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Supplementary Methods
SIGMOD model
SIGMOD is a Bayesian model that decomposes the expression of  of gene g in spot/cell  into gene module distributions  (the proportion of the  gene module in  spot/cell) guided by extra niche information for each spot/cell i. Therefore, there are two major steps for SIGMOD: niche construction and gene module discovery.
Niche Construction
Any information that characterizes each spot or cell can be used as niche, reflecting the scalability and flexibility of SIGMOD. SIGMOD directly constructs niches through ligand-receptor interactions or neighboring cell enrichment, SIGMOD also supports users to leverage other information to construct niches, such as different spatial domains identified from pathological images.
Identification of Spatial Variable Ligand Receptor interactions
In order to obtain reliable ligand-receptor interactions that reflect cell composition or state, SIGMOD aims to construct niche based on significant spatial co-enrichment and regional specificity. By default, we use LR lists from CellTalkDB1 as input, while users can also use any customized list.
The assumption for detecting spatial co-enrichment is that in regions with high receptor expression, the average ligand expression in the surrounding area is also higher than the global average. We call this co-enrichment score R as follows,

where  and  denotes normalized and log-transformed receptor  and ligand  expression at spot  and its neighborhood spot .  is the total number of spots and  and  denotes mean expression of ligand  and receptor  across all spots. By default, the most adjacent cells of spot  are picked as neighborhood spots .
Under the null distribution that ligand and receptor are spatially independent and approximating it with a normal distribution, the expectation and variance of  is,


Then a corresponding z-score can be calculated,


The co-enrichment score p-value can be obtained under a standard normal distribution from the z-score.
SIGMOD extended the concept of graph density to calculate regional specificity. First, the entire dataset is divided into distinct regions. If annotated spatial domains are available, the division can be based on these predefined annotations, with boundary areas between different domains treated as additional separate regions. If no annotated domains are available, regions are defined using a sliding square window with a side length of  and an overlap of . The density of each region  is,


Where  is the ligand-receptor interactions occurring within the region,  denotes the number of spots in the region, and  indicates the mean number of nearest neighboring spots. The interaction frequency of each region  is,

The regional specificity p-value can be calculated using a chi-square test based on the interaction frequencies observed across all regions. After identifying spatially variable ligand-receptor interactions, SIGMOD calculate the ligand-receptor interaction value for each spot using a Radial Basis Function (RBF) kernel,



Where  is the geographical distance between spot  and  (i.e., Ecuclidean distance on spatial coordinates).  is the scale factor in the RBF kernel that can be set to different values for long or short-distance signaling separately. After obtaining the ligand-receptor interaction score for each spot, SIGMOD normalizes each pair of interaction scores to between 0 and 1 along the spot, and then applies Non-Negative Matrix Factorization (NMF) to aggregate ligand-receptr interactions to niche information X, 

where  stands for weight of niche  in spot ,  denotes weight of interaction  in  niche. 
Neighborhood cell enrichment
SIGMOD can also represent spatial transcriptomics data with single-cell resolution, such as CODEX, CosMx, MERFISH, and IMC, as networks where cells are treated as nodes. These nodes are connected by edges if they are near each other. The network is constructed using Delaunay triangulation as implemented in Squidpy. Niche information  is then derived by counting the number of distinct cell types neighboring each cell.
Neighborhood cell Ligand-Receptor Interactions
SIGMOD can also construct niche information  based on ligand-receptor interactions between each cell and its neighboring cells. Building on the Delaunay triangulation network, ligand receptor interactions are calculated by multiplying the ligand expression of neighboring cells with the receptor expression of the target cell. The summed value for each specific ligand-receptor pair can be regarded as a niche feature for the cell.
In this study, niche information was constructed using different approaches for various datasets. For the PDAC (10X ST), AD (10X Visium) and CRC (10X Visium) datasets, spatially variable ligand-receptor interactions were used to define niche. The LUAD (CosMx) dataset relied on neighboring cell enrichment to construct niche, while the BRCA (Xenium) dataset utilized neighboring cell ligand-receptor interactions for niche construction.
Gene modules discovery
SIGMOD offers two module discovery modes: Reference Based and Reference Free. The former utilizes single-cell transcriptomics as a reference, corresponding to cell type-specific gene module or state-specific gene module respectively.
Reference based gene modules discovery
SIGMOD models the gene expression  as a sample drawn from a Gamma Poisson distribution, 

where  is the mean expression of gene  in spot  and  is the gene specific dispersion term. SIGMOD models the mean term  as a summation over  cell type specific gene modules of the multiplication among library size  , module distributions , reference cell module signatures ,

Module proportion  is derived from the niche information  and are normalized using sparse softmax to make module activities sparsity and ensure that the module proportion per cell sums to 1.  represents how influences . A structured horseshoe prior is introduced to model this influence, allowing  to selectively impact cell proportions only when it provides sufficient information to overcome the prior constraint,








Then  is sampled from ,


Reference free gene modules discovery
Reference Free deconvolution method is conceptually like the reference based approach, except that  is directly inferred from the data rather than from single cell transcriptomics,


