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e Alzheimer's Disease or AD is the most common form of e

e GRN structure is non-randomly organised in tissue space.
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shape. Compared individual regulators against global gradient.

o Existing Spatial GRN analysis tools such as SpaGRN [4], SCING [5], and SCRIPro [4] already

exist. Each is limited either by its working resolution (cell-cluster or cell-type level) or by
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e Both the positions and the networks are inferred, not measured,

. . - . o o and localisation is coarse (median 1.4 to 1.9 mm). Further research
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