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SUMMARY

Tumors are complex systems comprising diverse cell types that form the tumor spatial microenvironment 

(TSME). We present a pan-cancer spatial transcriptomic analysis of 373 samples across 12 cancer 

types and identify 56 local cellular programs (LCPs) and 13 recurrent niches. Ligand-receptor analysis 

reveals niche-shared and niche-specific interactions that drive spatial organization. Notably, gene expres

sion in tumor cells and macrophages depends heavily on their specific location. Furthermore, niches 

associate significantly with clinical outcomes: macrophages colocalized with tumor cells (Niche_4) corre

late with poor prognosis and immunotherapy resistance, while those colocalized with immune cells 

(Niche_11) predict better survival and treatment response. This systematic dissection of the TSME pro

vides deeper insights into cellular communication and the structural influences governing complex tumor 

ecosystems.

INTRODUCTION

Tumor is a complex ecosystem composed of tumor cells, as well 

as other stromal cells and immune cells. Together, they consti

tute the tumor microenvironment (TME). The TME exerts its bio

logical function in tumor progression, invasion, metastases, and 

pro-tumor/anti-tumor inflammation.1 Traditional single-cell RNA 

sequencing (scRNA-seq) analyses provide a panorama of the 

cells in the tumor, especially the TME cells. In particular, a series 

of the pan-cancer scRNA-seq analyses systematically dissects 

TME cells that are common among tumor types.2–4 Another al

gorithm, EcoTyper, uses RNA sequencing (RNA-seq) to define 

the multicellular communities on the inferred cell type composi

tion.5,6 Unfortunately, the lack of spatial information makes it 

difficult to precisely clarify the communications between cells 

and how these communications take pro-tumor or anti-tumor ef

fects. With the rapid development of the spatial transcriptomics 

(ST),7,8 researchers could catch a glimpse of tumor microenvi

ronment spatially.

Recent publications have highlighted the importance of the tu

mor spatial microenvironment (TSME), which is related to patient 

outcome and response to treatment.9 One of the well-known 

TSMEs is the tertiary lymphoid-like structure (TLS). By applying 

spatial transcriptomics, the researchers are able to dissect the 

molecular features of TLS and show that TLS is related to better 

survival and response to immunotherapy.10–12 Subpopulations 

of certain cell type are found in distinct spatial locations.13–18

For example, FOLR2+ macrophages were colocalized with 

plasma cells, while NLRP3+ macrophages were colocalized 

with neutrophils in colorectal cancer and breast cancer.13

Furthermore, a recent pan-cancer study has revealed that fibro

blasts could be divided into four conserved spatial subtypes 

based on their neighboring cell types, resulting in different prog

nostic effects.16

Most of these studies have been hampered by the con

strained sample sizes and thus have only investigated a 

single cancer type or a specific cell type. With the accumula

tion of spatial omics data, it is necessary to more comprehen

sively characterize TSME across multiple cancer types. 

Although data of spatial transcriptomics are accumu

lating,19,20 in-depth analyses are still needed, especially that 

related to TSME.

To comprehensively capture and investigate the spatial land

scape across tumor types, we conducted a pan-cancer study 

on the TSME using spatial transcriptomics data. Public data 

from the 10× Visium platform, one of the most popular technol

ogies for detecting gene expression spatially, were used for an

alyses. First, we systematically delineated the TSME patterns 

at different spatial extents across 12 cancer types. Further

more, we investigated the ligand-receptor (LR) interactions 

and expression differences under diverse TSMEs. Finally, we 

adopted external bulk RNA-seq and multiplexed protein imag

ing data to explore the clinical implications of the TSME 

(Figure 1A).
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RESULTS

Overview of the pan-cancer spatial transcriptomics data 

analysis

To elucidate the TSME heterogeneity of different cancer types, 

we developed a pipeline to analyze pan-cancer spatial transcrip

tomics data from the 10× Visium platform (Figure 1A). After qual

ity control of both samples and spots, we generated a pan-cancer 

spatial transcriptomics atlas of 373 samples containing 993,380 

spots from 12 cancer types (Figures S1A–S1C; Table S1), 

including breast cancer (BRCA), colorectal cancer (CRC), cuta

neous squamous cell carcinoma (CSCC), glioblastoma (GBM), 

head and neck squamous cell carcinoma (HNSC), kidney renal 

cell carcinoma (KIRC), hepatocellular carcinoma (HCC), lung 

adenocarcinoma, lung squamous cell carcinoma (LUSC), ovarian 

cancer (OV), pancreatic adenocarcinoma (PAAD), and prostate 

adenocarcinoma (PRAD)11,21–61 (Figure 1A). We next estimated 

the cell type composition of each spot via RCTD62 and then clas

sified tissues into Benign, Stromal, and Malignant compartments 

based on both cell type composition and CNV (copy number vari

ation) profiles (Figures S1D and S2; STAR Methods). Our results 

show high consistence with well-known histopathology. For 

example, the ST slides of PAAD exhibit high fractions of Stromal 

compartment (Figure S1E). The Malignant compartments are 

dominated by tumor cells. Stromal compartments are dominated 

by non-parenchymal cells especially fibroblasts (Figure S1F) and 

could distribute fully in the tumor lesion or at the benign-malig

nant boundary. We observed the heterogeneous cell type com

positions in the spots within the samples (Figures S1G–S1I). After 

that, the local cellular programs (LCPs) and niches were defined 

to characterize TSME. To further explore the intrinsic mechanism 

of these niches, we analyzed the LR interactions and the cell- 

type-specific gene expression. Finally, we tried to uncover the 

clinical implications of the TSME using the bulk RNA-seq and 

multiplexed protein imaging data, to reveal its association with 

patient prognosis and response to immunotherapy.

Characterization of the heterogeneity of local cellular 

programs

Considering the large difference in the cell type composition be

tween Malignant and Stromal compartments (Figure S1D), LCPs 

were identified by the unsupervised clustering of the cell type 

composition of the spots in Malignant and Stromal compart

ments, called MLCP (Malignant LCP) and SLCP (Stromal LCP), 

respectively (Figures 1B and 1C; STAR Methods). Consequently, 

we obtained 28 MLCPs and 28 SLCPs, named by the most abun

dant cell types (Figures 1D, 1E, S3A, and S3B; Table S4). The 

contents of these LCPs show high variation across tumor types 

(Figures 1F–1G). For example, MLCP_Tumor emerges as the 

predominant MLCP, which shares higher fraction in CSCC, 

HCC, and PRAD and less abundance in KIRC (Figure 1F). Simi

larly, SLCP_Fibro accounts for the largest number among all 

SLCPs, which is higher in BRCA, OV, and PAAD (Figure 1G; 

Table S4).

Next, we sought to resolve the spatial distribution of LCPs. We 

developed a pipeline to dissect the spatial distribution of LCP 

from two facets (Figure S3E). First, we scrutinized the assortativity 

of LCPs, that is, the degree of LCP self-aggregation. MLCP_Tumor 

has the highest self-connectivity across samples among the 

MLCPs, reflecting the local congregation of tumor cells 

(Figure S3F). MLCP_Fibro/Plasma, MLCP_Plasma, MLCP_ 

Macro, MLCP_Fibro, and MLCP_Macro/Plasma are also highly 

self-connected (Figure S3F). For SLCPs, surprisingly, SLCP_CD4 

T/B has the highest self-connectivity among SLCPs, although it 

ranks seventh in terms of SLCP quantity, indicating a highly orga

nized structure composed of CD4 T and B cells (Figures 1G and 

S3F). Then we detected spatial adjacent communities, which 

reflect the colocalization among multiple niches. Totally, we iden

tified 10 communities. Among them, there is a community contain

ing LCPs related to plasma cells, indicating the TSME with plasma 

cells aggregation. Besides, there are two macrophage-related 

communities, one consisting of MLCP_Fibro/Macro, MLCP_ 

Endo/Macro, SLCP_Macro, SLCP_Fibro/Macro, and SLCP_ 

Endo/Macro and the other one consisting of MLCP_Macro/cDC, 

MLCP_Macro/cDC/CD8 T, SLCP_Macro/cDC, SLCP_Macro/ 

CD8 T, SLCP_cDC/CD8 T, and SLCP_Macro/NK (Figure S3G). It 

implied that macrophages would have different TSME patterns.

