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Abstract

Background
The tumour microenvironment (TME) serves as an important factor in tumorigenesis and metastasis.
Although distinct cell subsets can be identi�ed via single-cell RNA sequencing (scRNA-seq), the spatial
composition of cells within the TME is di�cult to characterise.

Methods
Tissue samples were collected from three patients with oesophageal squamous cell carcinoma (ESCC),
and scRNA-seq was performed to identify distinct cell subsets. In addition, a microarray-based spatial
transcriptomic (ST) method was used to characterise the spatial landscape of expression data via an
array of spots. Using multimodal intersection analysis (MIA) to integrate scRNA-seq and ST, the exact
cellular components of the tumour and stromal regions were annotated.

Results
The subpopulations of seven stromal cells were identi�ed within the TME of ESCC, and the architecture
of scRNA-seq-determined subsets was mapped in cancer and stromal regions. The distribution of various
stromal cells and their subpopulations was heterogeneous. Compared with immune cells, non-immune
stromal cells were signi�cantly enriched in the TME. Most subsets of epithelial cells were enriched in the
cancer regions, whereas in�ammatory cancer-associated �broblasts were correlated with the stromal
regions. Furthermore, TME features were different between metastatic and non-metastatic samples and
between the primary and metastatic sites of the metastatic sample.

Conclusions
This study revealed the spatial landscape of various cell subsets within the TME and the potential cross-
talk among diverse cells, which provides novel insights into cancer intervention.

Introduction
Oesophageal cancer is the eighth main cause of cancer-speci�c death worldwide, leading to
approximately 0.54 million deaths in 2020 (1). Oesophageal squamous cell carcinoma (ESCC) and
oesophageal adenocarcinoma (EAC) are the two main subtypes, with ESCC accounting for the majority of
all cases (1, 2). The risk factors differ between these two subtypes: alcohol and smoking are associated
with ESCC, whereas obesity and re�ux are associated with EAC (3–5). Surgery, chemotherapy,
chemoradiotherapy, and immunotherapy are the standard treatments for oesophageal cancer (6). Despite
the improvement in treatment strategies, some patients have unfavourable clinical outcomes, and the 5-
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year survival rate is < 25% (7). In recent years, immunotherapy has emerged as a novel strategy and has
been considered a promising therapy for oesophageal cancer, with several clinical trials investigating the
safety and e�cacy of immunotherapy or combination therapy. Luo et al. showed that anti-PD1 treatment
prolonged the survival rate of many patients with advanced or metastatic ESCC; however, some patients
did not respond to speci�c therapy (8). The tumour microenvironment (TME) is heterogeneous in
oesophageal cancer, and intratumour heterogeneity may be closely related to different responses to a
speci�c treatment strategy, such as immunotherapy (9, 10). However, few effective strategies have been
reported to classify the TME subtypes and analyse the association between the diversity of TME and
metastasis in ESCC, which prevents the development of precise medications for patients.

Single-cell RNA sequencing (scRNA-seq) has been considered an unprecedented method to unveil the
potentially signi�cant understanding of different cell subtypes, including multiple cell subpopulations in
tumours. Various cellular subsets have been classi�ed in cancer, such as subpopulations of tumour-
associated stromal cells and tumour-in�ltrating immune cells (11, 12). In addition, the discovery of a
multicellular ecosystem within the TME has provided novel insights into the intratumoral transcriptional
heterogeneity in many cancers (13–15). Furthermore, the subpopulations and proportion of cells may act
as potential predictors of clinical outcomes in patients receiving a speci�c therapy, indicating the
promising future of scRNA-seq in cancer treatment (16, 17). However, tissue dissociation before scRNA-
seq analysis usually leads to the loss of spatial information, restricting the investigation of cellular cross-
talk in the TME.

The spatial transcriptomic (ST) technology, which is complementary to the scRNA-seq technology, can
overcome the abovementioned restriction (18). Using spatially barcoded histological microarrays, ST
provides an intact two-dimensional landscape of transcripts over an entire tissue section. ST has been
widely used to evaluate the spatial heterogeneity of melanoma (19), colorectal cancer (20), pancreatic
ductal adenocarcinoma (21), prefrontal cortex (22), the heart (23) and the mouse brain (24). Although ST
can provide detailed two-dimensional information of transcripts in different tissues, it has limitations,
such as the relatively low cellular resolution. The transcriptomes may differ from spot to spot depending
on the number of cells captured by each spot, resulting in heterogeneity of the results (21). To overcome
their limitations, we integrated scRNA-seq and ST analyses to comprehensively analyse ESCC tissues.