The  and  values control the strength of the prior knowledge, and  and  correspond to upper and lower bounds relatively. We also provided another methods for  according to previous study2, where  modeling as the sum of the background mean expression and the derivation of each gene if it indeed gives information for each gene module. 
Spatial regularization
To incorporate spatial context into the model, we first constructed an adjacency matrix that captures spatial relationships between spots or cells. For grid-based spatial transcriptomics data (e.g., 10x Visium), we used a k-nearest neighbors (k-NN) approach to define spatial neighborhoods, and applied a radial basis function (RBF) kernel to weight the edges based on physical distances between locations. For image-based platforms (e.g., CosMx or Xenium), the spatial network was constructed using Delaunay triangulation, as implemented in the Squidpy toolkit, which captures the local geometric structure of the tissue.
Based on this adjacency structure, we derived a graph Laplacian matrix , which was then used to introduce spatial regularization into the model. This regularization leverages the spatial relationships between locations by incorporating a graph Laplacian matrix , which is derived from the spatial adjacency matrix constructed based on physical proximity. The spatial regularization term is then formulated as the trace of the matrix product  where  is the gene modules’ activities. This trace term penalizes large differences in module distributions between neighboring spatial locations, thus promoting local smoothness and encouraging spatial coherence in the inferred gene modules. The influence of this regularization term is controlled by a hyperparameter, which balances the trade-off between fitting the observed data and enforcing spatial smoothness. This approach allows the model to better capture biologically meaningful spatial patterns and module interactions within the tissue context.
Inference
We employed Variational Bayesian Inference to approximate the posterior distribution, using the Automatic Differentiation Variational Inference (ADVI) framework implemented in Pyro. In brief, ADVI approximates the true posterior over unknown parameters with variational distributions that are parameterized as univariate normal distributions. To ensure positivity where required (e.g., for scale parameters), the means and standard deviations are reparametrized using a softplus transformation. The parameters of these variational distributions are optimized by minimizing the Kullback–Leibler (KL) divergence between the variational approximation and the true posterior, which is equivalent to maximizing the evidence lower bound (ELBO) on the marginal likelihood.
Spatial module-module interactions
The outputs of SIGMOD include the gene module activity  of the  gene module in the  spot/cell, along with the composition  of the  gene module. Additionally, SIGMOD outputs the influence  of the constructed microenvironment information ​ on the gene modules ​. Based on these outputs, we proposed following applications:
Cell type-specific gene modules interactions
When constructing microenvironment information using spatially variable ligand-receptor interactions, we further integrate paired single-cell transcriptomic sequencing data to infer the interactions between cell types in the spatial transcriptomics data. Only statistically differential expressed ligand and receptor expression in single-cell transcriptomics are considered. The specific calculation is as follows:


Where ​​ represents the influence of the  microenvironment on the  cell type-specific gene module, ​ is the weight of the spatially variable ligand-receptor interaction  in the  microenvironment. ​​ denotes the average expression level of receptor  in cell type  in the single-cell transcriptomic data, and ​​ represents the influence of the spatial ligand-receptor interaction  on the activities of the  cell type-specific gene module.
To incorporate ligand into the spatial ligand-receptor interaction analysis, SIGMOD first considers whether there is spatial similarity between the signaling cell type-specific gene module ​ and the receiving cell type module :


First, the cell type module ​ that exhibit spatial correlation with  are selected. Next, the average expression level  of ligand l in cell type module  from the single-cell transcriptomic data is considered:

Cell state-specific gene modules interactions
When microenvironment information is directly constructed based on the enrichment of neighboring cells, for a given cell type ,  represents the influence of the  cell type on the  gene module in the  cell type. To specifically quantify which module within the  cell type affects the  gene module in the  cell type, we first calculate the spatial correlation  between the gene module  in the  cell type and the  gene module in the  cell type. This correlation is then multiplied by ​​ ​to obtain the cross-cell type gene module interaction strength:

We select gene module pairs with significant interactions based on the spatial correlation of the modules, and further assess the influence of ligand lM,l in gene module  on the feature gene gk,g​ in gene module :

