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Dissecting the immunosuppressive
microenvironment of LAMA3 + malignant
cells and SPP1+ macrophages in esophageal
squamous cell carcinoma using single-cell
and spatial transcriptomics
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Abstract

Background Esophageal squamous cell carcinoma (ESCC) exhibits pronounced tumor microenvironment (TME)
heterogeneity, which contributes to tumor invasion, immune evasion, and resistance to therapy. However, the cellular
and spatial mechanisms driving this heterogeneity remain incompletely understood.

Methods We integrated single-cell RNA sequencing and spatial transcriptomics to characterize the cellular
composition, spatial organization, and tumor—-immune interactions within ESCC tissues. Ligand-receptor
communication was inferred using NicheNet modeling, and functional roles of key genes were evaluated through in
Vitro assays.

Results We identified a LAMA3* epithelial subpopulation enriched at the invasive tumor front, characterized by
strong epithelial-mesenchymal transition (EMT) signatures and poor prognostic relevance. Tumor-enriched SPP1*
macrophages with M2-like phenotypes were also identified and associated with adverse clinical outcomes. Spatial
analyses revealed close colocalization of LAMA3* epithelial cells and SPP1* macrophages, while NicheNet modeling
indicated reciprocal ligand-receptor interactions that directly mediated the extracellular matrix, and promoted
desmoplastic niche formation. This cooperative network restricted lymphocyte infiltration despite a high tumor
mutational burden, leading to an immune-excluded microenvironment. Clinically, co-enrichment of LAMA3 and

SPP1 predicted impaired responses to anti-PD-L1 therapy. Functional assays further confirmed that LAMA3 promotes
tumor cell proliferation, migration, and invasion.
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Conclusions Our study identifies a synergistic LAMA3-SPP1 axis that promotes desmoplastic remodeling and
immune evasion in ESCC, suggesting a potential therapeutic target to improve immunotherapy outcomes.

Materials and methods

The scRNA seq data clustering, dimension reduction and
cell annotation

Single-cell data analysis was performed using the “Seurat”
package. Data integration across samples was conducted
using the “Harmony” algorithm. Single-cell gene expres-
sion data of all patients were merged, and transcriptomes
were filtered for cells with 500—10,000 genes detected,
1000-100,000 UMIs counted, fraction of mitochon-
drial reads <15%. After filtering, Gene expression values
were scaled with “ScaleData’, and principal component
analysis (PCA) was conducted on variable genes using
“RunPCA” The first 20 principal components were uti-
lized for clustering via “FindNeighbors” and “FindClus-
ters” (resolution=0.5). UMAP was applied to the top 30
principal components for dimensionality reduction and
visualization. Marker genes for each clusters were deter-
mined using “FindAllMarkers’”, with thresholds set at log
fold change>0.5, minimum expression fraction (min.
pct) >0.25, and adjusted p-value < 0.05.

Estimation of the activity of diverse signatures and
pathways

The “GSVA” algorithm was applied to assess the relative
activation status of specific gene signatures or pathways.
GSVA scores were calculated for cancer hallmark signa-
tures and key signaling pathways using predefined gene
sets obtained from the Molecular Signatures Database
(MSigDB).

Cellular communication analysis

CellCall analysis was performed to infer intercellular
communication networks and identify potential signaling
interactions. Using the “CellCall” package, we processed
the single-cell RNA-seq data to predict ligand-receptor
interactions between different cell types. This approach
enables the identification of key signaling pathways
involved in cellular communication within the tumor
microenvironment, contributing to the understanding of
immune modulation and tumor progression.

CNV analysis

Somatic copy number variations (CNVs) were inferred
using InferCNV (v0.8.2, https://github.com/broadinstitu
te/infercnv), with adjacent normal epithelial cells serving
as the reference [1]. In brief, gene-level expression data
were mapped to their corresponding chromosomal loca-
tions, and genes lacking chromosomal annotations were
excluded. CNV profiles were then calculated for each
cell, and cells were classified as putative malignant if they

had a CNV score > 0.05 and CNV correlation > 0.5. To
explore CNV patterns, cells were clustered based on their
CNV profiles and visualized using UMAP, and chromo-
somal CNV heatmaps were generated to illustrate CNV
status across cells.