In this study, we identi�ed the subsets of seven cell types and analysed the ST architecture of three ESCC
samples. We characterised the features of TME and analysed the distribution of different cell
subpopulations in the cancer and stromal regions of ESCC. In addition, we identi�ed different cell subsets
in the cancer region between metastatic and non-metastatic samples and in all regions between the
primary and metastatic sites of the metastatic sample. The results revealed the comprehensive
landscape and cellular ecosystem of ESCC, which may provide novel insights into its treatment and
prevention.

Materials And Methods
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Patients and sample collection
Three patients who were diagnosed with pathologically con�rmed ESCC and underwent surgery at the
Department of Thoracic Surgery of the National Cancer Center/National Clinical Research Center for
Cancer/Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College,
Beijing, China, were enrolled. After samples were resected, tumor tissues were cut into three pieces along
the long axis: one was processed for pathological diagnosis, one was processed for scRNA-seq, and the
other one was processed for the spatial transcriptomic. One metastatic lymph node was also collected,
and was cut into twoe pieces: one was processed for pathological diagnosis, one was processed for
scRNA-seq.  This study was approved by the National Cancer Center/Cancer Hospital Ethics Committee.
Written informed consent was obtained from all participants included in this study.

Cell capture and cDNA synthesis
Using the Single Cell 3' Library and Gel Bead Kit V3 (10x Genomics, 1000075, Pleasanton, CA, USA) and
Chromium Single Cell B Chip Kit (10x Genomics, 1000074), a cell suspension (300—600 living cells/µL,
determined by Count Star) was loaded onto the Chromium Single Cell Controller (10x Genomics) to
generate single-cell gel beads in the emulsion according to the manufacturer’s protocol. Brie�y, single
cells were suspended in PBS containing 0.04% BSA. Approximately 11,000 cells were added to each
channel, and approximately 7,000—10,000 cells were estimated to be recovered as target cells. The
captured cells were lysed, and the released RNA was barcoded through reverse transcription in individual
GEMs. Reverse transcription was performed on an S1000TM Touch Thermal Cycler (Bio-Rad) at 53°C for
45 min, followed by 85°C for 5 min and hold at 4°C. The cDNA was generated, ampli�ed and assessed for
its quality on an Agilent 4200 system (performed by CapitalBio Technology, Beijing).

Single-cell RNA-sequencing library preparation
scRNA-seq libraries were constructed using the Single Cell 3´ Library and Gel Bead Kit V3 according to the
manufacturer’s instructions and subsequently sequenced using an Illumina Novaseq6000 sequencer with
a sequencing depth of at least 100,000 reads per cell using a paired-end 150 bp (PE150) reading strategy
(performed by CapitalBio Technology, Beijing).

Staining and imaging
Cryosections of 10-µm thickness were cut and mounted onto the GEX arrays. The sections were placed
on a thermocycler adaptor with the active surface facing up and incubated for 1 min at 37°C.
Subsequently, the sections were �xed for 30 min with methyl alcohol at -20℃ and stained with
haematoxylin and eosin (H&E) (eosin, Dako CS701, haematoxylin, Dako S3309, bluing buffer CS702).
Bright�eld images were taken on a Leica DMI8 whole-slide scanner at 10x resolution.

Permeabilisation and reverse transcription
Gene expression was analysed using a Visium Spatial Gene Expression slide and Reagent Kit (10x
Genomics, PN-1000184). A slide cassette was used to create leakproof wells for adding reagents.
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Approximately 70-µL permeabilisation enzyme was added and incubated at 37℃ for 60 min. Each well
was washed with 100-µL SSC, and 75-µL reverse transcription Master Mix was added for cDNA
Synthesis.

cDNA library preparation for sequencing
At the end of �rst-strand synthesis, the RT Master Mix was removed from the wells, and 75 µL of 0.08-M
KOH was added and incubated for 5 min at room temperature. Subsequently, KOH was removed, and the
wells were washed with 100-uL EB buffer. Thereafter, 75-µL Second Strand Mix was added to each well
for second-strand synthesis. cDNA ampli�cation was performed on an S1000TM Touch Thermal Cycler
(Bio-Rad). Spatial libraries were constructed using the Visium Spatial Library Construction Kit (10x
Genomics, PN-1000184) according to the manufacturer’s instructions and subsequently sequenced using
an Illumina Novaseq6000 sequencer with a sequencing depth of at least 100,000 reads per spot using a
pair-end 150 bp (PE150) reading strategy (performed by CapitalBio Technology, Beijing).