Consensus spatial niches in pan-cancer samples

Given that the locations of the LCPs arrange into distinct spatial 

organizations, we then considered the neighborhood of spots to 

define the TSME over a larger spatial extent, which is called 

niche here (Figure 1A). Thirteen consensus niches were identified 

among 12 cancer types (Figures 2A, 2B, and S4A; Table S5; 

STAR Methods). Niche_1–Niche_6 primarily consist of MLCPs. 

Niche_1 is mostly composed of MLCP_Tumor, and we deduce 

that this niche represents the aggregation of tumor cells and 

the lack of infiltration of other TME cells. Niche_2 is mainly 

composed of MLCP_Endo and MLCP_Fibro/Endo, which inflect 

the TME of the tumor cells colocalized with endothelial cells. 

Niche_3 consists of MLCP_Fibro, which depicts the TME of fi

broblasts colocalized with tumor cells. Niche_4 is associated 

with MLCP_Macro, in which macrophages and tumor cells are 

located in the same area. Spots of Niche_5 and Niche_6 are 

MLCPs with lymphocytes, which signify the TME of immune 

cell infiltration in the tumor. Niche_7–Niche_13 consist mainly 

of SLCPs. Niche_7 is composed mainly of SLCP_Endo and 

SLCP_Fibro/Endo, which may represent vessels in the Stromal 

compartment. The spots of Niche_8 are mostly SLCP_Fibro, 

which is dominated by fibroblasts. Spots in Niche_9 coexist 

Figure 1. Overview of the study and local cellular programs across pan-cancer samples 

(A) Overview and workflow of the study. 

(B and C) Uniform manifold approximation and projection plot of spots in the Malignant (B) and Stromal (C) compartments embedding by their cell type com

positions. The points represent spots and are colored by the labels of MLCPs and SLCPs. 

(D and E) Scaled mean composition of the cell types in MLCPs (D) and SLCPs (E). 

(F and G) Scaled composition of MLCPs (F) and SLCPs (G) in different tumor types, and the total number of spots in each LCP. *p < 0.01 and **p < 0.001 represent 

the fraction of LCPs that is significantly higher or lower in specific tumor type compared to the others, tested with Wilcox rank-sum test.
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Figure 2. Consensus niches in pan-cancer and intra-/inter-tumor heterogeneity 

(A) Mean LCP composition of the neighboring spots in different niches. 

(B) Mean cell type composition of the spots in different niches. 

(C) In situ presentation of the niches and cell type fraction of the spots in an example sample. The spatial pattern of the niches is shown in the middle, and the cell 

type composition of the spots in typical regions is shown with pie plots. 

(D) Bar plot showing the Shannon entropy calculated from the niche composition of each sample, stratified by cancer types. p values were calculated by ANOVA 

across tumor types. 

(E) Heatmap displays the niche composition of the samples, and the tracks on the top of the heatmap show niche types and cancer types of the samples.
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with mesenchymal cells and immune cells. Niche_10 is predom

inantly characterized by SLCPs where macrophages coexist 

with stromal cells. Niche_11 is the niche with SLCPs that coloc

alize with macrophages and other immune cells. Niche_12 is 

composed mainly of MLCPs and SLCPs containing plasma cells. 

The spots of Niche_13 are mainly SLCP_B, SLCP_cDC/CD4 T, 

and SLCP_cDC/CD8 T, indicating an immune TSME that aggre

gates B cell, cDC (conventional dendritic cell), CD4 T, and CD8 T, 

which appears to be a TLS-like niche (Figures 2A, 2B, and S4A; 

Table S5).

Interestingly, plasma cells and B cell were distributed in 

Niche_12 and Niche_13, respectively. We found a higher propor

tion of cDC, CD4 T, and B cell in Niche_13 but a higher proportion 

of plasma cell in Niche_12 (Figure S5A). Also, plasma cell-related 

genes, such as MZB1, have higher expression in Niche_12, while 

B cell-related genes, such as MS4A1 have higher expression in 

Niche_13 (Figures S5A, S5C, and S5D). Moreover, the genes 

of antibodies are also differently expressed in two niches. Most 

of the antibody genes, such as IGHG1, IGKC, IGHA1, and 

JCHAIN, are highly expressed in Niche_12, while IGHD is highly 

expressed in Niche_13 (Figures S5B, S5C, and S5E), suggesting 

the plasma cells in Niche_12 have undergone antibody class 

switch but B cells in Niche_13 have not. These results indicate 

B cell and plasma cell are located in different spatial microenvi

ronment, and execute different biological functions. In a recent 

study on GBM, patients of B:T-TLS and PC-TLS were distin

guished, consistent with our results that B cells and plasma cells 

are in different niches.63

We further validated our defined niches using public high-res

olution spatial transcriptomics datasets from Vizgen MER

SCOPE.62 The cell type colocalization patterns seen in 10× Vis

ium could also be observed in subcellular-resolved technologies 

(Figures S6A–S6G; STAR Methods). For example, we found the 

B cell-mediated and plasma-cell-mediated niches, as well as the 

colocalization of macrophages and epithelial cells and the coloc

alization of macrophages with the immune cells (Figure S6H).

Intra- and inter-tumor heterogeneity of spatial niches

Generally, more than one niche could be found in each sample, 

reflecting intra-tumor TSME diversity (Figures 2C, S4B, and 

S4C). Quantitative measurement of intra-tumor TSME heteroge

neity revealed that CSCC, LUSC, and PAAD have more exten

sive diversity than the other tumor types (Figure 2D). For the in

ter-tumor diversity, samples were grouped into 11 clusters on 

the basis of their similarity in niche composition and named 

based on their dominant niches (Figure 2E). Although each clus

ter encompassed multiple cancer types, individual tumor type 

still exhibited preferences for the specific cluster (Figures 2E 

and S5F). Niche1dom was enriched in PRAD (80.0%) and HCC 

(50.0%), which suggests that TME cells are depleted in the ma

jority of the patients with these two tumor types. Niche2/7dom 

was enriched in KIRC (24.4%), implying that endothelial cell is 

an important component in part of KIRC patients. Niche3/8dom 

was enriched in BRCA (22.5%), implying that fibroblast is an 

important component in part of BRCA patients (Figures 2E and 

S5F). The remaining clusters, which are traditionally noted as 

‘‘Immune-hot’’ tumors, could also be heterogeneous due to their 

diverse immune cell types and spatial distributions. For example, 

Niche4dom was enriched in GBM (21.9%), while Niche9dom was 

enriched in CSCC (62.5%) and PAAD (42.3%) (Figures 2E and 

S5F). Yet, multiple niche types were still observed in the same 

cancer type (Figure S5F). Among our collected pan-cancer data

sets, one CRC cohort provides the labels of microsatellite unsta

ble (MSI-H) and microsatellite stable (MSS) subtypes.50 Totally, 

there are 11 MSI-H samples and 14 MSS samples. We found 

that the niche type composition is different between MSI-H 

and MSS patients, in which Niche_1dom occupied most of the 

MSS samples, while the immune-cell-enriched niches were 

encountered in MSI-H patients (Figure S5G, left). Another two 

HCC immunotherapy cohorts contain 6 responders and 8 non- 

responders.24,32 Also, the niche type composition is different be

tween responders and non-responders. Over half of the non-re

sponders belong to Niche_1dom, and the immune-enriched 

niches, such as Niche_12dom and Niche_13dom, are enriched in 

the responders (Figure S5G, right).

To illustrate the validity, we compared the spatial niches 

defined here with the spatial domains clustered by gene expres

sion (Figures 2C, S4D, and S4E; STAR Methods). Multiple niches 

dominated by non-parenchymal cells (Niche_7–13) are allocated 

to one domain, indicating that the expression-based domain 

may not well represent immune heterogeneity due to the 

complexity and similarity of different immune cells. Niche_1 

and Niche_4 are allocated to multiple different domains; these 

domains may reflect differences in tumor cell expression among 

different cancer types, but they are not conducive to identifying 

consensus TSME across cancers. On the other hand, we also 

compared the sample clusters with previously defined immune 

subtypes from pan-cancer bulk RNA-seq64,65 (Figure S5H; 

STAR Methods). The relationship between tumor type and The 

Cancer Genome Atlas (TCGA) immune subtype was consistent 

with the original study. For example, GBM is enriched in 

‘‘Lymphocyte depleted’’ subtype and KIRC was enriched in ‘‘In

flammatory’’ subtype (Figure S5H). The ‘‘IFN-γ dominant’’ sub

type could be further classified into several niche types, implying 

that our defined niche types could better capture the diversity of 

immune components across patients (Figure S5I). Overall, these 

results prove that our defined niches based on spatial transcrip

tomics have better performance in depicting intra- and inter-tu

mor TSME heterogeneity.

