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The characterization of cytoarchitecture in the human brain provides an essential
building block for the creation of a high-resolution multi-modal brain atlas [1,2].
Cytoarchitecture is defined by the spatial organization of neuronal cells, including
their shape, density, size, cell type, as well as their columnar and laminar
arrangement, which differ between brain regions. High-throughput light-
microscopic scanning of large, cell-body stained histological sections obtained by
sectioning postmortem human brains enables detailed examination of
cytoarchitectonic organizational principles across multiple brain samples, which is
mandatory to capture the highly variable cytoarchitectonic organization.
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Spatially close locations in the brain
are likely to share cytoarchitectonic
structures.
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