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Extended Data Figure 4

Extended Data Figure 4. Extended analyses of neurotransmitter and neuropeptide usage across the
brain. a, Stacked barplots of the number of cell types with confident mappings in each deep CCF region,
subsetted by neurotransmitter group. Deep CCF regions are colored on the left by their corresponding
major brain region. b, Representative sections showing the spatial localizations of all cell types within
three neurotransmitter groups. C, Violin plots of the number of neuropeptides expressed in each cluster,
stratified by main brain region. d, Dot plot showing scaled Slide-seq counts per 10,000 of ligand-receptor
pairs across main brain regions.
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Extended Data Figure 5
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Extended Data Figure 5. Additional analyses related to activity-related genes. a, Comparison of
correlations (right) and quantile of correlation (left) between each gene and both Fos (x-axis) and Junb.
Red dots indicate the genes that were selected as candidate ARGs. b, Barplots showing the average
counts per 10,000 of the core IEG metagenes (Methods) listed in c. Error bars indicate standard error of
average counts per deep CCF region and dashed black lines indicate average counts per main brain
region. ¢, Scaled mean expression of the core IEG metagenes, within each main region, separated by
neurotransmitter group. d, Extended heat map showing the correlation with Fos of all candidate ARGs
within the seven clustered groups. e, Enrichment analysis (Methods) of each candidate ARG cluster with
three established ARG gene sets*’. Dotted red line indicates an adjusted p-value threshold of 0.05.
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Extended Data Figure 6
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Extended Data Figure 6. Extended analyses of heritability enrichment in murine brain cell types. a,
Correlation plot of p-value enrichment scores (FDR-corrected) for each cell type across different scDRS
settings: A) default parameters (Methods) B) MAGMA gene z-score > 2.5, C) control gene set size of
2,000, D) control gene set size of 500, E) input expression dataset at the single-cell level (versus
pseudocells), F) adjust for cell type proportions. b, Adjusted -log10 p-value enrichment scores for each
cell type, grouped and colored by main region, for an extended set of GWAS-measured traits. ¢, Dot plot
of the expression of key cortical pyramidal cell type markers within the eight isocortical clusters that were
significantly enriched for schizophrenia heritability.
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Supplemental Tables

Supplemental Table 1. List of snRNA-seq dissectates and their CCF regional compositions.
Supplemental Table 2. List of “DeepCCF” regions used in this study.

Supplemental Table 3. Minimum gene lists computed to define each cell type, across a range
of parameterizations.

Supplemental Table 4. List of neuropeptides used in Figure 3, along with their cognate
receptors.

Supplemental Table 5. List of GWAS traits analyzed in Figure 5.

Supplemental Table 6. Cell-type-level enrichment scores (adjusted p-values) computed by
scDRS for each GWAS trait.
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