Systematic dissection of ligand-receptor interactions 

within niches

A niche represents a complex spatial pattern in which adjacent 

cells are composed of specific cell types. We hypothesized 

that LR interaction is one of the most pivotal factors driving cell 

aggregation and the establishment of niches, thus affecting the 

biological function of the niches. Therefore, we tried to identify 

the LR pairs that occur within the niches. The LR interaction 

score for each spot was defined by the coordinated gene 

expression of ligands and receptors. Niche-related LR pairs 

were selected by first comparing the LR scores across spots 

within a sample and then integrating the results from all samples 

via meta-analysis (Figures 3A and S7A; STAR Methods). The 

comparison of niches showed that some LRs are present in 

only one single niche (Figure 3B; Table S6), such as EREG- 

EGFR + ERBB2 in Niche_1 and PTPRC-CD22 in Niche_13. In 
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Figure 3. Niche-shared and niche-specific ligand-receptor interactions 

(A) A schematic of the identification of niche-related LR interactions. 

(B) The number of LR interactions in the niches. 

(C–E) Shared and specific LR interactions of endothelial cell-related (C), fibroblast-related (D), and macrophage-related niches (E). The dot color represents the 

signed combined ranks by the rank-based meta-analysis, and the dot size represents the ratio of samples with significantly higher or lower LR interaction scores 

under the confidence of 0.95. 

(F) Enriched LR interaction pathways of the niches. The red dots indicate that the LR interactions of the niches are enriched in specific pathways with p < 0.05 

according to Fisher’s exact test.
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contrast, other LRs are found in multiple niches (Figure 3B); for 

example, Niche_2 and Niche_7 shared 20 common LR 

interactions.

Niches with the same major cell types not only share many 

overlapping LR pairs but also exhibit distinct LR pairs due to 

the difference in colocalized cell types (Figure 3B; Table S6). 

For example, Niche_2 and Niche_7 predominantly harbor endo

thelial cells, both of which exhibit VEGFB-VEGFR1 and 

ANGPTL4-CDH5 interactions, while ANGPT2-TEK and VEGFC- 

VEGFR2 interactions only occur in Niche_7 and VEGFA- 

VEGFR1R2 and SEMA3F-NRP2 + PLXNA2 interactions only 

occur in Niche_2, which probably indicates communication be

tween tumor cells and endothelial cells (Figure 3C; Table S6). 

Niche_3 and Niche_8 are niches dominated by fibroblasts, 

where common LR pairs are seen, such as COMP-ITGA3 and 

LAM2-CD44, while FGF1-FGFR1 and FGF10-FGFR1 only occur 

in Niche_8 and INHBA-ACVR1B + ACVR2A and SEMA5A- 

PLXNA1 only occur in Niche_3, which may be the communica

tions between tumor cells and fibroblasts (Figure 3D; 

Table S6). Similarly, Niche_4, Niche_10, and Niche_11 are 

niches containing macrophages; there are common and shared 

LR interactions reflecting the communication between macro

phages and other cell types (Figure 3E; Table S6).

We then dissected the LR interactions at the pathway level and 

observed niche-specific and shared pathways (Figure 3F; 

Table S7; STAR Methods). For example, the EPHA (p = 

4.01 × 10− 7) and NECTIN (p = 1.39 × 10− 2) pathways were en

riched only in Niche_1, and this enrichment might represent the 

communication mechanism between tumor cells. Among them, 

nectin family proteins are involved in cell adhesion and prolifera

tion, which is related to poor prognosis in many types of can

cer.66,67 COMPLEMENT, MHC-II, ICAM, and ITGAL-ITGB2 are 

enriched in multiple immune-related niches (Niche_10, Niche_11, 

Niche_12, and Niche_13) (Figure 3F; Table S7), indicating that 

these LR interaction pathways are common features of immune 

cell-related niches. Even for the shared pathway, the LRs used 

by different niches may vary. Taking the NOTCH pathway as an 

example, it is enriched in Niche_1 (p = 0.0119), Niche_2 (p = 

3.25 × 10− 11), and Niche_7 (p = 1.89 × 10− 8) (Figure 3F; 

Table S7); however, DLL3-mediated LR interactions are only pre

sent in Niche_1, whereas DLL1- and DLL4-mediated LR interac

tions are present in Niche_2 and Niche_7, suggesting their roles 

in angiogenesis (Figure S7B; Table S6). Similar phenomena could 

also be found in other pathways, such as COLLAGEN and 

LAMININ signaling pathways (Figures S7C and S7D; Table S6). 

Taken together, our analyses revealed that LR signaling may be 

involved in the formation and biological function of diverse niches 

in pan-cancer microenvironments.

Immune-related LR interactions take action in 

immunomodulation

Next, we investigated genes that play crucial roles in immune cell 

recruitment and immune regulation. First, we examined the inter

action between chemokines and their receptors in all the niches 

(Figures 4A and S8A; Table S6). CXCL12-CXCR4 occurs in 

Niche_7, Niche_8, Niche_9, Niche_10, Niche_11, Niche_12, 

and Niche_13 (Figure S8B), which is consistent with its diverse 

functions in fibrosis,68 angiogenesis,69,70 plasma cell migra

tion,11 and immune microenvironment formation71,72 reported 

in previous studies. CCL15-CCR1 occurs only in Niche_1, and 

CCL7-CCR1 occurs only in Niche_4 (Figure S8C). Chemokine in

teractions are most active in Niche_11 and Niche_13 (Figure 3F). 

In both of these niches, CXCL9-CXCR3 (Figure 4B), CCL5- 

CCR5, CCL5-CCR1, and CXCL10-CXCR3 (Figure S8D) interac

tions occur, in which CXCL9 is suggested to promote anti-tumor 

immunity73 and response to immunotherapy.74,75 There are also 

niche-specific differences, such as CXCL16-CXCR6 (Figure 4B) 

and CCL3-CCR5 (Figure S8D) in Niche_11 and CCL21-CCR7 

(Figure 4B), CCL19-CCR7, and CXCL13-CXCR5 (Figure S8D) 

in Niche_13. CCL21, CCL19, and CXCL13 are commonly seen 

in TLS.76,77 These results demonstrate the diversity and 

complexity of chemokine interaction network in different niches.

The interactions between interleukins (ILs) and their receptors 

also play central roles in immunity. IL1B-IL1R2 interaction was 

exclusively found in Niche_4 (Figures 4C, 4D, and S8E). Macro

phage-secreted IL1B has been proven to contribute to tumor 

progression.78–80 The IL7-IL7R + IL2RG interaction was greatest 

in the TLS-like Niche_13 (Figure 4D). Previous studies have re

ported the role of IL7 in the recruitment of lymphoid cells in the 

formation of TLS.76,77,81 The IL15-IL15RA + IL2RG interaction 

is found in Niche_11 (Figure 4D), of which IL15 is related to the 

proliferation and activation of T cell and natural killer (NK).81

Both IL7 and IL15 are the members of the IL-2 family with similar 

bioactivities in activating T cell,81 but they take effects in different 

niches.

Then, we collected immune-activated and immune-suppres

sive LR pairs to investigate the niches in which these interactions 

occur82–84 (Table S8). Niche_13 harbors more immune-activated 

and immune-suppressive LRs than other niches, consistent with 

its diverse immune cell types (Figures 4E, S8F, and S8G; 

Table S6). PD-1 (PDCD1) and PD-L1 (CD274) are the most 

important immune checkpoints in cancers, and their interaction 

occurs in Niche_13 (Figures 4E and S8G).

