BRAIN AGE IN A NIGERIAN COHORT
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INTRODUCTION METHODOLOGY
4 )
e Brain age is an emerging imaging biomarker for early detection of
neurodegenerative disorders, based on the estimation of the brain’'s biological Data Acquisition QC & Preprocessing Feature Selection & Extraction
age.

e Deviations of brain structure and function from expected chronological age, which Raw T1 brain scans SEUE RS IETL NS

is known as Brain age gap (BAG), is considered a sign of pathological ageing.

e Existing predictive models are predominantly trained on Global North (GN)
neuroimaging data, limiting their sensitivity when applied to underrepresented
populations due to geographic, imaging scanner, and biological heterogeneity.

e We investigated this bias by adapting the standard Gaussian Process Regression
(GPR) prediction method to a population-specific (PS) brain age model.
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