Spatial transcriptomic (ST) data collection and cell-type
estimation

ST data for ESCC samples were obtained from
GSE208253 [2]. Individual ST samples were pre-pro-
cessed using the Seurat. To evaluate the spatial distri-
bution of clusters identified in the scRNA-seq discovery
cohort, ST and scRNA-seq expression matrices were
integrated using CARD (v0.0.94), incorporating spatial
coordinate.

Functional enrichment analysis of cell subclusters

Gene Ontology (GO) enrichment analysis for marker
genes in each subcluster was performed using cluster-
Profiler (v4.6.0), with pathways considered significantly
enriched at adjusted P<0.05. Gene set variation analysis
(GSVA) on hallmark pathways from MSigDB (v2023.2.
Hs) was performed using the GSVA package (v1.34.0) to
calculate GSVA scores.

Trajectory analysis

Fibroblast differentiation trajectories were inferred using
Monocle3 (v1.3.4) with default parameters [3]. Trends
were further validated using Monocle3. Epithelial cell
trajectories were constructed using Monocle3 to outline
evolutionary trends.

Gene set enrichment analysis and functional annotation
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analyses of differen-
tially expressed genes (DEGs) were performed using the
“ClusterProfiler” R package. The GO analysis encom-
passed three categories: cellular components, biological
processes, and molecular functions. In addition, Gene Set
Enrichment Analysis (GSEA) was conducted to explore
pathways associated with different molecular subtypes,
based on comprehensive gene sets from the Molecular
Signatures Database (MSigDB).

Functional enrichment (GO and KEGG)

Differentially expressed and marker genes were subjected
to GO and KEGG enrichment analyses using annotations
from GO, UniProt, and NCBI. Significance was assessed
by Fisher’s exact test with FDR correction.
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Cell-type identification by estimating relative subsets of
RNA transcripts

To characterize the cellular composition of ESCC sam-
ples, we performed deconvolution analysis using CIBER-
SORTx (types from bulk transcriptomic data based on
known gene—cell type associations [4]. For this analysis,
the single-cell RNA-seq expression matrix was used to
generate a signature matrix representing each cell pop-
ulation, while the TCGA-ESCC dataset served as the
reference bulk transcriptomes. Estimated proportions
of immune cell subsets were then used to characterize
the immune landscape across patient groups. To assess
potential associations with disease risk, Spearman cor-
relation coefficients were calculated between the inferred
immune cell fractions and corresponding risk scores.
Comparative analyses and visualization of immune cell
distributions and correlations were performed using the
ggplot2 R package.

Statistical analysis

All of the statistical analyses were conducted via R soft-
ware (version 4.2.0). Spearman’s correlation was applied
for the analysis of the correlation. The Wilcoxon test was
used to compare the differences between these two risk
groups. p<0.05 was regarded as statistically significant.

Cell lines and cell culture

Human ESCC cell lines, including EC9706, KYSE150
and TE1, were sourced from the Shanghai Cell Bank of
the Chinese Academy of Sciences (Shanghai, China).
These cell lines were cultured in Dulbecco’s Modified
Eagle’s Medium (DMEM) supplemented with 10% fetal
bovine serum (FBS) (PAA Laboratories GmbH, Pasching,
Austria) under standard conditions. All cells were main-
tained at 37 °C in a humidified incubator with 5% CO.,.

Western blot analysis

The anti-LAMA3 antibody used for Western blot analysis
was purchased from Abcam (ab242197). Western blot-
ting was carried out following established protocols. In
brief, whole-cell lysates were extracted using RIPA buffer,
and protein samples were resolved on 10% or 12.5% SDS-
PAGE gels. The separated proteins were subsequently
transferred onto PVDF membranes, which were then
blocked with 5% non-fat milk in TBST (Tris-buffered
saline with 0.1% Tween-20) for 1 h at room temperature
prior to antibody incubation.

RNA interference

Short-interfering RNAs (siRNAs) targeting LAMA3 were
purchased from Paiwei Biotechnology Co., Ltd. (Wuhan,
China) and transfected into TE1 cells via Lipofectamine
2000 (Invitrogen, Shanghai, China) following the manu-
facturer’s instructions. Scrambled siRNA served as a
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negative control. Forty-eight hours after transfection, the
efficiency of gene knockdown was assessed via Western
blot analysis.