Finally, we delineated the contribution of these immune-related 

LR pairs to prognosis across 21 tumor types in the TCGA datasets 

(Figure 4F; STAR Methods). The abovementioned Niche_11- and 

Niche_13-related LR pairs, such as CXCL9-CXCR3, CXCL11- 

CXCR3, CCL19-CCR7, CXCL13-CXCR5, CCL19-CCR7, CCL21- 

CCR7, IL15-IL15RA + IL2RB, IL7-IL7R + IL2RG, and CD274- 

PDCD1, are associated with better survival in at least seven tumor 

types (Figures 4F and S8H), while IL1B-IL1R2, which occurs in 

Niche_4, is associated with worse survival in seven tumor types 

(Figures 4F and S8I). In summary, we deciphered the LR interac

tions that are important for TSME remodulation, and these LR in

teractions are related to the outcomes of patients.

Gene expression of the cell types reliant on their niches 

located

One cell type may be involved in different niches. To further un

derstand the associations between gene expression in cells and 

the local microenvironment in the niches, we proposed a strat

egy to identify niche-related cell type-specific differential 

expression gene (NCDEG) (Figure 5A; STAR Methods).

First, we analyzed tumor cell-specific NCDEGs in niches 

dominated by MLCPs (Niche_1, Niche_2, Niche_3, Niche_4, 

Niche_5 and Niche_6). Niche_1, with nearly pure tumor cells, 
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was used as a reference to elucidate differentially expressed 

genes of tumor cells in each other niches (Figure S9A; 

Table S9). Subsequently, enrichment analysis was conducted 

for previously reported tumor cell states26,85 (Figure 5B; 

Table S10). NCDEGs that are more highly expressed in tumor 

cells in Niche_5 and Niche_6 are associated with allograft rejec

tion (adjusted p = 7.94 × 10− 5 and 1.34 × 10− 2) and interferon- 

gamma response (adjusted p = 5.50 × 10− 18 and 6.85 × 10− 6) 

(Figure 5B; Table S10), such as CFB (Figure 5C). These im

mune-related transcriptional programs may inhibit tumor pro

gression.86 The highly expressed genes of tumor cells in Niche_3 

and Niche_4 are enriched in epithelial-mesenchymal transition 

(EMT) programs (Figure 5B; Table S10), which suggests that 

the tumor cells that colocalized with fibroblasts or macrophages 

have greater potential to undergo EMT, which is one of the 

causes of tumor metastases. A representative EMT-related 
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Figure 4. Immune-related LR interactions and their associations with patient survival 

(A and C) Chord diagrams showing the niche-related LR interactions of chemokines (A) and interleukins (C). The color of the flows represents which niches the LR 

interactions occur in. 

(B and D) In situ display of LR interaction scores of niche-related chemokine (B) and interleukin (D) pairs. The spots colored in dark gray show the region of specific 

niche for observation of the LR interaction, while the ones colored in light gray represent the remaining niches. The color and the size of the smaller red dots 

represent the interaction score of the LRs. 

(E) Immune-activated and immune-suppressive LR interactions of different niches. The dots are colored by the signed combined ranks by the meta-analysis, and 

their sizes represent the ratios of samples with significantly higher or lower LR interaction scores (p < 0.05). 

(F) Survival analysis of the LR pairs by TCGA datasets. In the heatmap, the block color represents the hazard ratio (HR) and the block size represents the p value. 

The annotation block on the right represents which niche the LR interactions occur in, whose color is the same as that of Figure 4A.
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Figure 5. Niche-related cell type-specific differential expression gene 

(A) Schematic of the identification of NCDEGs. 

(B) Enriched pathways of tumor cell-specific NCDEGs in Niche_2–Niche_6, compared to Niche_1. The red and cyan dots represent the NCDEGs, enriched in 

specific pathway, selected with p < 0.05 by Fisher’s exact test. 

(C–E) Representative samples showing higher expression genes in the niches: CFB in Niche_5 (C), LAMC2 in Niche_3 (D), and LCN2 in Niche_4 (E). (Left) The 

spatial location of the niches. (Middle) The in situ expression of the genes. (Right) The scatterplot illustrating the relationships among gene expression, tumor cell 

fraction, and niches, in which the regression models quantitatively measure the relationship among these three variables. 

(legend continued on next page) 
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gene in Niche_3 is LAMC2 (Figures 5D and S9A), which has been 

proven to be related to fibroblast infiltration.87,88 In addition, we 

observed that tumor cells in Niche_4 presented higher expres

sion of genes related to epithelial senescence (adjusted p = 

4.89 × 10− 5, Figure 5B; Table S10), such as LCN2 (Figures 5E 

and S9A). Senescent cells have been shown to secrete factors 

that attract macrophages,89,90 and LCN2 expression in tumor 

cells is related to macrophage in leptomeningeal metastasis,91

which partly explains the observed macrophage and tumor co

localization in Niche_4.

Macrophages participate in multiple niches. We then investi

gated the differential expression of macrophages colocalized 

with other immune cells in Niche_11, compared with those colocal

ized with tumor cells in Niche_4 or stromal cells in Niche_10 

(Figure S9B; Table S11). To determine whether these spatially 

related NCDEGs are associated with macrophage cell states, the 

NCDEGs were mapped to a recently published study of pan-can

cer macrophage subtypes.92 We found that NCDEGs highly ex

pressed in Niche_11 are related to the 2_C3Mac and 8_IFNGMac 

subtypes, whereas NCDEGs highly expressed in Niche_4 or 

Niche_10 are related to the 6_SPP1AREGMac and 3_ICMac sub

types (Figure S9B). M1/M2 polarization is a widely recognized the

ory used to explain the biological function of macrophages. 

NCDEGs highly expressed in macrophages of Niche_11 are 

related to M1 polarization, whereas those highly expressed in 

Niche_4 or Niche_10 are related to M2 polarization (Figure S9B). 

We are particularly interested in Niche_11-specific genes since 

they may mediate the microenvironment between macrophages 

and other immune cells. The intersection of the NCDEGs shows 

12 genes had higher expression in macrophages in Niche_11 

(Figure 5F), including LYZ, C1QC, and multiple genes related to an

tigen presentation (HLA-DQA1, HLA-DQB1, B2M, and CD74), 

implying active immune-related functions, particularly in antigen 

presentation. On the other hand, 4 genes (SPP1, RNASE1, 

PLAUR, and SLC11A1) had lower expression in macrophages in 

Niche_11 (Figures 5G and S9C). Among them, SPP1 is a well- 

known marker of a macrophage subtype, related to worse prog

nosis.46,93 Overall, we successfully identified genes that were 

differentially expressed in typical cell types among different niches.

Niche is related to patient survival and treatment 

response

To investigate the clinical implications of the niches, we incorpo

rated bulk RNA-seq data by assigning the most likely niche label 

to each bulk sample based on the deconvoluted cell type 

composition (Figures S10A–S10C; STAR Methods). We found 

that the niche types are differentially distributed across the mo

lecular subtypes of CRC,94 HNSC,95 LIHC (liver hepatocellular 

carcinoma),96 and KIRC.97 For example, we observed higher 

fraction of Niche_1-like patients in iCluster:2 and iCluster:3 

HCC subtypes, while the patients of iCluster:1 were composed 

of more other niche types (Figure S10D). The prognostic analysis 

of 5,162 patients from 11 cancer types revealed distinct survival 

times among niches98 (Figure 6A; Table S1; STAR Methods). Pa

tients of Niche_11-like, Niche_12-like, and Niche_13-like have 

longer overall survival (OS), whereas patients of Niche_9- 

like, Niche_10-like, and Niche_4-like have worse survival 

(Figure 6A). In particular, among macrophage-related niches, 

patients of Niche_11-like had longer OS than those of Niche_4- 

like and Niche_10-like (Figures 6A and S10E).

We also collected bulk RNA-seq data from 776 patients from 

eight immunotherapy cohorts prior to treatment.12,99–105 The 

similar strategy described above for assigning niche types was 

used (Figure S10F; Table S1). The meta-analysis of eight cohorts 

revealed that patients of Niche_13-like (p = 0.086630) had a bet

ter response to immunotherapy, whereas those of Niche_4-like 

(p = 0.008260) are related to non-response to immunotherapy 

(Figure 6B; STAR Methods). These two niches were also 

analyzed in each cohort. Although there were differences in the 

odds ratios among the cohorts, they exhibit the same trend 

(Figures 6C and S10G).