Methods Comparison
For reference based gene module discovery, we compared SIGMOD with several existing methods that perform deconvolution including Tangram3, SPOTlight4, Cell2location5, CARD6, RCTD7 and Spotiphy8. For all algorithms, we followed the corresponding tutorials on Github and used the recommended default parameter settings. For reference free gene module discovery, we compared SIGMOD with several existing methods that can identify topics and their corresponding gene modules. We compared SIGMOD to STAMP2, NMF, LDVAE9 and LDA. For all algorithms, we followed the corresponding tutorials on Github and used the recommended default parameter settings.
Tangram: we used the code of Tangram v1.0.3 from https://github.com/broadinstitute/Tangram. The mapping of cells to space was conducted with the function tg.map_cell_to_space with mode = clusters.
SPOTlight: we used the code of SPOTlight v0.99.0 from https://github.com/MarcElosua/SPOTlight. We set cl_n to 10 and hvg to 2000.
Cell2location: we used the code of Cell2location v0.1 from https://github.com/BayraktarLab/cell2location. The settings max_epochs = 4000, batch_size = None, and train_size = 1 were used.
CARD: we used the code of CARD v1.0.0 from https://github.com/YingMa0107/CARD. We set minCountGene to 5 and minCountSpot to 5, which are the default parameter settings.
RCTD: We used the code of RCTD from https://github.com/dmcable/spacexr, which is integrated into a tool called spacexr (2.0.0). Spacexr (RCTD) was run with following the configuration: (1) create.RCTD was used with the parameter CELL_MIN_INSTANCE = 1; (2) run.RCTD was used in the doublet mode.
Spotiphy: We used the code of Spotiphy from https://github.com/jyyulab/Spotiphy. The settings are n_epoch=8000, batch_prior=1
NMF: We used NMF from the scikit-learn package with the Kullback divergence loss and set max-iter to 1000.
LDA: We used LDA from the scikit-learn package with its default parameters.
LDVAE: We used LDVAE from scVI with the default parameters except for the use of a logistic-normal distribution as the latent topics’ distributions to enforce positivity.
STAMP: We used the code of STAMP from https://github.com/JinmiaoChenLab/scTM with setting gene_likelihood = "nb".
Data resources, preprocessing and anlyzing
Human pancreatic cancer data, 10X ST
We downloaded the human pancreatic ductal adenocarcinoma (PDAC) dataset from the GEO database (accession number GSE111672), which includes both spatial transcriptomics and single-cell RNA sequencing (scRNA-seq) data obtained from the same tissue using the inDrop technology. Following the original study, we focused on the PDAC-A spatial transcriptomics data corresponding to patient ID GSM3036911. During preprocessing, we removed genes with zero expression across all spatial locations and excluded locations with fewer than 100 total read counts. After filtering, the dataset comprised 22,269 genes and 428 spatial locations.
In the PDAC dataset, we first normalized the reference single-cell transcriptomic data. Based on the pre-annotated cell types, we then identified differentially expressed genes using the t-test. Genes with a log₂ fold change greater than 1 and an adjusted p-value less than 0.05 were selected as candidate genes for cell type–specific modules. Using the normalized data, we computed the average expression of these genes within each cell type to construct the reference profiles for cell type–specific modules. For spatially highly variable ligand–receptor pairs, we applied the following selection criteria: co-localization score greater than 1, adjusted p-value less than 0.05, and region-specific enrichment p-value less than 0.05. Subsequently, we applied non-negative matrix factorization (NMF) using the implementation in scikit-learn to identify spatial niches, with the number of components set to 12. During the discovery of cell type–specific gene modules, SIGMOD constructed a spatial adjacency graph by connecting each spot to its four nearest neighbors. The RBF kernel weight was set to 1, the spatial regularization strength was set to 200, and the alpha parameter for the sparse softmax was set to 1.25.
Mouse Alzheimer's disease data, 10X Visium
We obtained the processed HDF5 object from https://doi.org/10.5281/zenodo.10520022 and converted it to the H5AD format. During preprocessing, we removed genes with zero expression across all spatial locations and excluded genes that appeared in fewer than 10 spots. After filtering, the final dataset consisted of 17,245 genes and 3,476 spatial locations.
The single-cell transcriptomic data were obtained from the Allen Brain Map Atlas. To define reference features for cell type–specific gene modules, we selected marker genes consistent with those used in Spotiphy. Using the normalized data, we computed the average expression of these genes within each cell type to serve as reference profiles for the cell type–specific modules. For spatially highly variable ligand–receptor pairs, we applied the following selection criteria: co-localization score greater than 1, adjusted p-value less than 0.05, and region-specific enrichment adjust p-value less than 0.05. Subsequently, we applied non-negative matrix factorization (NMF) using the implementation in scikit-learn to identify spatial niches, with the number of components set to 15. During the discovery of cell type–specific modules, SIGMOD constructed a spatial adjacency graph by connecting each spot to its six nearest neighbors. The RBF kernel weight was set to 1, the spatial regularization strength was set to 200, and the alpha parameter for the sparse softmax was set to 1.75.
Human colorectal cancer with liver metasis data, 10X Visium
We downloaded the human colorectal cancer with liver metastasis dataset from the GEO database (accession number GSE225857). This dataset includes both spatial transcriptomics and single-cell RNA sequencing (scRNA-seq) data, comprising four primary colorectal cancer samples and two liver metastasis samples. During preprocessing, we removed genes with zero expression across all spatial locations and excluded genes expressed in fewer than 0.5% of the spots. After filtering, the final dataset contained 17,943 genes and 22,260 spatial locations.
In the CRC liver metastasis dataset, we first normalized the reference single-cell transcriptomic data. Based on the pre-annotated cell types, we identified differentially expressed genes using the t-test. Genes with a log₂ fold change greater than 1 and an adjusted p-value less than 0.05 were selected as candidate genes for cell type–specific modules. Using the normalized data, we then calculated the average expression of these genes within each cell type to construct the reference profiles for the cell type–specific modules. For spatially highly variable ligand–receptor pairs, we applied the following selection criteria: co-localization score greater than 1, adjusted p-value less than 0.05, and region-specific enrichment adjust p-value less than 0.05. Subsequently, we applied non-negative matrix factorization (NMF) to combined dataset using the implementation in scikit-learn to identify spatial niches, with the number of components set to 15. During the identification of cell type–specific modules, SIGMOD constructed a spatial adjacency graph by connecting each spot to its six nearest neighbors. The RBF kernel weight was set to 1, the spatial regularization strength was set to 200, and the alpha parameter for the sparse softmax was set to 1.25.
Human breast cancer data, Xenium
