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Objective

An efficient way to integrate imaging data sets with variable image resolution and image content is key for cross-modality correlations, e.g.,
structural to functional or in vivo biomarker to ex vivo histology’-3. We present our atlas-based approach in which all contributing images are
accurately aligned through image registration algorithms with the Allen Mouse Brain Atlas (CCF v3)*. The atlas resource facilitates the
analysis of macroscopic to microscopic features across subjects and integration of viral tracing and gene expression data.
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Current approach Novel approach
 Individual selection of ROls somewhere on the image We have created automated workflows for the specific needs of < ’
* Manual delineation of the anatomical regions based on the visible brain structure cross-modality mouse brain experiments:
REF: 5 « AIDAdb: cloud-based relational database® GItHUb

 AIDAqgc: MRI quality control
« AIDAmri: automated processing of MRI data’

AIDAhisto: whole slice cell counting®
AIDAconnect: graph theory algorithms for fMRI/DTI data®
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Applications

MRI incidence maps and detailed anatomical lesion mapping

« Stroke lesion location and size determine functional deficits and recovery potential®
 Lesion mapping and region-wise analysis of cellular features facilitate the correlation between in vivo and ex vivo data, but also allow to monitor the individual
development of the lesion and hence help to answer the question, which brain areas are most relevant for behavioral deficit and recovery of function

Atlas-based cell counting results
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Functional/structural network changes
after stroke
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