Cell invasion and migration assays

Invasion and migration assays were performed using
Transwell chambers (Corning, USA), with Matrigel coat-
ing applied for invasion assays and uncoated inserts used
for migration assays. Cells were resuspended in medium
containing 2% fetal bovine serum (FBS) and seeded into
the upper chamber, while medium supplemented with
20% FBS was added to the lower chamber as a chemoat-
tractant. After incubation at 37 °C for 24—-48 h, non-
migrated or non-invaded cells on the upper surface of
the membrane were gently removed. Cells that traversed
the membrane were fixed with methanol, stained with
hematoxylin and eosin, and quantified in three randomly
selected fields per insert under 100x magnification. Each
experiment was independently repeated three times, and
all functional assays were performed using three inde-
pendent biological replicates (n=3).

Introduction

Esophageal squamous cell carcinoma (ESCC) is a major
histological subtype of esophageal cancer, accounting for
more than 90% of cases in high-incidence regions such
as East Asia [5, 6]. Despite improvements in treatment
modalities, including surgery, chemotherapy, chemora-
diotherapy, and immunotherapy, the prognosis for ESCC
remains poor, with a 5-year survival rate of less than 25%
[7-9]. In recent years, immunotherapy has emerged as a
promising strategy in the treatment of esophageal can-
cer, particularly immune checkpoint inhibitors (ICIs)
targeting PD-1 and PD-L1. However, a subset of patients
exhibit resistance to immunotherapy, indicating that
intratumoral heterogeneity and the tumor microenviron-
ment (TME) play a crucial role in determining therapeu-
tic efficacy [10-12]. Moreover, TME heterogeneity has
been associated with different responses to treatment,
including immunotherapy, which hampers the develop-
ment of personalized therapeutic strategies.

Over the past decade, large-scale genomic and tran-
scriptomic studies have revealed recurrent alterations in
TP53, NOTCH]I, and cell cycle-related genes in ESCC.
However, these findings have not yet been translated into
effective targeted therapies [13—15]. Recent studies have
begun to unravel the complex landscape of the TME in
ESCC, highlighting the roles of immune cells, cancer-
associated fibroblasts (CAFs), and stromal components
in tumor progression, immune evasion, and therapy
resistance [16, 17]. Nevertheless, most of these insights
have been derived from bulk RNA-seq or immunohis-
tochemistry, which lack cellular resolution and spatial
context [18]. The precise mechanisms by which specific
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stromal or immune subsets influence ESCC progression,
particularly in spatially distinct tumor regions, remain
poorly understood.

The advent of single-cell RNA sequencing (scRNA-
seq) and spatial transcriptomics (ST) has revolutionized
our ability to dissect the cellular composition, functional
states, and spatial organization of the TME at unprec-
edented resolution [19-21]. These technologies have
provided valuable insights in multiple cancers, reveal-
ing distinct tumor subpopulations, immunosuppressive
niches, and dynamic cell-cell interactions that shape
tumor behavior. In ESCC, emerging single-cell studies
have begun to delineate epithelial and immune cell diver-
sity, but comprehensive integration with spatial data is
still lacking. Such integrative approaches are essential to
reveal context-dependent cell programs and to identify
actionable vulnerabilities [22—-25].

One area of particular interest is the invasive tumor
front (ITF)-the dynamic interface between tumor and
stroma-where active crosstalk occurs between malignant
cells and the surrounding microenvironment. Recent evi-
dence in other solid tumors has shown that the ITF har-
bors unique subpopulations of tumor and stromal cells
that contribute to local invasion, metastasis, and immune
modulation [26]. In ESCC, however, the cellular and spa-
tial architecture of the ITF remains underexplored. A
better understanding of spatial dynamics and molecu-
lar programs at the invasive front could provide critical
insights into mechanisms of tumor dissemination and
resistance, with direct implications for therapy.

