jenkinson, M. and Namburete, A.I., 2021. Learning patterns of the ageing brain in MRI using deep convolutional networks. NeuroImage,

224, p.117401.

6. Peng, H., Gong, W., Beckmann, C.F., Vedaldi, A. and Smith, S.M., 2021. Accurate brain age prediction with lightweight deep neural networks. Medical image analysis, 68, p.101871.

7. Leonardsen, E.H., Peng, H., Kaufmann, T., Agartz, I., Andreassen, O.A., Celius, E.G., Espeseth, T., Harbo, H.F., Høgestøl, E.A., de Lange, A.M. and Marquand, A.F., 2022. Deep neural networks learn

general and clinically relevant representations of the ageing brain. NeuroImage, 256, p.119210.

8. Ballester, P.L., Romano, M.T., de Azevedo Cardoso, T., Hassel, S., Strother, S.C., Kennedy, S.H. and Frey, B.N., 2022. Brain age in mood and psychotic disorders: a systematic review and meta‐analysis.

Acta Psychiatrica Scandinavica, 145(1), pp.42-55.

9. Giannakopoulos, P., Montandon, M.L., Herrmann, F.R., Hedderich, D., Gaser, C., Kellner, E., Rodriguez, C. and Haller, S., 2022. Alzheimer resemblance atrophy index, BrainAGE, and normal pressure

hydrocephalus score in the prediction of subtle cognitive decline: added value compared to existing MR imaging markers. European Radiology, pp.1-10.

10. Kaufmann, T., van der Meer, D., Doan, N.T., Schwarz, E., Lund, M.J., Agartz, I., Alnæs, D., Barch, D.M., Baur-Streubel, R., Bertolino, A. and Bettella, F., 2019. Common brain disorders are associated with

heritable patterns of apparent aging of the brain. Nature neuroscience, 22(10), pp.1617-1623.

11. Smith, S.M., Elliott, L.T., Alfaro-Almagro, F., McCarthy, P., Nichols, T.E., Douaud, G. and Miller, K.L., 2020. Brain aging comprises many modes of structural and functional change with distinct genetic and

biophysical associations. Elife, 9, p.e52677.

12. Franke, K., Gaser, C., Roseboom, T.J., Schwab, M. and de Rooij, S.R., 2018. Premature brain aging in humans exposed to maternal nutrient restriction during early gestation. Neuroimage, 173, pp.460-

471.

13. Dinsdale, N.K., Bluemke, E., Smith, S.M., Arya, Z., Vidaurre, D., Jenkinson, M. and Namburete, A.I., 2021. Learning patterns of the ageing brain in MRI using deep convolutional networks. NeuroImage,

224, p.117401.

14. Millar, P.R., Luckett, P.H., Gordon, B.A., Benzinger, T.L., Schindler, S.E., Fagan, A.M., Cruchaga, C., Bateman, R.J., Allegri, R., Jucker, M. and Lee, J.H., 2022. Predicting brain age from functional

connectivity in symptomatic and preclinical Alzheimer disease. NeuroImage, 256, p.119228.

15. Luders, E., Cherbuin, N. and Gaser, C., 2016. Estimating brain age using high-resolution pattern recognition: Younger brains in long-term meditation practitioners. Neuroimage, 134, pp.508-513.

16. Ji, M.X. and Yu, Q., 2015. Primary osteoporosis in postmenopausal women. Chronic diseases and translational medicine, 1(01), pp.9-13.

17. Franke, K., Hagemann, G., Schleussner, E. and Gaser, C., 2015. Changes of individual BrainAGE during the course of the menstrual cycle. Neuroimage, 115, pp.1-6.

17


