




Supplementary Fig. 5: CORAL preserves spatial and molecular patterns in
immune datasets. a, UMAP visualizations of marker gene expressions (CD8A, CD3,
CD4, CD19) in the integrated dataset. CORAL successfully captures distinct immune
cell subtypes in the latent space. b, Heatmaps of additional marker genes (CD40, CD4,
Psmb11, CD3) in the UMAP representation, highlighting CORAL’s ability to pre-
serve gene-specific patterns. c, Scatter plot comparing reconstructed high-resolution
modality 1 (M1) with ground truth expression values. CORAL achieves a Pearson
correlation of 0.93 and cosine similarity of 0.93, demonstrating high accuracy in single-
cell expression reconstruction. d, Visualization of the spatial locations of cells in the
dataset, showing the reconstructed tissue structure. e, Heatmap of the v-value latent
variable over the spatial domain, highlighting spatial gradients captured by CORAL.
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Supplementary Fig. 6: Spatial integration of CODEX and Visium data using
CORAL. a, Spatial distribution of Visium and CODEX datasets for four samples
(73 3 pre, 73 5 post, 84 2 pre, and 84 3 post). Visium and CODEX spots are overlaid
to demonstrate the integration of multi-modal spatial data. b, Cell type annota-
tion across the integrated dataset, with color-coded cell types including tumor cells,
immune cells (CD8 T cells, CD4 T cells, B cells, neutrophils, macrophages), stromal
cells (fibroblasts, endothelial cells), and dendritic cells. CORAL successfully aligns
spatial and cell type data, capturing the complex tumor microenvironment.
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Supplementary Fig. 7: Cell type composition and latent space visualization
in CORAL niches. a, Heatmap showing the overlap percentage between cell types
in the CODEX dataset and CORAL-inferred spatial domains. The strong diagonal
highlights accurate cell type assignments within CORAL niches. b, Bar plot showing
the percentage composition of major cell types (e.g., immune, stromal, tumor) across
CORAL-inferred domains. The results demonstrate that CORAL effectively segregates
niches based on their dominant cell type composition. c, UMAP visualization of protein
expression levels in the integrated dataset, with distinct clusters corresponding to cell
types. d, UMAP visualization of imputed single-cell RNA expression from CORAL,
showing spatial and molecular alignment with cell types identified in the CODEX
dataset. CORAL preserves the spatial heterogeneity of the tumor microenvironment
while capturing fine-grained molecular patterns.
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Supplementary Fig. 8: Cell-cell interaction analysis pre- and post-treatment
using CORAL. Heatmaps showing the sum of significant interactions between cell
types across different treatment conditions for samples P73 and P84. Each cell type
is represented along the rows and columns, and the intensity of the heatmap indi-
cates the interaction strength. a, Sample P73 pre-treatment, highlighting strong
interactions between tumor cells, macrophages, and CD4 T cells. b, Sample P73
post-treatment, showing changes in interaction patterns, including increased interac-
tions involving tumor-infiltrating immune cells. c, Sample P84 pre-treatment, with
significant interactions dominated by tumor cells, stromal cells, and CD8 T cells.
d, Sample P84 post-treatment, indicating shifts in cell-cell interactions, particularly
involving macrophages and stromal cell populations. CORAL effectively captures
dynamic changes in the tumor microenvironment associated with treatment response.
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Supplementary Fig. 9: Spatial patterns and cell type composition pre- and
post-treatment. a, Heatmaps of the spatial v-value latent variable for samples P73
and P84 under pre-treatment and post-treatment conditions. The v-values reveal spa-
tial gradients and shifts in tissue microenvironments, capturing treatment-induced
changes in tumor and immune interactions. b, Stacked bar plots showing the percent-
age composition of major cell types across spatial niches for each condition. Each bar
represents a spatial niche, and colors correspond to cell types, including tumor cells,
immune cells (e.g., CD4 T cells, CD8 T cells, B cells), and stromal cells. The plots
highlight changes in cell type proportions associated with treatment responses, such
as shifts in immune cell infiltration and tumor composition.
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