This study integrates scRNA-seq and ST technolo-
gies to explore the TME of ESCC at multiple levels—
transcriptional, epigenetic, and spatial—to unravel the
complexity of the tumor microenvironment and its
contribution to tumor progression and metastasis. By
mapping the cellular landscape and identifying inva-
sive-specific subpopulations, we aim to uncover novel
biomarkers and therapeutic targets that may guide the
development of more effective and personalized treat-
ments for ESCC patients.

Result

Single-cell transcriptomics identified unique cellular
composition patterns in esophageal cancer

To comprehensively elucidate the cellular characteristics
of ESCC, we performed scRNA-seq analysis by integrat-
ing multiple cohorts of datasets [27, 28]. After filter-
ing out putative doublets and low-quality or dying cells
from the scRNA-seq data, A total of 208,446 cells from
24 esophageal cancer samples were clustered and catego-
rized into 8 distinct clusters (Fig. 1A and B). Based on
canonical marker genes, these clusters were annotated
into eight major cell types: T and NK cells (CD3D, CD3E,
NKG7; 69,497 cells, 33.3%), epithelial cells (EPCAM,
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KRT19; 43,301 cells, 20.8%), fibroblasts (COLIA2, DCN,;
41,888 cells, 20.1%), myeloid cells (MRC1, CD163; 17,441
cells, 8.4%), B cells (CD79A, MS4A1; 13,692 cells, 6.6%),
endothelial cells (PECAMI1, VWF; 12,592 cells, 6.0%),
plasma cells (IGHAI, IGHGI; 8,086 cells, 3.9%), and
mast cells (KIT, TPSB2; 1,949 cells, 0.9%) (Fig. 1A and B).
These 8 cell types were detected in almost every patient;
however, their proportions varied greatly (Fig 1C). Spa-
tial information is critical for understanding tumor biol-
ogy; however, it is absent in scRNA-seq data. To address
this, we performed spatial transcriptomics (ST-seq) on
tissue sections from 12 ESCC patients to obtain in situ
gene expression profiles. Tumor and non-tumor regions
were delineated using the conditional autoregression-
based deconvolution (CARD) algorithm (Fig. 1D and E).
Furthermore, by integrating all single-cell populations
into the spatial transcriptomic data through deconvolu-
tion, the distribution of distinct cell types could be clearly
visualized across the tissue sections.

The LAMAS + epithelial cell population underlies
invasion and progression in ESCC

To identify the key cancer cell subclusters driving ESCC
invasion, 42,999 epithelial cells were re-clustered into 10
subpopulations (Epithelial: C0-C9) (Fig. 2A and B). For
each subcluster, the top five marker genes were identi-
fied, and functional annotation was performed based on
highly expressed genes [29, 30]. CO and C7 were enriched
in ribosome biogenesis, translation, and energy metabo-
lism, whereas C1 was characterized by lipid metabolism.
C2 and C4 were associated with DNA replication and cell
cycle progression, while C3 and C8 were linked to cell-
matrix adhesion and extracellular matrix organization.
C5 showed signatures of epithelial differentiation, C6 of
iron homeostasis, and C9 of antigen processing and pre-
sentation (Fig. 2C). Further evaluation of gene enrich-
ment revealed that the C3 subcluster exhibited high
activity in epithelial-mesenchymal transition (EMT)
and angiogenesis, suggesting a highly plastic epithelial
state with strong differentiation potential toward inva-
sive and pro-angiogenic phenotypes(Fig. 2C and D). To
assess the malignant potential of epithelial subtypes, the
“inferCNV” analysis was performed using endothelial
cells as the reference [17, 19]. Compared with normal
epithelial cells, most clusters displayed evident CNV
alterations. Subclusters C7, C8, and C9 showed relatively
low CNV scores, indicative of largely normal epithelial
populations, whereas C3 exhibited intermediate CNV
scores, consistent with a moderately malignant pheno-
type (Fig. 2E). Considering its strong EMT signature, C3
likely represents a trans-differentiating epithelial state
with modest malignancy but pronounced EMT potential
[31, 32]. The C3 subcluster was further marked by high
expression of LAMA3, COL17A1, LAMC2, INHBA, and
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Fig. 1 Integrative characterization of the cellular landscape of the ESCC microenvironment using single-cell and spatial transcriptomics. (A) Schematic
illustration of tissue dissociation, cell isolation, sequencing, and downstream bioinformatics analysis. (B) UMAP visualization of ESCC, with the inner ring
representing major cell types and the outer ring indicating tissue-of-origin proportions. (C) Stacked bar plot showing the cellular composition of each
ESCC sample. (C) Dot plot displaying canonical marker gene expression across the major cell types. (D) Spatial distribution of eight cell types on ST sec-
tions from ESCC tissues (n=12), with pie charts representing the cellular composition of each spot. (E) Spatial distribution of representative cell types in
the ST dataset, where yellow shading indicates higher expression of the corresponding genes within each spot