We downloaded the high-resolution human breast cancer dataset from the 10x Genomics website (https://www.10xgenomics.com/products/xenium-in-situ/preview-dataset-human-breast). This dataset includes gene expression measurements for 313 genes across approximately 118,708 to 167,782 spatial locations from two adjacent human breast cancer tissue sections. For quality control, we retained genes with non-zero expression in at least five spots for each tissue slice and retained spots with a minimum of 100 unique molecular identifiers (UMIs). After filtering, the final dataset consisted of 313 genes and 90,424 to 124,945 spatial locations across the two tissue sections. We selected the Rep1 section for downstream analysis. The final dataset contained 313 genes and 124,945 spatial locations. We constructed the spatial adjacency graph using the Delaunay triangulation method implemented in Squidpy, and subsequently computed ligand–receptor interactions between neighboring cells to define spatial niches. During the discovery of cell state–specific modules, SIGMOD was configured with an RBF kernel weight of 3, a spatial regularization strength of 200, and a sparse softmax alpha parameter of 1.5. Here, βkg was modeled as the sum of the background mean expression for each gene g and the derivation of each gene g.
Human non-small cell lung cancer data, CosMx SMI
We obtained the processed Giotto object from https://nanostring.com/products/cosmx-spatial-molecular-imager/nsclc-ffpe-dataset and converted it into an H5AD object. During preprocessing, we filtered out genes expressed in fewer than three cells and cells expressing fewer than three genes. After filtering, the final dataset consisted of 960 genes and 765,771 spatial locations. We separated the literature-annotated cell types and, for each cell type, constructed a spatial adjacency graph using the Delaunay triangulation method implemented in Squidpy. The number of neighboring cells belonging to other cell types was then computed to define the niche for each cell. During the discovery of cell state–specific modules, SIGMOD was configured with an RBF kernel weight of 100, a spatial regularization strength of 200, and a sparse softmax alpha parameter of 1.5. Here, βkg was modeled as the truncated gamma distributions.
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Supplementary Figure1 Analyzing of PDAC dataset.
A, Spatial plot showing different niche distributions in the PDAC dataset.
B, Scatter plot of spatially variable ligand-receptor (LR) interactions identified in the PDAC dataset. The y-axis represents the region-specific p-value (enrichment of LR interactions in specific spatial regions), and the x-axis denotes the co-localization p-value (similarity in spatial expression trends between ligand and receptor).
C, Heatmap illustrating the relationship between niches and LR interactions, where each niche is defined by its constituent LR pairs.
D, Pie charts depicting inferred cell-type composition at each spatial spot, generated by different methods.
E, Bar plot comparing the mean similarity (Pearson correlation) between cell type proportions estimated by different methods in spatial transcriptomics and matched marker gene expression for each cell type.
F, Dot plot showing the differential enrichment of cell proportions inferred by different methods across various regions. Dot size represents the significance level (p-value), and dot color indicates the log2 fold change (log2FC). In the top annotation bar, different colors represent different cell types; in the bottom annotation bar, different colors represent different regions.
G, Bar plot showing enrichment (odds ratio via Fisher’s exact test) of cell type proportions predicted by different methods within annotated regions in Figure 2A.
H, Box plot showing the distribution of Duct Hypoxia cell scores across the cancer region, pancreatic region, and duct epithelium region. P-values were calculated using the Wilcoxon signed-rank test.
I, Circle plot showing the CXCL12-CD4 mediated cell type-specific gene module interactions.
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Supplementary Figure2 Analyzing of AD dataset.
A, Scatter plot of spatially variable ligand-receptor (LR) interactions identified in the AD dataset. The y-axis represents the region-specific adjusted p-value (enrichment of LR interactions in specific spatial regions), and the x-axis denotes the co-localization adjusted p-value (similarity in spatial expression trends between ligand and receptor).
B, Heatmap illustrating the relationship between niches and LR interactions, where each niche is defined by its constituent LR pairs.
C, Spatial plot showing different niche distributions in the AD dataset.
D, Box plots showing the correlation for cell-type proportions at each transcriptomic spot generated by each method.
E, Box plots showing the absolute error for cell-type proportions at each transcriptomic spot generated by each method.
F, Spatial plot depicting the proportion of niche transformed expected proportions and inferred final proportions for selected cell types.
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Supplementary Figure3 Analyzing of CRC liver metastasis data.
A, Upset plot illustrating the intersections of spatially variable ligand-receptor interactions across six samples.
B, Bar plot showing the proportion of different niches across samples.
C, UMAP visualization of the CRC liver metastasis spatial transcriptomics data, reduced using inferred gene module proportions and colored by niche distributions.
D, UMAP visualization of the CRC liver metastasis spatial transcriptomics data, reduced using inferred gene module proportions and colored by tumor associated gene modules’ distributions.
E, Spatial plot showing hub distributions across six samples.
F, Heatmap depicting the correlations between proportion of niche transformed expected proportions and inferred final proportions for selected cell types.
G, Box plot showing the distribution of selected cell types across different tissue regions inferred from scRNA-seq data. PB: Peripheral blood; LN: Normal liver tissue; LC: Liver metastasis tumor tissue; CC: Colorectal cancer; CN: Normal colorectal tissue.
H, Dot plot visualizing the impact of LR interactions among cell type specific gene modules in Figure 3G for L1 samples.
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Supplementary Figure4 Analyzing of BRCA data.
A, Boxplots of module diversity(RBO), gene topic coherence and topic spasity scores of SIGMOD and the four competing methods obtained over five different runs with different seeds. 
B, Heatmap showing confusion matrix between module inferred by SIGMOD and original annotation of cells.
C, Heatmap showing cell-type specific markers’ expression on different modules.
D, Heatmap showing genes specific to distinct modules.
E, Heatmap showing module activities’ correlations among all cells.
F, Heatmap showing ligand receptor interactions’ effect on different modules.
G, Heatmap showing ligand or receptor expressions on different modules.
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Supplementary Figure5 Analyzing of NSCLC dataset.
A, Spatial plot showing selected cell types associated gene module activity in corresponding cells. Color intensity reflects the strength of module activity.
B, Circle plot highlighting tumor associated gene module interactions.
C-E, Heatmap showing genes specific to different gene modules. Color intensity corresponds to FREX scores (FRequency and EXclusivity), where 1 indicates highest specificity and 0 indicates no specificity.
F. UMAP plot showing cell type annotations in the scRNA-seq dataset.
G. UMAP plot displaying activities of different gene modules identified by SIGMOD in matched cell types.
H. Heatmap showing Pearson correlations between the mean activities of tumor, neutrophil, and fibroblast gene modules in their corresponding cell types across samples in a single-cell RNA-seq cohort. * indicates p < 0.05, ** indicate p < 0.01, and *** indicate p < 0.001.
I, Line plot visualizing the impact of signature ligands from fibroblast gene module 3 on tumor cell gene module 2. Line thickness and color intensity represent interaction strength.