The spatial distribution of macrophages is an important 

biomarker for patient prognosis and treatment response

Based on the analyses above, we observed that the colocaliza

tion of macrophages with different cell types has a significant ef

fect on the characteristics of tumors. The colocalization of mac

rophages and tumor cells (corresponding to Niche_4) is related 

to worse prognosis, whereas the colocalization of macrophages 

and other immune cells, such as T cells and cDC (corresponding 

to Niche_11), is related to better prognosis. To further validate 

this phenomenon at the single-cell spatial resolution, we utilized 

four datasets from the multiplexed protein imaging technolo

gies.106,107 First, we classified macrophages according to their 

spatial distances to tumor cells and T cells: M01 macrophages 

are proximal to T cells and M02 macrophages are proximal to tu

mor cells (Figure 6D). We then stratified patients into four groups 

according to the proportion of M01 and M02, including G1 

(M01hiM02lo), G2 (M01hiM02hi), G3 (M01loM02lo), and G4 

(M01loM02hi) (Figures 6D and 6E; STAR Methods). The three da

tasets of non-small cell lung cancer15 (p = 0.0034), HCC108 (p = 

0.015), and BRCA109 (p = 0.0041) revealed that patients from the 

four patient groups had different survival outcomes. Specifically, 

patients of G1 have better OS, while the patients of G4 have 

poorer OS (Figure 6F). Another cohort of patients with melanoma 

before anti-PD-1 therapy was used to validate the response to 

immunotherapy.110 The distribution of the four patient groups 

differed between responders and non-responders, which was 

marginally significant (p = 0.074, Figure 6H). The responders 

have higher proportion of M01-high patients (G1 and G2, p = 

0.04718), whereas the proportion of the G4 subgroup showed 

an increasing trend in non-responders (p = 0.06522).

Our findings are consistent with several studies on single can

cer. One study on small cell lung cancer reported an MT2 niche, 

reflecting the colocalization of macrophages with CD8 T cells 

and NK T cells, which is associated with better prognosis and 

(F) Comparison of NCDEGs among macrophage-related niches. Venn diagrams show the intersections of NCDEGs of Niche_11 compared to Niche_4 and 

Niche_10, related to Figure S9B. 

(G) A representative sample to show the NCDEGs in Niche_4 and Niche_11. (Top left) Spatial location of the niches is shown. (Bottom left) The volcano plot of the 

result from C-SIDE. (Middle and right) In situ expression patterns and the scatterplots of C1QC and SPP1.
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response to immunotherapy.111 Another study on CRC revealed 

a C1QC+ macrophage-CD4+ T cell niche was found in re

sponders with immunotherapy.112 In summary, we highlighted 

that the spatial distribution of macrophages is an important 

biomarker for patient prognosis and treatment response and 

has potential for clinical application in the future.

DISCUSSION

In this study, we dissected the TSME across different spatial ex

tents, as ‘‘Cell types (one-cell resolution)-LCPs (TSME in spot 

level)-Niches (TSME in larger region).’’ Eventually, we identified 

13 niches, which serve as conserved and fundamental spatial 

Figure 6. Clinical implications of the niches and spatial distribution of macrophages 

(A) The association of the niche types with patient survival. (Left) Simulated survival curves of different niche types adjusted by tumor types based on pan-cancer 

bulk RNA-seq datasets. The curves are colored by the assigned niche types. (Right) Pairwise comparison of the survival of the niche types. The niche with better 

survival in each comparison is shown in the color of the lines. The significance of whether tumors belonging to two niche types have different outcomes was 

determined by the Cox proportional hazard regression adjusted by tumor types. ***p < 0.001, **p < 0.01, *p < 0.05, .p < 0.001. 

(B) The association of the niche types with the response to immunotherapy. The length of the diamonds represents the 95% confidence interval of arcsine 

transformed-rate difference (ASD) from meta-analysis. 

(C) Forest plots showing the results of Niche_4 and Niche_13 from the single-cohort analysis and meta-analysis. 

(D) Schematic of the classification of macrophages and stratification of patients by spatial distribution. Macrophages were classified into M01 (macrophages 

proximal to T cells) and M02 (macrophages proximal to tumor cells) based on their distance to tumor and T cells. Patients are divided into four groups based on 

the factions of M01 and M02 macrophages: G1: M01hiM02lo, G2: M01hiM02hi, G3: M01loM02lo, and G4: M01loM02hi. 

(E) Representative samples of G1 and G4 from the multiplexed protein imaging datasets. (Left) In situ visualization of the markers. Scale bar, 30 μm. (Middle) 

Spatial distributions of tumor cells, macrophages, and T cells. (Right) Spatial distributions of M01 and M02. 

(F) Kaplan-Meier survival plot for the four patient groups in NSCLC, HCC, and BRCA datasets. p values from log rank test and patient number of four groups are 

provided. 

(G) Bar plot showing the distributions of patient subtypes in responders and non-responders to immunotherapy. p value by Fisher’s exact test are to show the 

distribution difference of patients in four groups between responders and non-responders.
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units in cancers (Table S12). We also identified complex niche- 

shared and niche-specific LR interactions, which are associated 

with the formation and function of the niches. Cell type-specific 

differential expression analysis indicates that expression of spe

cific cell types varies among different niches, and this phenom

enon may be related to either niche formation or neighboring 

cells. Extending the analysis to independent datasets with sur

vival information and immunotherapy cohorts revealed that 

several niches are correlated with patient prognosis and 

response to immunotherapy.

Previously, pan-cancer studies on scRNA-seq have defined 

the recurrent cancer cell states and described the landscape 

of cellular heterogeneity within diverse cancer types.26,85 How

ever, the lack of spatial information makes it difficult to deduce 

how cancer cells interact with the tumor microenvironment in a 

spatial context to form organized systems. This question is ad

dressed by our investigation of 373 spatial transcriptomics sam

ples from 12 cancer types from the 10× Visium platform. 

Compared with other commercial platforms, the 10× Visium 

platform is most widely used, and there are a large number of 

public datasets available for data mining. However, emerging 

single-cell resolution spatial platforms (such as MERSCOPE 

and NanoString CosMx) only detect dozens of proteins or hun

dreds of genes relying on the designed panels. Such incomplete

ness makes it difficult to harmonize data from different sources 

and understand the gene programs of spatial organization. 

Therefore, currently 10× Visium platform is the most advanta

geous choice for understanding TSME from pan-cancer sam

ples. A major limitation of 10× Visium data is that cell type abun

dances are estimated by computational deconvolution. For 

accuracy and robust estimation, we only considered common 

cell types with proper markers and ignored rare cell states. 

With the development of spatial technologies and the accumula

tion of single-cell-resolution public data, TSME of more refined 

cell subtypes would possibly be addressed in the future.

Integration analyses of pan-cancer spatial transcriptomics 

data are computationally challenging due to variability in sam

ples, cancer types, and datasets. Therefore, we used consistent 

or optimal results if multiple methods are available and designed 

suitable strategies based on the analysis aim. To divide tissues 

from multiple cancer types into distinct tissue compartments, 

we developed a pipeline based on the information from decon

volution and CNV profiles, which is the fundamental process 

for TSME research. To combine the statistical results from mul

tiple samples, we designed a rank-based meta-analysis method. 

Compared with previous methods that directly combine 

p values, our method takes the direction of the effects of each 

single sample into consideration and is less sensitive to the out

liers. These improved computation methods enable our pan- 

cancer analysis of spatial transcriptomics data to obtain robust 

and reliable results.

A key finding of our research is the identification of consensus 

niches across diverse cancer types and their clinical significance. 

Specifically, Niche_13, which is mainly composed of cDC, CD4 T, 

and B cells, is associated with better survival and enhanced effi

cacy of immunotherapy. Another three niches contain macro

phages, including Niche_4 (the colocalization of macrophages 

and tumor cells), Niche_10 (the colocalization of macrophages 

and stromal cells), and Niche_11 (the colocalization of macro

phages and other immune cells, such as T cells and cDC). Data 

of spatial proteomics reveal that macrophages proximal to tumor 

cells are related to poorer survival and resistance to immuno

therapy and macrophages proximal to T cells are related to better 

survival and response to immunotherapy. These findings suggest 

that macrophages play dual roles in both pro- and anti-tumor ac

tivities associated with their spatial distribution. As for the molec

ular mechanisms, different LR interactions were observed. Pro-tu

moral IL1B-IL1R2 occurs in Niche_4, while immune-activated 

CXCL16-CXCR6 and IL15-IL15RA + IL2RB occur in Niche_11. 