scRNA-seq data analysis
The CellRanger software was used for quantitative analysis of the gene expression of scRNA-seq data,
and the results were �ltered using the R package Seurat. Cells with < 200 or > 2500 expressed genes and
mitochondrial gene content of > 10% were removed. The remaining cells were used for downstream
analysis. Data of all samples were combined using the merge function of Seurat and standardised using
the NormalizeData function of Seurat. The FindVariableGenes function was used to determine 2,000
highly variable genes. The RunPCA and RunUMAP functions were used for dimensionality reduction
clustering. The �nal number of principal components (PCs) is 20, which is determined by the in�ection
point of the ElbowPlot function. And the P-value of 20 PCs is < 0.05 in the JackStrawPlot result. Based on
the clustering results, cell types were annotated using a combination of the R package singleR and
previously reported gene markers. The data of each cell type were extracted, and each cell type was
clustered using the abovementioned dimensionality reduction clustering method. The R package
monocle2 was used to analyse the pseudotime of epithelial cells. Differentially expressed genes (DEGs)
were analysed at the single-cell level using the FindAllMarkers function of Seurat (min.pct = 0.25).

Spatial transcriptomic analysis
The gene expression of ST sequencing data was analysed using the CellSpace software. After the gene
expression was quanti�ed, a downstream analysis was performed using the R package Seurat. The
SCTransform function of Seurat was used to standardise the spatial transcriptomic data of three
samples, whereas RunPCA and RunUMAP were used for dimensionality reduction and clustering (PC = 
30). The FindAllMarkers function was used to analyse the characteristic genes of each cluster in the
spatial transcriptome (min.pct = 0.25, logfc.threshold = 0.25). Combined with the characteristic genes of
each cell type in a single cell, multimodal intersection analysis (MIA) was performed to obtain the main
cell types distributed in each spatial region. All spatial spots were divided into cancer (regions with
abundant epithelial cells) and stromal (regions with abundant non-epithelial cells) regions. Pseudotime
analysis of T1 and N1 epithelial cells was performed using monocle2, and the three states of epithelial
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cells resulting from the analysis were annotated onto the spatial transcriptome using the
FindTransferanchors function of Seurat. Based on the annotation, spatial spots were divided into four
regions. The spatial regions annotated by states 1 and 2 with a concentration of metastatic epithelial
cells were named ‘Cancer Region 1’ and ‘Stromal Region 1’, respectively, whereas the remaining cancer
and stromal regions were named ‘Cancer Region 2’ and ‘Stromal Region 2’, respectively. DEGs between
two cancer regions and between two stromal regions were analysed using the FindMarkers function of
Seurat.

Functional enrichment and survival analyses
The KEGG pathway of each DEG was annotated using BLAST to align the gene sequence to protein
sequences obtained from the KOBAS database. The p-value of enrichment signi�cance was evaluated
using Fisher's exact test for each pathway and corrected using the BH method to obtain the q-value. The
coxph function of the R package survival was used to perform Cox regression survival analysis on 162
colorectal cancer samples in the TCGA database. Two survival curves were generated using the DEGs of
cancer and stromal regions. CIBERSORT was used to score immune cells in the spatial spot of T1
samples, and the ReactomeGSA package was used to score the Hallmark gene set in the spatial spot.

Statistical analysis
The statistical software, threshold and methods of each bioinformatic analysis are described in Results,
Methods and Figure legends.