Supplementary Table

[bookmark: OLE_LINK1][bookmark: OLE_LINK2]Supplementary Table S1: Niche scores in the PDAC dataset
Supplementary Table S2: Ligand Receptor interaction activities on the niche in the PDAC dataset
Supplementary Table S3: Estimations of cell type-specific gene module proportions in the PDAC dataset
Supplementary Table S4: Niche effect on cell type-specific gene module in the PDAC dataset
Supplementary Table S5: Marker gene list of the PDAC dataset
[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Supplementary Table S6: Niche scores in the AD dataset
Supplementary Table S7: Ligand Receptor interaction activities on the niche in the AD dataset
Supplementary Table S8: Estimations of cell type-specific gene module proportions in the AD dataset
Supplementary Table S9: Niche effect on cell type-specific gene module in the AD dataset
Supplementary Table S10: Niche scores in the CRC liver metastasis dataset
Supplementary Table S11: Ligand Receptor interaction activities on the niche in the CRC liver metastasis dataset
Supplementary Table S12: Estimations of cell type-specific gene module proportions in the CRC liver metastasis dataset
Supplementary Table S13: Niche effect on cell type-specific gene module in the CRC liver metastasis dataset
Supplementary Table S14: Estimations of gene module activities in the BRCA dataset
Supplementary Table S15: Niche effect on gene module in the BRCA dataset
Supplementary Table S16: Gene embeddings for each gene module in the BRCA dataset
Supplementary Table S17: Estimations of gene module activities of tumor cells in the LUAD dataset
Supplementary Table S18: Estimations of gene module activities of fibroblasts in the LUAD dataset
Supplementary Table S19: Estimations of gene module activities of neutrophil in the LUAD dataset
Supplementary Table S20: Gene embeddings for tumor cell, fibroblasts and neutrophil associated gene module in the BRCA dataset
Supplementary Table S21: Neighboring cell types’ effects on gene module in the BRCA dataset