TNC. When mapped onto spatial tissue sections, these
LAMAS3 + epithelial cells were predominantly localized
at the tumor margins, indicating spatially specific dis-
tribution (Fig. 2F). Using spatial transcriptomics data,
we observed a significant positive correlation between
LAMAS3 + epithelial cells and EMT activity (R = 0.65, p <

0.01), corroborating their strong EMT potential (Fig. 2G).
Analysis of TCGA-ESCC data further demonstrated that
high expression of LAMA3 + epithelial cell signatures
was significantly associated with poor patient prognosis
(Fig. 2H). Together, these findings highlight C3 as a trans-
differentiating, invasion-prone epithelial subpopulation
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Fig. 2 Characterization of epithelial cell heterogeneity, functional states, and clinical relevance in ESCC. (A) UMAP of epithelial cells and cell type annota-
tion. (B) Stacked bar plot showing the epithelial cells subpopulation composition of each ESCC sample. (C) Heatmap displaying the top five discriminative
genes for 10 different cell types. The box on the right presents the GO enrichment analysis results for the marker genes. (D) Gene set variation analysis
(GSVA) of Hallmark pathways across epithelial cell subpopulations. (E) Heatmap showing large-scale CNVs in epithelial cells the normalized CNV levels
are shown; red represents a high CNV level, and blue represents a low CNV level (top). The CNV score of the subpopulation of epithelial cells. (F) Spatial
distribution of representative cell types in the ST dataset, where yellow shading indicates higher expression of the corresponding genes within each
spot. (G) Scatter plots show the correlation between the LAMA3+ epithelial cells and EMT score in the patients. (H) Kaplan—Meier survival curves show-
ing overall survival in the TCGA-ESCC cohort, stratified by high versus low infiltration of the LAMA3+ epithelial cells. Statistical significance was assessed

using the log-rank test

with spatial specificity at tumor margins and clinical rel-
evance in ESCC progression.

Identification of seven fibroblast subtypes and
their evolutionary trajectories and transcriptional
regulatory features in ESCC

To elucidate the pivotal role of fibroblasts in shap-
ing the ESCC microenvironment, we utilized previ-
ously reported fibroblast subtype-specific markers
and categorized 21,629 fibroblasts into seven clusters:
H2AFZ+ fibroblasts, MMP3 +fibroblasts, PTGDS+
fibroblasts, PLA2G2A+fibroblasts, RGS5 + fibroblasts,
CLEC3B+fibroblasts, SFRP4 +fibroblasts (Fig. 3A and
B). The distribution of fibroblast subtypes was fur-
ther projected onto the spatial transcriptomics data,
enabling visualization of their localization within the
ESCC tumor microenvironment. We observed that
RGS5 + Fib, MMP3 + Fib, SFRP4 + Fib, and CLEC3B + Fib
were sparsely distributed across spatial sections, while
PLA2G2A +Fib were predominantly enriched in stro-
mal regions. In contrast, H2AFZ + Fib were mainly local-
ized within tumor regions, and PTGDS +Fib were also
broadly expressed in tumor areas Fig. 3C. To comprehen-
sively evaluate their clinical significance, we next investi-
gated the prognostic relevance of all fibroblast subtypes
using TCGA-ESCC bulk RNA-seq data with the “CIBER-
SORTx” algorithm. Among these subtypes, high infiltra-
tion of H2AFZ+ fibroblasts was significantly associated
with poorer overall survival in ESCC patients (p =0.049),
and elevated infiltration of PTGDS+ fibroblasts was simi-
larly correlated with unfavorable prognosis (p=0.0028),
whereas the remaining subtypes showed no significant
prognostic impact (Fig. 3D). To investigate the dynamic
processes of fibroblast subtypes at single-cell resolution,
we performed pseudo-time trajectory analysis. The analy-
sis revealed major trajectories, with CLEC3B+ fibroblasts
exhibiting the highest Potency score, suggesting that this
subtype possesses the greatest differentiation potential
and ultimately evolves into RGS5 + fibroblasts (Fig. 3E).
Along the pseudo-time trajectory, the expression of
WISP2 gradually decreased, whereas FGF7 and VCAN
were expressed in both the initial and inflammatory
states. Additionally, ECM-related genes, such as ACTG2,
showed elevated expression at the terminal stage. Gene
expression dynamics during state transitions were