The tumor cells in Niche_4 have higher expression of epithelial 

senescence-related genes, and the macrophages in Niche_11 

have higher expression of immune-related genes than those in 

Niche_4 and Niche_10. These molecular features would be poten

tial drug target for therapy. Further investigations are needed. 

Since our results have demonstrated that TSME is related to pa

tient survival and response to treatment, improved experimental 

and computational technologies to quantify the TSME as bio

markers are needed to fit in with the clinical application, which 

helps with clinical decision. Moreover, the causal mechanism 

driving the TSME formation and the effect on tumor remain to 

be fully elucidated, which will help with the development of new 

therapeutic strategies.

In conclusion, our comprehensive analyses enhance the cur

rent understanding of the spatial microenvironment from a 

pan-cancer perspective and offer a valuable resource for future 

clinically or mechanistically oriented studies.

Limitations of the study

There are also several limitations to this study. First, the 10× Vis

ium technology measures multi-cell spots and it is difficult to 

identify niche of fine-grained cell subtypes and microscopic tis

sue structures like blood vessels. With the accumulation of data 

from single-cell spatial technology, these problems will be better 

addressed. Second, the analysis of LR interactions may be 

affected by data sparsity, inter-patient heterogeneity, and coex

pressed genes on multiple cell types. Deeper studies are needed 

to elucidate the underlying molecular mechanisms of niches. 

Third, the clinical relevance of spatial niches needs to be further 

investigated in larger cohorts with spatial transcriptome and 

prognostic information.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

10× Visium datasets Various public studies See Table S1 for details

scRNA datasets Various public studies See Table S1 for details

Bulk RNA-Seq datasets Various public studies See Table S1 for details

Multiplexed protein imaging datasets Various public studies See Table S1 for details

MERSCOPE datasets Vizgen official website See Table S1 for details

Software and algorithms

Seurat https://satijalab.org/seurat/ version 4.3.0

spacexr https://github.com/dmcable/spacexr version 2.2.1

infercnv https://github.com/broadinstitute/infercnv version 1.10.1

scanpy https://scanpy.readthedocs.io/en/latest/ 

tutorials/index.html

version 1.10.3

STAGATE https://stagate.readthedocs.io/en/latest/ 

index.html

version 1.0.1

SOAPy https://soapy-st.readthedocs.io/en/latest/ 

Tutorials/index.html

version 1.0.1

entropy https://cran.r-project.org/web/packages/ 

entropy/index.html

version 1.3.1

NbClust https://cran.r-project.org/web/packages/ 

NbClust/index.html

version 3.0.1

ImmuneSubtypeClassifier https://github.com/CRI-iAtlas/ 

ImmuneSubtypeClassifier

version 0.1.0

clusterProfiler https://bioconductor.org/packages/ 

release/bioc/html/clusterProfiler.html

version 4.2.2

TCGAbiolinks https://bioconductor.org/packages// 

release/bioc/html/TCGAbiolinks.html

version 2.23.1

survival https://cran.r-project.org/web/packages/ 

survival/index.html

version 3.5–5

maxstat https://cran.r-project.org/web/packages/ 

maxstat/

version 0.7–25

survminer https://cran.r-project.org/web/packages/ 

survminer/index.html

version 0.4.9

DWLS https://github.com/dtsoucas/DWLS version 0.1.0

meta https://cran.r-project.org/web/packages/ 

meta/

version 8.0–1

igraph https://r.igraph.org/ version 1.5.0.1

tidygraph https://cran.r-project.org/web/packages/ 

tidygraph/index.html

version 1.2.3

ggraph https://github.com/thomasp85/ggraph version 2.1.0

ggplot2 https://cran.r-project.org/web/packages/ 

ggplot2/index.html

version 3.5.1

ggupset https://cran.r-project.org/web/packages/ 

ggupset/index.html

version 0.4.0

ggalluvial https://cran.r-project.org/web/packages/ 

ggalluvial/index.html

version 0.12.5

ggvenn https://cran.r-project.org/web/packages/ 

ggvenn/index.html

version 0.1.10

(Continued on next page)
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METHOD DETAILS

Pan-cancer spatial transcriptomics data and preprocessing

10× Visium spatial transcriptomics (ST) data from 12 tumor types were collected from public databases and literatures, latest up

dated to January, 2024 (Table S1). The spot number, median UMI number, median feature number, median mitochondrial UMI per

centage were summarized. Samples with ‘spot number>500’, ‘median UMI>500’ and ‘median mitochondrial percentage<0.2’ were 

reserved. After distinguishing the Benign/Stromal/Malignant compartments, we further filtered out the samples based on the 

following criteria: 1) the number of malignant spots is less than 100, or the number of malignant and stromal spots was less than 

200; 2) the mean proportion of non-parenchymal cells in the malignant compartment was less than 0.7. Finally, total of 373 of all 

421 samples were retained for analysis (Table S1). For downstream analysis, genes expressed in fewer than 3 spots were removed 

and mitochondrial genes were discarded for downstream analysis. These data preprocessing steps were carried out using Seurat 

(version 4.3.0).

Cell type deconvolution of 10× visium datasets

For each tumor type, we collected a representative scRNA-Seq dataset as a reference to perform cell type deconvolution for the ST 

data43,113–123 (Tables S2 and S3). RCTD, one of the most recommended algorithms, was implemented in spacexr62,124–126 (version 

2.2.1) with the ‘‘full’’ mode. The deconvolution result was then normalized such that the sum of each spot was one.

Identification of tissue compartments

To partition each ST sample into distinct tissue compartments (Malignant, Stromal or Benign), we designed an automatic pipeline 

capable of accommodating the variability among samples and across different cancer types. For each 10× Visium sample, the pro

portions of non-parenchymal cells (including stromal and immune cells, Pr) in each spot were calculated. Since copy number alter

ation (CNA) primarily occurs in the genomes of malignant parenchymal cells, the top 1% of spots with the highest Pr values were used 

as reference spots, which were input into inferCNV (version 1.10.1) to identify CNA.127 Few samples with too low Pr values (lowest Pr 

of the reference spots was higher than 0.5) were excluded, and all spots of these samples were labeled as ‘‘Malignant’’.

The spots were then clustered by gene expression similarity using the Lovain algorithm in Seurat package. CNV profiles acquired 

from run.final.infercnv were log transformed. After transformation, positive values indicate amplifications, while negative values indi

cate deletions. Spots within a cluster have similar expression profiles and cell compositions, thus we hypothesized that real CNV 

patterns would be highly consistent among spots within a cluster. Based on this hypothesis, the CNV values were further denoised 

as follows:

CNV ′
ij(c) =

CNVij(c)

CV
p

i(c)

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

ggridges https://cran.r-project.org/web/packages/ 

ggridges/index.html

version 0.5.4

EnhancedVolcano https://github.com/kevinblighe/ 

EnhancedVolcano

version 1.12.0

aplot https://github.com/YuLab-SMU/aplot version 0.2.2

ggtree https://github.com/YuLab-SMU/ggtree version 3.2.1

patchwork https://cran.r-project.org/web/packages/ 

patchwork/index.html

version 1.2.0

ggforce https://cran.r-project.org/web/packages/ 

ggforce/index.html

version 0.4.1

ggrepel https://cran.r-project.org/web/packages/ 

ggrepel/index.html

version 0.9.3

ggh4x https://cran.r-project.org/web/packages/ 

ggh4x/index.html

version 0.2.8

jjPlot https://github.com/junjunlab/jjPlot version 0.0.2

circlize https://cran.r-project.org/web/packages/ 

circlize/index.html

version 0.4.15

ComplexHeatmap https://github.com/jokergoo/ 

ComplexHeatmap

version 2.10.0
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where CNVij(c) and CNV ′
ij(c)

are the CNV profiles of gene i in spot j belonging to cluster c before and after denoising, CVij(c) is the co

efficient of variation of gene i in spots belonging to cluster c:

CVi(c) =
std(CNVi:(c))

mean(CNVi:(c))

The lower bound of CVij(c) is set to 0.5 to avoid extremely small values. p reflects the degree of denoising and p = 0.5 was selected to 

better retain real signal and removing noise.