Results

Identi�cation of cell populations via scRNA-seq
Tissue specimens from 3 patients with ESCC were collected (Table 1), and scRNA-seq was performed to
evaluate the types and proportion of different cell types in ESCC. A total of 14 clusters were identi�ed
based on gene expression (Fig. 1A). A UMAP plot demonstrating the distribution of gene expression in
each sample was also created (Fig. 1B). A total of 20,324 cells were classi�ed as epithelial cells, NK and
T cells, endothelial cells, �broblasts, B cells, monocytes and neutrophils, which were identi�ed based on
the expression of speci�c marker genes shown in the UMAP plot (Fig. 1C). For each cell type, three marker
genes were selected (Figure S1), and the most signi�cant marker gene was found to be widely expressed
and distributed in its cell type (Fig. 1E). The number of endothelial cells, B cells and neutrophils was
higher in T1, T2 and T3 samples, respectively (Fig. 1D).
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Table 1
Characteristics of the 3 patients included in this study for scRNA-seq analysis and spatial transcriptomics

Patient
number

Age Gender TNM
stage

Smoking
history

Drinking
history

Family history of
ESCC

T 1 76 Male T2N3M0 Yes Yes No

T 2 43 Female T3N0M0 No Yes No

T 3 60 Male T1N2M0 Yes No Yes

ScRNA-seq: single-cell RNA sequencing; ESCC: esophageal squamous cell carcinoma

Spatial transcriptomic regionalisation of ESCC samples
To assess the spatial distribution of different cell types, ST analysis was performed on T1, T2 and T3
samples. ST sections of the three samples were stained with H&E (Fig. 2A–C). According to the ST
sequencing data, spots in the spatial sections were divided into 10 regions (Fig. 2D–F), with each spatial
region expressing different characteristic genes (Figure S2).

MIA(21), a hypergeometric distribution test method, was used to integrate the results of ST and scRNA-
seq analyses. The association between the spatial regions and single-cell clusters was analysed to
identify the major cell types distributed in each region (Fig. 2G–I). In addition, the spatial regions with
epithelial cells as the dominant component were classi�ed as cancer regions (almost all epithelial cells
are cancer cells), whereas other regions were classi�ed as stromal regions (Fig. 2J–L).

scRNA-seq and spatial transcriptomic analyses of epithelial
cells, �broblasts and endothelial cells
The spatial distribution of every cell type is different (Fig. 2G–I). The distribution of subsets of each cell
type was compared between the cancer and stromal regions. The subsets of stromal cells (epithelial cells,
�broblasts and endothelial cells) were enriched in both regions. A total of 8 subsets (C0–C8) were
identi�ed for epithelial cells, with each subset having unique marker genes (Fig. 3A–C). The T1 sample
(metastatic sample) was largely represented by C0, C1 and C4 subsets, whereas non-metastatic samples
mostly contained other subsets (Fig. 3D). Most epithelial cell subsets, especially C5 and C7, were
distributed in the cancer regions, whereas C4 was mostly distributed in the stromal regions, and C6 did
not have a preference (Fig. 3E). GSVA revealed that NEIL3-mediated resolution of ICLs was signi�cantly
enriched in C5 and C7 subsets, indicating that DNA repair may be associated with tumorigenesis (Fig. 3F,
Table S1). Furthermore, two main subtypes of �broblasts, namely, in�ammatory cancer-associated
�broblasts (iCAFs) and myo�broblasts (myCAFs), were identi�ed based on speci�c marker genes (Fig. 4A,
D). In addition, eight subsets were identi�ed, and their distribution in the three patients was demonstrated
in the UMAP plot (Fig. 4B-C). Each of the two subtypes had highly expressed genes, such as ACTA2 for
myCAFs and CFD for iCAFs (Fig. 4E). The T1 sample was mostly enriched in iCAFs, whereas myCAFs did
not have a preference (Fig. 4F, Table S2). iCAFs were signi�cantly enriched in stromal regions, whereas
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myCAFs were enriched in both cancer and stromal regions (Fig. 4G). The functions and pathways
differed between these two subsets, such as vitamins in myCAFs and hydroxycarboxylic acid-binding
receptors in iCAFs (Fig. 4H). Furthermore, the endothelial cell subsets were analysed in the three patients,
which revealed three subsets with unique marker genes (Figure S3A-C). The C2 subset was mostly
enriched in the T1 sample, whereas the C1 subset was highly enriched in non-metastatic samples (Figure
S3D). In addition, the C2 and C0 subsets were mostly found in the cancer and stromal regions,
respectively (Figure S3E). Similar pathways were found to be enriched as in the aforementioned cell
types, such as NEIL3-mediated resolution of ICLs in the C2 subset and hydroxycarboxylic acid-binding
receptors in the C0 and C1 subsets (Figure S3F, Table S3). These �ndings suggested that the distribution
of stromal cells was not similar, and each cell type had its subset that could stratify cancer and stromal
regions in ESCC.