image3.png
g
5128 14
§ 100/0
815
8 53 60
£ 50 a9 45 a7 39 35
£ 2 2523II2123 1310 g 515, 2 o]l En LB
P | | [ | ancecm2lia [ 1A l-&i SiuN2
2 ) x
c4 [ ] [ ]
c3 °
Liee®
cl- e
c2e 1
Niche1 200, Niched Nichet
C 25 1.75| g g 0.4
20 i i B
100) Niche1 3] 15 100 o
‘Nehe2 3 10 % 075 03 02
iche: iy 0.50) 02 X
Nched A <05 “025 ] o [0
 Niche! X - . .
80 Niched lNJM:I? 00 - 0.001 0.0 — 0.0
- - Niche7 i T T
g Niche8 10 03 0% 020 Eh:
Q Nicheg 08 ] 04 017] e
& 60 Niche10 &) 0.15)
ki iche’ 06 05 03 0.12) 12
2 “Niche1l 04 i £ 010 : 100
: e . I I 15
liche 0.05)
s P Bl s i s
iche15 o X X
Nichel1 Niche12 Niche13 Nichel14 06 Niche15
20 10 05 05 08
o 04 0.6
3 03
0 = 02 0.4
L W01 W02
L 100 .00
D E
morproo 1o Tu0l AREG Tu02 DEFAS
08 08
® 06
3 06 ",
3 04 04 o
N g
L 02 02 H
OMAPT +00
Tu04 RGMB 07 JTu06 NKD1
06
o 05
04
E 03
3 02
+0.1
OMAPT -00
Ju08 GNG13 0.4(
0.35|
0.30) o
4 ; 0% E
E - 0.15) &
0.10|
+0.05)
ONMAPT -0
' pearson correlation between infered proportion and niche transformed mean
08 G
06 £05_endothelial CLECAG Mo2_Mac_CXCLO T03_CDB_TXNIP
° &0 °
7 0 25
04 6
3 840 »
s -3
SER g Bs
= & 3 °
N § H
83 g ° £
=00 B 2 ° =10
g2 <
< =
*
-02 T4 " = : ?
-04 cc e cc e PB cc cN Lc LN PB
organs organs organs
-06
-0.8
Cell cel interaction n L1
Tu06_GNG13-704_fbrobiast_C3
H Tu0B_GNG13-703_forobiast CXCLi4
W0Z_ttac_CxoLe704_morobast 3 | o .-
(o703, orobast.CXCL14
04 Torabiast G302, Mot CXCLS . . . _
§ _ Fo4_fbroblest_C3.703 fiooblast CXCL14 . . . L 5
FO4_fibroblast_C3-E06_endothelial_CLEC4G 10§
8 P4 forobiast_Ca-£04.endothcial D36 .. ]
203 foroviast CXCLI4-Tuba_GNG13 . s g
& F03_fibroblast_CXCL14-M02_Mac_CXCLS . . . 2
F03_forobiast_CXCLi4-F04 Tbrobiast C3 0 o . o 8
£06_endoeial_CLECAG-MOZ_Mac. CXELO & ee . . H
£06_endothelia_CLECAG F04 orobast 03 | o ° . . =
04 endothelia_CO36 04 forobest 3 | @ H M .
£03_endofheia_NOTCH.F02_iorast_MCAM 1 @@ o e . H
£03 endotneial NOTCHS£01_endothell_SELP weY ,,° e 44 4 H
£01_endothelial_SELF02_Mac_CXCLS Teve . . o o
YRR R R F Pz ode BT3B RS2 8IEE
sr83zsegiesBipseg gggégggg;ggggsaﬁg%gﬂ@a%f,;
P NP E e ] - BE8 g aaeh8 e Y N s
Q§§u1<5n$;50555:§ 3 553§‘§5§4§qgg3§s%§gmgagkz
2335%%5°35585332 g ShEysS8g85 2585228350¢2¢
<3 gg88 g GgTHT 222553 ggT T
Ligand-receptor pair - g