Next, a CNVscore for a spot was defined as the sum of the squarse of all the genes’ CNV values:

CNVscorej =
∑

i

CNV ′2
ij 

and the CNVscore for a cluster CNVscore(c) was the mean CNV score of all spots within this cluster.

After that, the following strategy was used to classify spot clusters into Benign, Stromal or Malignant compartments.

1) The cluster with the maximum CNA score was defined as ‘‘Malignant_ref’’.

2) The clusters with higher Pr were recognized as ‘‘Stromal’’:

c = Stromal; if Pr(c) ≥ Th 

where the threshold (Th) of Pr was selected by Otsu’s algorithm, which is a widely used binarization algorithm in image processing. 

Within the ‘‘Stromal’’ clusters, cluster with the lowest correlation with ‘‘Malignant_ref’’ was defined as ‘‘Stromal_ref’’.

3) For the remaining clusters, the mean CNV profiles of each cluster were adjusted by the proportion of non-parenchymal cells:

CNV ′
i(c) ← CNVi(c)⋅

1 − Pr(Malignant ref)

1 − Pr(c)

The clusters whose CNV profiles is more similar to ‘‘Malignant_ref’’ than that to ‘‘Stromal_ref’’ were classified as either ‘‘Malignant’’, 

or ‘‘Benign’’:

cc∕=Stromal =

{
Malignant M < S

Benign M > S 

where M = dist
{

CNV ′
(c)
;CNV ′

(Malignant ref)

}
, S = dist

{
CNV ′

(c)
;CNV ′

(Stromal ref)

}
, and ‘‘dist’’ is the Euclidean distance between the CNV 

profiles of two clusters.

Finally, the automatically assigned compartments were further validated through an examination of the spatial expression of 

known biomarkers specific to these compartments (Table S3). Since we focused on the TSME, spots of benign compartment 

among the samples were excluded from downstream analyses. Totally we identified 88,629 benign spots, 348,471 stromal spots 

and 556,280 malignant spots. Among all samples, 102 samples were identified as having benign compartments; 249 samples 

were identified as having only stromal and malignant compartments; 22 samples were identified as having only malignant 

compartment.

Characterization of LCPs in malignant and stromal compartments

Spots that have similar cell type compositions were defined as local cellular programs (LCPs). LCPs in the malignant and stromal com

partments were identified separately. For the stromal compartment, only non-parenchymal cell types were considered and their pro

portions were normalized to make the sum one. For each type of tumor, top 1% of each cell type was clipped and then Z score normal

ized. Normalized values larger than three were clipped. The processed cell type composition matrix of all the spots was subsequently 

clustered with the k-means clustering algorithm implemented in R (iter.max = 100000, nstart = 40), and the number of clusters k was set 

5 to 50. Finally, k = 32 and k = 29 was selected for MLCP and SLCP respectively, and finally 28 MLCPs and 28 SLCPs were obtained.

Connectivity score of the compartments

Neighboring spots were connected to construct a spatially adjacent network. We calculated the edges between compartments (N). 

We then shuffled the compartment labels of all the spots 20 times, and calculated the mean (m) and standard deviation (s) of the 

edges between the compartments under permutation. The Z score to reflect the connectivity between compartments compared 

with random distribution:

z − score
(
Ci;Cj

)
=

N
(
Ci;Cj

)
− m

(
Ci;Cj

)

s
(
Ci;Cj

)
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Unraveling the spatial distribution pattern of LCPs

As the malignant spots and stromal spots tend to aggregate with their own kind respectively, we defined the connectivity score be

tween two kinds of LCP considering their compartment (Figures S3C and S3D). We built a spot interaction network according to their 

spatial location, in which spots located within two rounds were connected. We then computed the connectivity score to reflect the 

strength of the connection between LCPs. The connectivity score (CS) between LCPi and LCPj was defined differently considering 

their compartments:

CS
(
MLCPi;MLCPj

)
=

N
(
MLCPi;MLCPj

)

N(MLCP:;MLCP:)

CS
(
MLCPi;SLCPj

)
=

N
(
MLCPi;SLCPj

)

N(MLCP:;SLCP:)

CS
(
SLCPi;SLCPj

)
=

N
(
SLCPi;SLCPj

)

N(SLCP:;SLCP:)

where N(LCPi, LCPj) represents the number of edges between these two LCPs, and where MLCP./SLCP. represents all spots 

belonging to the malignant or stromal compartment. The Z score was calculated to compare the strength of connectivity with that 

under the random distribution:

z − score
(
LCPi; LCPj

)
=

N
(
LCPi; LCPj

)
− μ

(
LCPi; LCPj

)

s
(
LCPi;LCPj

)

where μ(LCPi, LCPj) and s(LCPi, LCPj) are the mean and standard deviation of the number of the edges between these two LCPs 

under 20 times of permutations. The permutations were conducted by shuffling the LCP labels among the spots within each compart

ment. CS and Z score with LCP counts less than 10 would be expired for downstream analysis.

With these two indicators, we then describe the spatial distribution in the following two aspects.

1) Z score(LCPi, LCPi) was used to evaluate the self-connectivity of each LCP.

2) CS(MLCPi, MLCPj) was used to identify the colocalization pattern of multiple niches. Mean CS across samples was calculated, 

and used to construct a weighted network reflecting LCP colocalization. In this network, edges with Z score not significantly 

less than zero (estimated by t test) were removed. We then used the Louvain community detection algorithm implemented in 

igraph (version 1.5.0.1) to identify communities under the resolution of 2.3.

Characterization of consensus niches

The spots located within two rounds nearest to the index spot were considered as its neighboring spots. The LCP composition of the 

neighboring spots was calculated, and the Z score was normalized within each tumor type. Normalized values larger than three were 

clipped. The processed neighboring LCP composition matrix was used for k-means clustering implemented in R (iter.max = 100000, 

nstart = 40), and the cluster number k was set 5–50. We selected the result from k = 42 and finally obtained 13 niches. Stable niche 

patterns were observed at different cluster number, and the LCPs colocalization. To compare our defined niches with the spatial do

mains based on gene expression, we applied STAGATE to identify spatial domains.128

Identifying niches using subcellular resolved spatial transcriptomics datasets

Publicly available MERSCOPE datasets were obtained from Vizgen’s official website, comprising 13 FFPE samples analyzed with the 

500-gene MERSCOPE Immuno-Oncology Panel across six cancer types (BRCA, CRC, HCC, NSCLC, OV, and PRAD). Quality control 

was performed where cells with fewer than 20 counts were filtered out. We performed PCA and batch effect correction across sam

ples using bbknn (version 1.6.0), and subsequently applied Louvain clustering at a resolution of 1 to broadly categorize cells into tu

mor cells and tumor microenvironment (TME) cells. The TME cell subset was then extracted, underwent additional batch correction, 

and was reclustered at the resolution of 3, yielding distinct populations including fibroblasts, endothelial cells, CD4 T cells, CD8 

T cells, NK, B cells, plasma cells, macrophages, cDCs, pDCs and mast cells. We then used our previously developed package 

SOAPy to identify niches.129 We built a KNN network, which connects each cell with its nearest 30 cells. Then we calculated the 

cell type composition of its neighbors. Then the neighborhood cell type composition matrix was Z score normalized and the 

maximum value was limited to three. Based on that, we identified multi-cellular niches using k-means clustering.

Measurement of intra-tumor and inter-tumor heterogeneity

To measure intra-tumor heterogeneity, we used Shannon entropy to estimate the complexity of the niche composition within each 

sample:
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E =
∑N

i = 1

pi⋅log pi 

where pi is the proportion of the i-th niche.

To elucidate inter-tumor heterogeneity, the niche compositions of all samples were used to conduct hierarchical clustering. We 

used Pearson’s correlation coefficient and ward.D2 as the similarity metric and linkage criterion. Finally, we got 11 clusters, as indi

cated by the Dunn index, implemented in NbClust130 (version 3.0.1). To compare sample clustering by niche types with previously 

defined pan-cancer immune subtypes,64 we obtained sample-level expression matrix by summing up the UMIs from all spots in each 

ST sample, and then converting it to TPM matrix. The TPM matrix was input into ImmuneSubtypeClassfier65 (https://github.com/CRI- 

iAtlas/ImmuneSubtypeClassifier) to assign the immune subtype for each ST sample.