visualized in a smoothed heatmap (Fig. 3F). Function-
ally, genes expressed in the early stage were enriched in
pathways associated with extracellular matrix organiza-
tion, vascular development, and complement activation,
reflecting a tissue-structuring and immune-modulatory
role. As pseudo-time progressed, gene expression shifted
toward pathways related to collagen organization, ECM
remodeling, and mononuclear cell migration, indicating
active extracellular matrix remodeling and interactions
with immune cells. At the terminal stage, the gene pro-
grams highlighted cell cycle and mitotic processes, sug-
gesting that fibroblasts at this stage may contribute to
tumor progression (Fig. 3G).

Tumor-specific SPP1 + macrophages are associated

with ESCC progression

The remodeling of myeloid cells in ESCC patients indi-
cates that these cells may exert functional roles in
tumorigenesis. A total of 14,887 myeloid cells were ana-
lyzed and classified into ten distinct subpopulations.
Two dendritic cell (DC) subsets were identified, namely
HLA-DQB2+DCs and CST7+DCs, six macrophage
subtypes were characterized, including RGSI + Mac,
TYMS + Mac, SPP1+Mac, IFITM+Mac, SEPP1+ Mac,
and TGFBI + Mac, while two neutrophil populations were
defined as S100A8+Neu and MT2A +Neu (Fig. 4A).
Notably, the relative abundance of these myeloid subsets
varied substantially across patients, reflecting consider-
able inter-patient heterogeneity (Fig. 4B and C). Given
that macrophage polarization can be broadly categorized
into classically activated M1 and alternatively activated
M2 phenotypes, we next evaluated the polarization sta-
tus of the six macrophage subsets using M1/M2 signature
scoring. The results revealed that, except for SEPP1 + Mac
and SPP1 + Mac, which exhibited an M2-like phenotype,
the remaining macrophage subsets predominantly dis-
played M1-like characteristics (Fig. 4D). The distribution
of macrophage subtypes was further projected onto the
spatial transcriptomics data, enabling visualization of
their localization within the ESCC tumor microenviron-
ment. We observed that SPP1 + macrophages displayed a
distinct spatial distribution pattern, with high expression
restricted to stromal regions at the tumor boundary (Fig-
ure. 4E).
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Fig. 3 Dynamic transcriptional programs and prognostic value of fibroblasts in ESCC. (A) UMAP plot shows the distribution of fibroblast cells across
ESCC samples. (B) Dot plot presents the top three marker genes for each fibroblast subtype. (C) Spatial distribution of fibroblasts subpopulation in the
ST dataset, where yellow shading indicates higher expression of the corresponding genes within each spot. (D) Kaplan-Meier survival curves of TCGA
ESCC cohorts, stratified by high versus low infiltration of H2AFZ+ fibroblast and PTGDS+ fibroblast clusters. Statistical significance was determined using
the log-rank test. (E) Inferred cell trajectory tree and pseudo-time ordering of fibroblasts. Cells with high stemness scores predicted by "CytoTRACE" are
shown (left), and the proportions of fibroblasts in different states along pseudo-time inferred by Monocle3 are displayed (right). (F) Expression dynamics
of representative genes along the pseudo-time trajectory. (G) Heatmaps illustrate gene expression patterns and cellular modules of fibroblasts associated

with pseudo-time progression.