scRNA-seq and spatial transcriptomic analyses of NK and T
cells, B cells, monocytes and neutrophils
Based on the integration of scRNA-seq and ST, we analysed the distribution of some immune cells.
However, the subsets of NK and T cells, B cells, monocytes and neutrophils were not enriched in either the
cancer or stromal region. The following �ve main categories of NK and T cells were identi�ed: CD4 + T
cells, CD8 + T cells, regulatory T cells, NK cells and unspeci�ed (Fig. 5A). The UMAP plots revealed 15
classi�cations and the distribution of these cell types in the 3 patients with ESCC (Fig. 5B-C) and
demonstrated marker genes and highly expressed genes in each category (Fig. 5D-E). MIA revealed that
exhausted CD4 + cells and cytotoxic CD8 + cells were mostly enriched in non-metastatic samples,
whereas other cells were enriched in all three samples (Fig. 5F). Only proliferating CD4 + cells had a
relative higher enrichment score in the cancer and stromal regions of all samples, whereas naïve CD4+,
exhausted CD8 + and NKT cells were mainly concentrated in the cancer regions of the T1 sample
(Fig. 5G). Some pathways were enriched in NK and T cells, such as intracellular oxygen transport in
exhausted CD4 + cells (Fig. 5H, Table S4). A total of 6, 9 and 4 subsets were identi�ed for B cells,
monocytes and neutrophils, with highly expressed genes in each subset (Figure S4A-B, S5A-B, S6A-B).
The C1–3 subsets of B cells and the C2 subset of neutrophils were mainly enriched in the T1 sample
(Figure S4C, S6C), whereas most subsets of monocytes were enriched in non-metastatic samples (Figure
S5C). In addition, MIA revealed that the characteristic genes of most subsets of these three cell types
were mainly enriched in the cancer region of the T1 sample, indicating that these subsets were
characterised by sample heterogeneity (Figure S4D, S5D, S6D). GSVA of each subgroup of these three cell
types showed no signi�cant difference (Figure S4E, S5E, S6E; Table S5, S6, S7).

Distribution of metastasis-associated epithelial cells in the
spatial transcriptome
On analysing the ST data of the 3 patients, T1 was identi�ed as the primary site in a patient with lymph
node metastasis, and a metastatic sample (N1) was collected from this patient for scRNA-
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seq. Combining the single-cell data of T1 and N1 samples, a total of 12,205 cells were divided into 7 cell
types (Fig. 6A). In epithelial cells, 7 subsets were identi�ed via cell subpopulation analysis (Fig. 6B). In
both C1 and C5 subsets, some cells of the primary and metastatic origin were present. However, most
other subsets belonged to a single sample. For pseudotime analysis (Fig. 6C), epithelial cells were divided
into three evolutionary branches; of which, states 1 and 2 mainly included metastatic cells, whereas state
3 mainly included primary cells. State 1 contained a total of 2478 cells; of which, 1757 (70.90%) were of
metastatic origin and 721 (29.10%) were of primary origin. State 2 contained a total of 1101 cells; of
which, 756 (68.66%) were of metastatic origin and 345 (31.34%) were of primary origin. State 3 contained
a total of 1028 cells; of which, 90 (8.75%) were of metastatic origin and 938 (91.25%) were of primary
origin (Fig. 6D). These data were used to annotate spots in the spatial transcriptome. States 1 and 3 were
annotated in the cancer region, whereas state 2 was annotated in the stromal region (Figs. 2J).
Pseudotime analysis on T1 and N1 samples revealed that epithelial cells of N1 (metastasis) were mainly
distributed on the right branch (Figure S8).