image4.png
A C
05 07
090 g
06
o085 ‘
§ 075 (=] fo4 BANKI
Somn g Gz
3 03 TCF4
goes LPXN
o0 0 ST
055 —_— IL2RG
CCR7
e & R o
o A o N vz
MRC1
ZEB1
B CD69
Norm by Module Nom by Original Annotation e
6_cels [} 6 _cets [ EorLy
D4 _T_cels CD4e_T_cels ToRALT
cosetceis [ Co8e_T_cels LRRCTS
ocs [ R eis_1 s SDC4
ocs. oois_2 ccpGt
Endothetial [} Endothelial [} DAPK3
IRF7+_DCs IRF7+_DCs . OCIAD2
Invasie_Tumor [ ] Invasve_Tumor NP3
LAMP3+_DCs u u o8 LAMP3+_DCs u ' 08 CTIN
Wacrophages_t [l ] wacronaes 1l sy
Macrophages_2 Macrophages_2 o '
Mast_Cells oe Mast_cels ] e o
Myospi_ACTAZ+ ] Myoepi ACTAZ+ '] SERmNAS
Myoepi_KRT15+ ] Myoepi_KRT15+ ' ke
Pernascuar-Like Pervasculr-Lie (N | MYEPCH
Proif_invasive_Tumor ] proit_invaswe_Tumor ] TUBR2B
soma oW 0N o2 Stromal ] [°2 PIMt
Stromal_8&_T_Cell_Hybrid ‘Stromal_&_T_Cell_Hybrid MMP1 -
T_Cellt_Tumor_tyoria E
Uniabeied Uniabeled
00 00 g
593585332y Rereeg 3938858820 LeEeg S
gigsgasatitiiadiiss sgazasaaiiiatisiiss
S=====333c52522s5s3s:22 EE==Z==333c52522s5s3s:22
sicmop SiGMoD
D . - E Normalized gene assignments.
5o
Normalized gene assignments 05
- Module -00
~Module2
n n Modues Module15
[ | | [ W N | -Module4. -Module3
Module5 -Module11
- Module6 -Module10
= | Moduie? -Module13
| BRS B E e “hodied®
B i I Module§ -Module2
| B ~Module10 -Module5
[ | . ~Module11 - Module§
| I | ~Module12 -Module7
“Module13 -Module14
| | I. - Module14 . 1 MOgu}eL
~Module15. I Module’
u B e [ Moue n -Module8
[ | Module16 Module16
] B -Moduel? | Modudos
1 -Moduie1s - Module20
] ] - Module19 - Module12
MUNCEE,, CRUNECH . WSS SN TN mEION S EOmEREEe Module20 0 -Module18
Symomormya e
NSO O SE OISR AL s IR YL aZ S RNg00R L SL L SO AL ARPOR SN S38292%023Y BETe
SR sE e R R R e R et B $533333323 g22s2
00 TeEg O7h TUS TROTORTTgS gRRTH gatpyrgRRehpeTetyiEok 8828288888 8888
9 " &F F s == s = = = = s=s=
F G
B L
11 -S100A4_EGFR 00l
-S100A8_CD69 - -I - I-I | F1__ -Modulet
-CD86_CTLA4 || - Module2
-EDN1_EDNRB [ M°g“:eg
-C1QA_CD93 C NModuiss
-MMP2_PECAM1 ~ Moduled
-CXCL12_AVPRIA -+ m - Module?
— ] - CEACAM6_EGFR - Module8
| -CDH1_EGFR | u | -- Module9
X || Module10
CCLE_Shed | - Module11
| S100A4 ERBE2 -I- | = “Module12
-CXCL12_SDC4 u Module13
-S100A8_CD68 I ‘ - Module 14
-CD274_CD80 [ | | | = | -Module15
[ | -CXCL12_CD4 | - Module16
-CXCL12_CXCR4 | Module17
-PDCD1LG2_PDCD1 Module19
i CresgnoIsNILENTgNONTg oy o
S5522233SbbeSSbRSbSE 5550808538898 388 325822358
8233333283338833:83¢83 ZES8000EEE8005 02888035808
===32s53==833==33=3=2 @ ® g o=z oy
o




image5.png
epithelialt epitheiial2 endothelial1 endothelial2 plasmablast! s 0
e S oo [T " : -
. 08

0o 08 08
S, . ¥ s
i > 2 g R 04 04 04
- * ] ™ L i o4 < 04
02 02 02 02 | N 02 \ 02
p g o2
02
00
T CD8 memoryt T CD8 memory2 Becellt B-cel2 10 Tregt Treg2 T CDB naivet T CDB naive2
08 s s . < les L e . 0 | < > s 5
. i 08 0s 08
0s 08 08 - 08 . 08 .
. 04
04 0s o4 04 e | o oo
02 02 02 02 04
02 - o2
00
T CD4 memoryt T CD4 memory2 TCD4 naivet T CD4 naive2 mDC1 0s mDC2 0 pOC1 pDC2
0s e . g
. o fes o3 0s 0s “ fos
08 £ 0s © los
a = N 08 08 0s 0s
04 " 04 04
g >+ 02 08 o4
5 o2 5 02 02 02 0z
02
00 04
NK1 NK2 monocytet monocyte2 mast! mas2
0s t fos 08 08 08
0s oe 00 08 0s os
o4 04 04 04 04 04
02 o2 o2 02 02 02

e,

S100A9

T e d PDGFB
Teos

cell_type_major

 Alveolar celltype 1 @ Neutrophils
B © Alveolar celltype 2 o Plasma cell

AHR 2 H B cel © Stromal
CLEC1A é £ © Ciliated © Teell CD4
A Ap 5 - ® Club © TcellCD8
ENG 2 f g @ DC mature @ T cell regulatory
ADGRB3 o s = @ Endothelial cell ‘® Tumor cells
Py g 4 > ® Macrophage ® cDC1
SLPl < & © Macrophage alveolar C2
ERBB2 N g © Mast cell other

~ -PHLDA2 T H © Monocyte pDC
ANGPT1 5 © NK cell ® transitional club/AT2
IL12RB2 2

s - J— ) JR— - . s

£
ez

Modules correlation among samples Gene-Gene Interaction Network For Tumor Module2
tumors [ 3 8 z 8 5 4 < 8
t & L F & = z ﬁ g 5 3
tumors2 04 S 2 % ¥ X 5 2 g z %X z
o o o o o
<
tumors3 02 %
neutrophil oo g
neutrophil2 5]
02 €
fibroblast1 g
-04 8
fibroblast2
fibroblast3

tumors1
tumors2
tumors3

neutrophill
neutrophil2
fibroblast1
fibroblast2
fibroblast3





image1.png
Nichet

Yew
LA

Niche10

L
#®

Niche Distributions

Niche2 Niche3

L

Niches Niches:

k1
Lo

w

Niches Niched

k1

w

Lo

Niche11 Nichet2

-

CARD Cell2location RCTD

k1
Lo

1
Lo

Fos
Fo2
Loo

L

Lo

(]