We next compared spots with high versus low SPP1
expression, and pathway enrichment analysis revealed
activation of multiple oncogenic and immune-regulatory
signaling cascades. These included pathways related to
ribosome biogenesis and cell cycle progression, as well
as cancer-associated signaling networks such as MAPK,
P53, TGF-$, Hippo, JAK-STAT, and NF-«B. Collectively,
these results suggest that SPPl-enriched regions are
characterized by enhanced proliferative activity, malig-
nant signaling, and immunomodulatory processes within
the ESCC tumor microenvironment (Fig. 4 F). To fur-
ther elucidate the functional role of SPP1 + macrophages
in ESCC, we performed deconvolution analysis of bulk
RNA-seq data from the TCGA-ESCC cohort. The anal-
ysis demonstrated a significantly higher proportion of
SPP1 + macrophages in tumor tissues compared to adja-
cent non-tumor tissues (Fig. 4G). Importantly, increased
infiltration of SPP1+macrophages was strongly associ-
ated with unfavorable prognosis (Fig. 4H). Moreover,
deconvolution of multiple immunotherapy cohorts
revealed that enrichment of SPP1+macrophages was
indicative of an immunosuppressive tumor microen-
vironment, suggesting their potential contribution to
immune evasion in ESCC (Fig. 41).

Co-occurrence of LAMAS3 + epithelial cells and

SPP1 + macrophages predict impaired response to
anti-PD-L1 immunotherapy

To investigate the infiltration status of these cellular sub-
sets, we applied a spatial transcriptomics—based decon-
volution approach to estimate the abundance of 27 cell
clusters identified by scRNA-seq and further calculated
the pairwise Spearman correlations of their infiltration
levels in each patient. We found that LAMA3 + epithelial
cells and SPP1+macrophages consistently represented
the most strongly correlated populations across all exam-
ined patients (Fig. 5A). Given the limited sample size of
our ST dataset, we next employed “CIBERSORTX” to
simulate cell-type-specific gene expression profiles and
predict the relative abundance of scRNA-seq—defined
cell types in larger datasets, including the TCGA ESCC
cohort and five independent ESCC cohorts from GEO.
The deconvolution robustness of “CIBERSORTx” was
validated by training with our own scRNA-seq dataset.
Strikingly, across all interrogated cohorts, we consis-
tently observed a significant positive correlation between

LAMAS + epithelial cells and SPP1 +macrophages, fur-
ther confirming their close association (Fig. 5B). Since
current tumor immunotherapies predominantly target
lymphocytes, reduced lymphocyte infiltration in these
tumors may weaken therapeutic efficacy. To test this
hypothesis, we analyzed the IMvigor210 cohort of blad-
der cancer patients treated with anti—-PD-L1 therapy.
Patients with higher proportions of LAMA3 + epithelial
cells or SPP1+macrophages, as estimated by cell-type
deconvolution, exhibited significantly worse overall sur-
vival (OS) compared with those with lower proportions.
Moreover, patients with concomitantly high proportions
of LAMA3 +epithelial cells and SPP1 +macrophages
showed the shortest survival times. Importantly, individ-
uals with elevated proportions of either LAMAS3 + epithe-
lial cells or SPP1 + macrophages displayed markedly lower
response rates (CR/PR) and higher frequencies of pro-
gressive disease (PD) than those with low proportions of
both cell types (Fig. 5C and 5D). Together, these findings
reveal a conserved co-occurrence of LAMAS3 +epithe-
lial cells and SPP1 + macrophages across multiple cancer
types and suggest that enrichment of these cell subsets
may contribute to reduced lymphocyte infiltration and
impaired responses to anti—-PD-L1 immunotherapy.