The spatial regions annotated by states 1 and 2 with concentrated metastatic cells were named ‘Cancer
Region 1’ and ‘Stromal Region 1’, respectively. The remaining cancer and stromal regions were named
‘Cancer Region 2’ and ‘Stromal Region 2’, respectively (Fig. 6E). Cancer Region 1 was considered the
treatment group, and Cancer Region 2 was considered the control group. The upregulated 119 DEGs in
Cancer Region 1 were mainly enriched in pathways related to ‘metabolism of xenobiotics by cytochrome
P450’ and ‘chemical carcinogenesis’, whereas the downregulated DEGs were mainly related to ‘ribosomal’
pathways. Among the downregulated genes, some genes were annotated to pathways related to
‘glutathione metabolism’, ‘carbon metabolism’ and ‘glycolysis/gluconeogenesis’ (p-value > 0.05 for all)
(Figs. 6F, 6H, Table S8). In two stromal regions, 21 upregulated genes were enriched in the ‘oxidative
phosphorylation’ pathway, whereas 59 downregulated genes were mainly enriched in pathways related to
‘ECM–receptor interaction’, ‘focal adhesion’ and ‘PI3K–Akt signalling’ (Figs. 6G, 6I, Table S9). The survival
analysis of TCGA data showed that DEGs in both cancer and stromal regions were signi�cantly related to
overall survival (Fig. 6J-K), and higher expression of DEGs was related to poorer survival probability in
both regions.

In addition, the functional enrichment of each spot was scored, and signi�cant differences were observed
in many tumour-related pathways, such as the Notch and TGF-β pathways, between the two cancer
regions. The enrichment scores of these pathways were signi�cantly higher in Cancer Region 1 than in
Cancer Region 2. The enrichment of other pathways, including epithelial–mesenchymal transition (EMT)
and angiogenesis, was signi�cantly different between the two stromal regions, with higher enrichment in
Stromal Region 2. (Figure S7A-B). Furthermore, the immune-in�ltrating levels of different regions were
evaluated using the CIBERSORT algorithm. The proportion of naïve CD4 + T cells, gammadelta T cells, M0
macrophages and eosinophils was higher in Cancer Region 2, whereas that of activated NK cells was
higher in Cancer Region 1. As for the stromal regions, most immune cells had higher in�ltration in
Stromal Region 2, whereas only plasma cells had higher in�ltration in Stromal Region 1 (Figure S7C-D).
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Discussion
In this study, we identi�ed subpopulations of seven cell types and addressed their spatial map in three
heterogeneous ESCC samples. We integrated scRNA-seq and ST analyses using MIA to evaluate the
enrichment score of different cell populations across the cancer and stromal regions, revealing the
comprehensive map of various cell types and subsets in the TME. In addition, we evaluated the
correlation of distinct cell subpopulations with the stromal and cancer regions in ESCC. The �ndings
revealed heterogeneity between the primary and metastatic sites, providing meaningful biological
insights into the mechanisms of ESCC metastasis.

TME is a complex tissue environment for cancer development and progression, which contains various
types of cells, including tumour, immune and stromal cells (25). Compared with tumour cells within the
TME, stromal cells have genetic stability and are considered a promising therapeutic biomarker for cancer
treatment (26). In addition, immune cells within the TME play a key role in tumorigenesis and metastasis
and may be important for immunotherapy effectiveness as evidenced by the immunosuppressive
mechanisms possibly associated with Treg–macrophage interactions in ESCC (27). Chen et al. used
scRNA-seq to show that the TME of ESCC is heterogeneous, demonstrating substantial differences in
stromal cells between tumour and normal tissues, which may contribute to carcinogenesis (28). However,
the main restrictions for TME in cancer treatment are temporal and spatial differences, which largely
contribute to the heterogeneity of cancer (29). To the best of our knowledge, this study is the �rst to
present a spatial landscape of multiple cell subpopulations in ESCC, indicating its intra- and inter-tumoral
heterogeneity, which may provide novel insights into the investigation of e�cient therapies. MIA revealed
that cell subpopulations were heterogeneous in the tumour and stromal subregions among all samples.
The number and variety of cells were much greater in the cancer region of the T1 sample and stromal
region of the T3 sample.