Meta analysis by combining the rank of P-values

To combine the statistical results from each sample, we designed a method to evaluate the significance of the features comprehen

sively across samples. For each feature, the effect size (e.g., log2FC) and P-value from each sample were provided for meta analysis. 

First, the rank score of feature g(1,2, …,G) in sample s(1,2, …,S), denoted as Rsg, is defined as:

Rsg = rank
G

g = 1

{
sign

(
medianS

s = 1 ESsg

)
⋅
(
− sign

(
ESsg

)
⋅ log Psg

)}/
G 

where ESsg and Psg represent the effect size and P-value of the hypothesis tests, respectively. The direction of the effect was deter

mined by the sign of the median effect size of all samples, by which -logP of the features were ranked within each dataset in 

ascending or descending order decided.

After that, the ranks of each feature in all datasets were averaged, and the combined rank CR was defined as:

CRg =

∑S

s = 1

Rsg

S 

The features with higher CRs have more significant positive or negative effectsd across samples. Singed CR is the product of the 

direction of the effect and CR, which displays the direction and significance of the effect simultaneously:

Signed CRg = sign
(
medianS

s = 1 log ESsg

)
⋅CRg 

Finally, we calculated the number of total datasets, available datasets and datasets with significant effects. In addition, the avail

able sample ratio (percentage of samples available for analysis) and significant study ratio (percentage of studies with significant ef

fects in specific direction) were also provided.

This method has the following two advantages: 1) Compared with the methods that directly combining p values, it takes the direc

tion of the effects of each single study into consideration, and is less sensitive to the outliers either; 2) The methods that employ fixed 

or random effect models have difficulty addressing those features missing in some datasets, which frequently occur in scRNA-Seq 

and ST data because of their sparsity. However, our method is effectiveunder these circumstances. This method is used for the anal

ysis of LR interactions and NCDEGs which are mentioned below.

Niche-related LR interactions across samples

To decipher LR interactions within niches, the LR pairs collected from CellChatDB v1 were used for analysis.131 For an LR pair con

sisting of m ligands and n receptors, their interaction score in a spot is defined as:

LR score =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
∏m

i = 1

Li

)1=m

⋅

(
∏n

j = 1

Rj

)1=n
√
√
√
√

where Li and Rj are the expressions of the i-th ligand and the j-th receptor in this spot respectively. For each sample, niche-related LR 

pairs were identified by comparing the LR scores of the spots across niches via FindAllMarkers. To acquire consensus LR pairs 

across samples, we used the meta analysis method mentioned above to summarize the inference result of each single sample, 

and LR pairs with ‘available study ratio >1/3’, ‘significant study ratio >1/4’ and ‘signed CR > 0.5’ were selected. We further dissected 

the LR pathways involved in each niche with enrichment analysis. The pathways with less than five LR pairs were removed. Fisher’s 

exact test was used and p < 0.05 are recognized as LR pairs enriched in specific interaction pathways in the niches.

To further explore the clinical relevance of LRs, we obtained the bulk RNA-seq data and survival data from the TCGA project. The 

geometric mean of the ligand and receptor was calculated to quantify the interaction strength of the LR in each sample. The optimal 

cutoff was determined using maxstat132 (version 0.7–25), based on which the hazard ratio and P-value were calculated with Cox pro

portional hazard regression to compare the effects on the prognosis of patients between two groups.
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Determination of the NCDEGs

We applied C-SIDE implemented by spacexr, a software for inference of cell type-specific differential expression based on the result 

of cell type composition from RCTD.133 C-SIDE was performed for each single sample with the parameters cell_type_threshold = 30 

and gene_threshold = 5e− 05. Before that, we removed the samples where the number of spots in any niches for comparison was less 

than 50. For the NCDEGs of tumor cells, we compared Niche_2 – Niche_6 with Niche_1, the latter of which was considered as the 

spots only with parenchymal cell. For the NCDEGs of macrophages, we conducted C-SIDE to identify macrophage-specific differ

ential expressed genes between Niche_11 and Niche_4, as well as between Niche_11 and Niche_10. Our meta analysis method was 

applied again to combine the results from single samples. We adopted the genes existing in the results of more than 1/3 of the sam

ples for meta analysis. We kept the genes with ‘significant study ratio’ greater than 0.3 for tumor cell and 0.25 for macrophage, as well 

as ‘signed CR’ larger than 0.5 or less than − 0.5. Furthermore, NCDEG of tumor cell in different niches by enrichment analysis imple

mented by clusterProfiler134 (version 4.2.2). p value was adjusted by Benjamini-Hochberg method and adjusted p value less than 0.05 

was selected.

To visualize the NCDEG within sample, we constructed a ‘‘Gene expression – Cell type fraction’’ scatterplot, which was grouped by 

niches. Furthermore, we built a linear model:

Exp = β0 + β1⋅ct + β2⋅niche + β3⋅(ct ⋅ niche)

where ct represents the fraction of the cell type and niche is a binary variable representing whether the spot belongs to specific niche. 

In this model, β2 and β3 reflect the effects of the NCDEG.

Clinical implications of niches using bulk RNA-Seq datasets

For TCGA datasets, the TPM expression matrices and molecular subtypes were downloaded via TCGAbiolinks, and the clinical data 

was obtained.135 For immunotherapy datasets, we downloaded the expression matrix and response to therapy. The TPM expression 

matrixes and corresponding scRNA-Seq references were input into DWLS (version 0.1.0) to infer the cell type composition for bulk 

RNA-Seq.136–139 Within each tumor type or treatment cohort, the proportion of each cell type was Z score normalized. Then, based 

on whether the normalized values were positive or negative, the data were further binarized to determine if the cell type existed in 

each sample. The niche type of each bulk sample was assigned according to the presence of cell types.

The TCGA datasets were used to analyze the associations between niches and overall survival time. First, we evaluated their ef

fects in pan-cancer data using the Cox proportional hazard regression model implemented in the survival package (version 3.5–5), 

with niche type and tumor type set as variables. The adjusted survival curves with tumor type as covariates, were generated using 

ggadjustedCurves (method = ‘‘marginal’’) implemented in the survminer package (version 0.4.9).140 In addition, we compared the 

effect of survival between any two niches using the Cox proportional hazard regression model with tumor type as covariates. For 

each type of tumor, we used the log rank test to compare the survival differences among patients with different niche types.

To clarify the associations between the niches and the response to immunotherapy, we utilized datasets of eight cohorts contain

ing 776 patients (four NSCLC and two KIRC datasets for patients treated with immunotherapy; one NSCLC dataset for patients 

treated with immunotherapy and chemotherapy; and one PRAD dataset for patients treated with immunotherapy and anti-androgen 

receptor therapy) and conducted meta analysis with metabin implemented in meta (version 8.0-1). We applied the arcsine trans

formed-rate difference (ASD) as statistic, suitable for cohorts with low sample size,141 before which we use the Q-statistic to examine 

the between-study heterogeneity and determine the common or random effect model.

Clinical implications of the spatial distribution of macrophages using multiplexed protein imaging data

To validate the clinical implications of macrophage-related niches, we collected four datasets from multiplexed protein imaging, 

three of which were used to evaluate the survival effect, and the remaining one was used to evaluate the response to immunotherapy. 

For each macrophage, we compared its distance to the nearest tumor cell and T cell, after which the macrophages were classified 

into two categories: M01 denoted macrophages proximal to T cells, whereas M02 referred to those proximal to the tumor cells. The 

patients were stratified into four groups by the median proportion of M01 and M02: patients of G1 contains high proportion of M01 

and low proportion of M02; patients of G2 contains high proportion of both M01 and M02; patients of G3 contains low proportion of 

both M01 and M02; patients of G4 contains high proportion of M02 and low proportion of M01. We compared the survival time among 

four patient groups by log rank test, and compared their response to immunotherapy by Fisher’s exact test.

QUANTIFICATION AND STATISTICAL ANALYSIS

The details of the statistical tests were shown in figure legends and STAR Methods. Boxplots display the lower quartile, the median 

(center line), the upper quartile.
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