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[bookmark: _gyf9u32fncis]Exclusion of rare ependymal-like nuclei
During Astro subclustering, we identified a small population of 738 ependymal-like nuclei marked by cilia- and ependymal-associated genes (Extended Data Fig. 4a–c). Ependymal-like nuclei were also unevenly distributed across samples: more than half of these nuclei were recovered from 27 samples, 17 of which were PHG/BA36 samples. Given their rarity, sample-restricted distribution, enrichment in PHG/BA36 dissections, and expected absence from the targeted cortical parenchyma, this population likely reflected inclusion of adjacent tissue during dissection rather than a broadly represented cortical cell population. Therefore, ependymal-like nuclei were retained in the final annotation metadata but excluded from main atlas visualizations and all downstream disease-state analyses.
[bookmark: _sxz98en27a8g]Spatial domain and rough cortical-layer annotation
Following subclass annotation of Xenium nuclei, broad spatial and cortical laminar domains were identified from local cell-type composition using an extension of our previously described approach1. For each tissue section, the 30 nearest spatial neighbors of each nucleus were identified using squidpy.gr.spatial_neighbors from squidpy v1.6.12 with generic coordinates and without Delaunay triangulation. A neighborhood composition vector was then constructed for each nucleus by counting the subclass identities among its 30 nearest neighbors.
Five broad spatial domains were defined using subclasses characteristic of white matter or cortical laminar compartments: white matter, represented by oligodendrocytes; layer 1, represented by IN_ADARB2; layers 2–3, represented by EN_L2_3_IT; layers 3–5, represented by EN_L3_5_IT subclasses and EN_L5_ET; and layers 5–6, represented by EN_L6_IT subclasses, EN_L6_CT, EN_L6B, and EN_L5_6_NP. The use of IN_ADARB2 as the layer 1 anchor was supported by its superficial-layer localization in our previous PsychAD spatial study and by its enrichment in layer 1 in the layer-resolved SMART-seq reference (Extended Data Fig. 8c). Neighborhood counts were summed across subclasses contributing to each domain, and the five domains were called independently using the resulting raw neighborhood counts. The final analysis used count-based rather than renormalized neighborhood abundance.
For each spatial domain and tissue section, neighborhood-abundance values were represented on a pseudo-image with a pixel size of 25 µm. When multiple nuclei occupied the same pixel, their neighborhood-abundance values were averaged, and empty pixels were assigned the value of the nearest non-empty pixel. The resulting image was smoothed with a Gaussian filter using σ = 100 µm (4 pixels), and the smoothed values were mapped back to individual nuclei. An initial binary domain mask was then generated by applying Otsu thresholding independently for each domain and tissue section.
To generate spatially continuous domain boundaries, the initial binary masks were subsequently represented on a coarser 50-µm grid. Pixels containing one or more domain-positive nuclei were considered positive, empty pixels were assigned values according to the nearest non-empty pixel, and internal holes were filled using scipy.ndimage.binary_fill_holes. The resulting masks were mapped back to individual nuclei to obtain final domain assignments.
Because each domain was identified independently, nuclei could be assigned to zero, one, or multiple domains. Approximately 85.7% of nuclei were uniquely assigned to a single domain, 3.5% were unassigned, and 10.8% were assigned to two or more domains. Downstream domain-based analyses were restricted to nuclei uniquely assigned to a single spatial domain.
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