Stromal cells were more signi�cantly enriched in the TME of ESCC, suggesting their more active role in
tumorigenesis and metastasis. A recent study demonstrated that more epithelial cells and �broblasts
were found in ESCC tumour tissues and the adjacent normal tissues, respectively, which is consistent
with the results of this study (30). EMT detaches epithelial cells and promotes metastasis and
therapeutic resistance, indicating the potential value of stromal cells of TME in the development of novel
therapies (31). The in�ammatory and remodelling processes are regulated by the interactions between
oesophageal epithelial cells and eosinophils, which may drive various tumorigenic phenotypes in ESCC
(32, 33). In this study, most subtypes of epithelial cells were more abundant in cancer regions than in
stromal regions. Two subsets of epithelial cells were substantially enriched in cancer regions and
unrelated to stromal regions, which may be considered powerful indicators for ESCC. CAFs are important
for tumorigenesis and are a heterogeneous component within the TME (34). In this study, two CAF
subsets—iCAFs and myCAFs—were identi�ed. iCAFs were mostly clustered in the stromal regions,
whereas no difference was found in the distribution of myCAFs between the cancer and stromal regions.
Fang et al. found that CXCL1 promotes the formation of iCAFs via the CXCR2–pSTAT3 pathway,
contributing to the progression of ESCC (35). In addition, IL-6 regulates the interaction between
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�broblasts and tumour cells within the TME in ESCC (36). We hypothesised that iCAFs interact with
tumour cells through speci�c factors in the stromal region instead of direct interaction in the tumour
region. In addition, some speci�c pathways enriched in iCAF subpopulations may be candidates for
future research, such as ‘NTF3-activated NTRK3 signalling’ and ‘COX reactions’. Non-immune stromal and
endothelial cells were heterogeneous among the three ESCC samples in this study and did not have a
clear preference for tumour or stromal subregions.

Immune cells within the TME play a key role in cancer progression by interacting with tumour cells by
secreting different chemokines, cytokines and other signalling molecules (37). In this study, compared
with non-immune cells, immune cell subpopulations were heterogeneous in ESCC, and most subsets were
enriched in the cancer region of the T1 sample. TME components can promote EMT, invasion and
angiogenesis to facilitate metastasis in various cancers, such as oesophageal (10), pancreatic (38) and
breast (39) cancers. In this study, T1 sample was obtained from the primary site of metastatic ESCC,
whereas the other two samples were obtained from primary ESCC. The types and proportion of immune
cells within the TME in metastatic ESCC were different from those in primary cancer, including naïve CD4 
+ T cells, neutrophils and B cells, and might affect cancer cells in different ways. Gu et al. showed that
tumour-educated B cells secrete HSPA4-targeting IgG and subsequently facilitate the metastasis of breast
cancer (40). In addition, neutrophils can interact with L-17-producing γδ T cells and promote metastasis
in breast cancer (41). We conducted pseudotime analysis using T1 and N1 samples and presented the
spatial features of cancer and stromal regions to determine DEGs and different pathways between the
primary and metastatic regions. A recent study used scRNA-seq analysis and revealed differences in cells
between the primary and metastatic sites of head and neck cancer (42). In this study, combined with
scRNA-seq and spatial information, pathways related to metabolism and tumorigenesis were found to be
enriched at metastatic sites, showing the dynamic activity of tumour and stromal cells during metastasis.
In addition, patients with higher expression of DEGs had substantially unfavourable clinical outcomes,
indicating that these metastatic genes were related to a poor prognosis of ESCC. Therefore, cells within
the TME play a signi�cant role in cancer metastasis, which may serve as prognostic predictors and
provide new insights into the investigation of effective therapies for ESCC.

Although this study is the �rst to reveal the spatial features of various cell subsets in ESCC and provide a
widely applicable method to comprehensively map an entire tissue using MIA, it has some limitations.
First, the number of patients enrolled in this study was limited. Because this was an exploratory and the
�rst study on ESCC in this �eld, it was inappropriate to enrol more patients. Based on the �ndings, we
believe that more patients can be enrolled for further study, and more distinct TME features in ESCC can
be identi�ed. Second, the resolution of ST technology remains to be a shortcoming. The size of the ST
array may not be su�cient to cover the whole tissue, and ST arrays do not achieve comparable resolution
for every spot at the single-cell scale. In addition, the transcriptomic data can be only accessed within the
cells of each spot and are lost at intervals between every two spots. With the development of ST
technology, higher resolution and shorter interval distance may be achieved in the future.
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Conclusions
With the integration of scRNA-seq and ST analyses, this study presents the �rst comprehensive spatial
landscape of different cell subpopulations in ESCC, indicating the intratumour heterogeneity of TME
features and tumours. Transcriptomic diversities and distinct spatial patterns were detected between non-
metastatic and metastatic samples. The �ndings show that the precise composition and spatial
landscape of tumours may vary from person to person, which may provide novel insights into the
discovery of prognostic factors and development of effective therapeutic interventions.
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Figure 1

The single cell atlas of ESCC patients (n=3). A. Single cell clustering results of three primary samples
based on the expression levels of genes. B. The UMAP presentation of the distribution of the three
samples. C. The UMAP presentation of major annotated cell types according to the expression of selected
marker genes. The clusters are annotated with various colors based on speci�c identities of different cell
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types. D. Number of cells and sample proportion of each cell type. E. The expression of marker genes in
different cell types.

