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RESULTS
Neuronal Cell Classification Biomarkers for neuronal phenotyping .
NeuN GAD67 Parvalbumin  Calretenin 1. Layered cvtoarchitecture of Cortical Brain Tissue 2. UnsuperVISEd Cell Type 3. Deep PrOflllng Of AStrOcyte Activation Status
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Non-GABAergic Neurons All (+) All (-) Subset (+) Subset (+) o ogatire el . T ke ;‘:;"ff:-:.j;t:‘“\ ; 200 um [AY All cells
Biomarkers for astrocyte phenotyping Predicted 5 Hedna Pk
$100 APC GFAP GLAST
Resting Astrocytes All (+) Subset (+) Subset (low)  Subset (+)
Reactive Astrocytes All (+) Subset (+)  All (high) All (+) IBA1 5100-
Oligodendrocyte Classification  Biomarkers for oligodendrocyte phenotyping
$100 APC MBP PLP —
Myelinating Oligodendrocytes All (-) All (+) All (+) All (+)
Non-myelinating Oligodendrocytes All (-) All (+) All (-) All (-) TE 8’ 832 260 _
Microglia Classification Biomarkers for microglia phenotyping E reactive
S100 APC Ibal Tomato Lectin U
Resting Microglia All (-) All (-) All (+) All (low) < 268 H64
Reactive Microglia All (-) All (-) All (+) All (high)
Phagocytic Microglia All (-) All (-) All (+) All (high) | |
Blood Vessel Classification Biomarkers for endothelial ' Overall Accuracy = 94.68% . s Tl 2 B IR A - 5100 GFAP
S100 APC RECA Tomato Lectin S s S R T T =\ 200 pm
Endothelial Cells All (-) All (-) All (+) Subset (+) Predicted o
Table 1. Boolean logic table for cell type classification.
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- Figure 7. (a) Clustering results of detecting
U astrocytes among all the cells using S100 and
A Cell Detection < 731 1,273 GFAP channels (b) Clustering results of profiling
Using Faster activations of astrocytes using GFAP and GLAST
' g RCNN channels — (c-e) Close-up of boxes -
=N Figure 6. Clustering results of cells using APC/S100/PLP/MBP channels Overall Accuracy = 91.17% (f) Dendrogram of hierarchical clustering.
— IMPACT: Successfully recapitulated the layered cytoarchitecture IMPACT: Provided an unsupervised IMPACT: Enabled a deep profiling of astrocyte activation status in brain tissue
- Feature £ cortical brain ti . cod based alternative approach for cell type in relation to each cell’s location relative to the site of mild traumatic brain
B Extraction Using of cortical brain tissue in an unsupervised manner based on identification with > 90% accuracy.  injury (mTBI).
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