Cell Type

1 Acinar cells M Ductal centroacinar  Endothelialcells Il Mast cells HTutcells

boso B Cancer clone A M Ductal high hypoxic ~  Fibrobiasts M Monocytes HmDCs A

Fos Cancer cione B Ductalterminal MMacophages A HRBCs HmDCs B
Looo Ductal antigen-presenting 1 Endocrine cells HMacophagesB MTcelsandNKcels  MpDCs

LAMB1_ITGAY
20 COL1A1_ITGA11 16
SHAMBTITGAY LAMC2_CD151
COL1A2_ITGA11 14
_015
215 LAMB3_CD151 12 o
3 L4 LAMB3_ITGA3 0 ®0.10
5 40 COLIAIITOATT s imoms Lavc2_rToks S
B £3T6A3  coLta Mok FN1ITGA3| 08 c
2 LAMB3_CD181 " N1 1T6A3 857 noTCHS cxcL12_co4| @
H MEART e e Lane 1mos L2005
S 54 mipar® SAMIRPL ey ross Lavc2_TeBs 05
= eNiL7RE  CAmcz coist
2 R roen oLz cxoRa A2M_LREY
8 e VDK LRP1 04 0.00
1204 THBS2_NOTCH3| o EEZESAan 2>
0 FNT_ITORS. 0 0 8>® % T E &
0 5 10 FN1ILITRC| S 23 8<Q3F
FN1_PLAUR 0§ 2 80x g
-log10(FDR) of Mean = 00 n - ey @
©
o
100 Methods
camyee I W I oy
‘spotiphy| [ ] 80 + spotight
+ cellZocation
Rt e e e cARD
060 +RCTD
caro s 6 ¢ 80 @ . . e e o T $ * spotohy
cel2location e €6 e o e e ® ® ™Y P value g
@< e o
spotight] ° 0o . ° OPvai<ie2
oPval<se2
tangra ees o e @Pval< et 20
Pual> te1
siamoD
e oteie o e e e e e ° roon .
Region o i% g H
e i H 8
2w 3
gn
&
H Module-module interaciion crcl plot
CXCL12-CD4
CancerRegion PancreaticRegion DuctEpithelium
50 TR g PITED g PR
50
240 b e
g3
g
£ s
32
a
10
0 1 4
Cancer Non-Cancer Pancreatic Non-Pancreatic Duct Epithem  Non-Duct Epitheium





image2.png
B Wnt3_Fzds, D
Emb2_Ephb1
SSt_Sstr2|

10
=200

Semadd

. Siiti_Robo2
EMna3_Epha7 175 08
Cort_Ssr2|
Tgfa Erbb3 150
Fofi_Fgir2 06
Nign2 Nnn2
. Nign3_Nnn1
M . SIit3 Robo2 125 k
Pseni_Erbbd| 04
. Col9a3_Mag 100
‘Sema3f_Phna3

a
8

IS
&

@
8

Correlation

N
8

Npbx@_Nptxr 02
Sema6d_Trem2
Sema3a_Pixna2|
Mrge_ligav
Tacl_Tacri
Adam17_Cdo)|
Bdnf_Ntrks|
omg_Rindr|
0 5 10 15 20 Ncami_Fgfr1

-log10(FDR) of Mean 1

075

-log10(FDR) of Density

3

0.50 00

0.25

02

0.00

08

feos
o
3 i fos ¢ foz
s o 200
01
02 02 175
00 00 00 150
~04
o =020 2o 5125
L3 H
L hots
04 02 3 1.00
02 010 2
<
0z 01 oo 01 075
00 00 om0 00 050
025
-04 Loxs L. 025
E
hos & 4
015
015 03
02
0.10 02 010
o1 0.05 0.1 0.05
00 0.00 - 00 - 0.00
L2/3 1T CTX_infer L4 1T CTX infer  L4/5IT CTX infer L5 PT CTX infer L6 CT CTX_infer L6b CTX_infer CA_infer
S |ro2s [0 s roazs S
o (o F [Fo1o0 |-
0.15 006 0.075
0.10 . 0.04 0.050 B
005 002 002
000 000 0000
L2/3 1T CTX_mi L4 1T CTX_mu L4/5 1T CTX_mu L5 PT CTX_mu L6 CT CTX_mu L6b CTX_mu
gy | . T VTR
. 1y o
02
02 ; 02 02
. 02
o4 03 03
04 03
N
~04 3 i
025 (Los00 L -0.08
Loz A .
i pes i 0.075 [Fooe
015 8 s .
o s ! oo i " froos
0.05 0.025 i 0.02
01 e L
000 0000 000
-02
+-os
0.1 3 01
. 03
o 02 02
-02 01
03