Figure 2

Spatial transcriptome analysis of ESCC and regionalization of cancer and stroma. A-C. H&E staining of
transcriptome sections of three samples. (T1, T2 and T3, in turn). D-F. The results of spots clustering in
three spatial transcriptome data. The numbers of spots in three samples are 2353 (T1), 2849 (T2) and
2896 (T3). G-I. Results of correlation signi�cance analysis of spatial transcriptome regions and cell
subsets of single-cell data using MIA method. The higher the value, the greater the proportion of highly
expressed genes shared by spatial transcriptome regions and cell subsets. For each spatial region, it was
classi�ed as the cell type with the highest value. Finally, all spatial regions were divided into cancer
regions and stroma regions. J-L. According to the analysis results of MIA, all spots was divided into
cancer region and stroma region. The red is the area of cancer, and the blue is the area of stroma.
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Figure 3

Subsets analysis and MIA mapping of epithelial cell. A. Identi�cation of subgroups of epithelial cells in
ESCC. B. The distribution of epithelial cells in three ESCC patients. C. Characteristic gene expression
heatmap of each subgroup of epithelial cell. D. Cell number and sample proportion of each cell subsets.
E. MIA results of epithelial cells in cancer and stroma of spatial transcriptome. F. GSVA results of
different cell subsets.
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Figure 4

Subsets analysis and MIA mapping of �broblast. A. Identi�cation of two main subgroups of �broblast in
ESCC. iCAF: in�ammatory �broblast; myCAF, myo�broblast. B. Single cell clustering results of �broblast
subsets. C. The distribution of �broblast in three ESCC patients. D. Dot plot of marker gene expression in
�broblast of different subsets. E. The highly expressed characteristic gene heatmap of two main
�broblast subgroup. F. Number of cells in �broblast subsets and three samples proportion. G. MIA results
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of the �broblast subsets distribution in the spatial transcriptome stroma and cancer regions. H. GSVA of
�broblast subsets.

Figure 5

Subsets analysis and MIA mapping of NK and T cell.

A. Identi�cation of subgroups of NK and T cells in ESCC. Five main categories are divided: CD4 + T cell,
CD8 + T cell, regulatory T cell, NK cell and unspeci�ed. B. Single cell clustering results of NK and T cell
subsets. C. The distribution of NK and T cells in three ESCC patients. D. Dot plot of marker gene
expression in NK and T cells of different subsets. E. The highly expressed characteristic gene heatmap of
NK and T cell subsets. F. Number of cells in NK and T cell subsets and three samples proportion. G. MIA
results of the NK and T cell subsets distribution in the spatial transcriptome stroma and cancer regions.
H. GSVA results of NK and T cell subsets.
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Figure 6

Metastasis related epithelial cells distribution in spatial transcriptome. A. Single-cell clustering and cell
type annotated results of T1 (primary) and N1 (lymph node metastases) samples. B. Clustering results of
epithelial cell subsets in T1 and N1 samples. C. Pseudotime analysis of epithelial cells showed that
epithelial cells were divided into three evolutionary branches. D. Proportion of primary and lymph node
metastatic cells in 3 states of epithelial cells. E. Three states of epithelial cells were used to annotate the
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spatial transcriptome spots, which was spatially divided into four regions. Cancer region 1 represents the
region where epithelial cells state 1 is concentrated in. Stroma region 1 is the region where epithelial cells
state 2 is concentrated in. The remaining cancer and stroma spots were subdivided into cancer region 2
and stroma region 2. F. Volcano plot of differentially expressed genes (DEGs) in cancer region 1 versus
cancer region 2. G. Volcano plot of DEGs in stroma region 1 versus stroma region 2. H. Function
enrichment of DEGs in cancer region 1 versus cancer region 2. Top 6 enrichment pathways of up and
down regulated genes were shown, respectively. I. Function enrichment of DEGs in stroma region 1 versus
stroma region 2. J. Survival analysis results of DEGs in cancer region 1 and cancer region 2 in TCGA
data. K. Survival analysis results of DEGs in matrix region 1 and matrix region 2 in TCGA data.
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