LAMAS3 + epithelial cells and SPP1 + macrophages
interaction may contribute to desmoplastic tumor
microenvironment

We next investigated whether LAMA3 + epithelial cells
and SPP1 + macrophages spatially colocalize in ESCC tis-
sues. Immunofluorescent staining confirmed the close
proximity of these two populations, suggesting poten-
tial crosstalk between them (Fig. 6A). To further explore
the underlying mechanisms, we applied the R package
“NicheNet” to infer ligand-receptor interactions [33].
This analysis revealed that LAMA3 + epithelial cells
could directly interact with SPP1 + macrophages through
adhesive ligand—receptor pairs, such as VCAMI1-ITGBI,
TNF-TNFRSFI1A/TNFRSF1B, and ARF1-PLD?2 (Fig. 6B).
Moreover, LAMA3 + epithelial cells were predicted to
enhance the pro-inflammatory activity of SPP1 + mac-
rophages by expressing TGF-f superfamily members,
which in turn induced signaling via ACVRLI, ACVRI,
and ACVRIB in SPP1 + macrophages. To assess whether
SPP1 + macrophages regulate ECM-remodeling func-
tions, we again performed NicheNet analysis. SPP1 +
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Fig. 4 Single-cell characterization of myeloid cell diversity associated with ESCC. (A) UMAP plot shows the distribution of myeloid cells from ESCC pa-
tients. (B) Stacked bar plot depicting cell type composition in each sample from ESCC. (C) Dotplot of the marker genes identified for each myeloid cell
type. (D) Comparison of average M1 and M2 scores among macrophages, indicating a shift toward M2-like polarization. (E) Spatial distribution subpopu-
lation of macrophages in the ST dataset, where yellow shading indicates higher expression of the corresponding genes within each spot. (F) Differential
gene expression analysis between spots enriched with SPP1+ macrophages and those without such enrichment. (G) Comparison of SPP1+ macrophage
percentages in paired normal and tumor tissue. (H) Kaplan—-Meier survival curves showing overall survival in the ESCC cohort, stratified by high versus
low infiltration of the specified SPP1+macrophage cell clusters. Statistical significance was assessed using the log-rank test. (I) Deconvolution analysis of

SPP1+ macrophages in relation to tumor immunotherapy responses

macrophages showed strong ligand activity for TGFBI,
IL1B, and IL6, which were predicted to interact with cor-
responding receptors on LAMA3 + epithelial cells. These
interactions induced the expression of pro-fibrotic and
ECM-related genes in epithelial cells, including VCAM1,
ITGA4, ADAM17, and TGFB-1, many of which are cen-
tral mediators of ECM production and remodeling. Thus,
SPP1 + macrophages may drive ECM deposition and des-
moplastic formation by activating LAMA3 + epithelial
cells through TGFB1- and IL1B/IL6-dependent signaling
pathways. To further characterize the downstream bio-
logical effects, we conducted “NicheNet” ligand activity
analysis using KEGG ECM-related gene sets. The pre-
dicted target genes were enriched in multiple pathways,
including cytokine-mediated signaling, leukocyte cell-
cell adhesion, regulation of apoptotic signaling, response
to oxidative stress, and response to interferon-y. These
pathways provide mechanistic links between ligands
secreted by SPP1 + macrophages and ECM-target genes
that contribute to desmoplastic remodeling (Fig. 6C
and D). Taken together, these findings demonstrate that
LAMAS3 + epithelial cells and SPP1 + macrophages form
a reciprocal interaction network that reinforces their
maintenance and function. By cooperating with LAMA3
+ epithelial cells, these cell populations may play pivotal
roles in ECM remodeling and the development of des-
moplastic regions within the ESCC tumor microenviron-
ment, thereby shaping tumor progression and potentially
influencing therapeutic responses.

Dual role of LAMAS3 in shaping the immune
microenvironment and driving tumor progression
The tumor immune microenvironment (TIME) is gener-
ally categorized into three types based on immune cell
and CD8 + T-cell infiltration: immune-excluded, inflamed
(or “hot” tumors, which typically respond well to immu-
notherapy), and immune-desert. To better understand
the immune context of tumors with distinct infiltration
patterns of LAMAS3 + epithelial cells and/or SPP1 + mac-
rophages, we examined the immune features of ESCC
subtypes. Notably, ESCC tumors with high LAMA3 + epi-
thelial cell and high SPP1 + macrophage infiltration exhib-
ited a relatively elevated burden of non-silent mutations
and SNV-predicted neoantigens. They also displayed a
higher Shannon entropy index and greater TCR richness,
reflecting a non-effective T-cell response to neoantigens

(Fig. 7A). Paradoxically, this subtype had the lowest lym-
phocyte infiltration among all ESCC groups, suggesting
an immunologically “cold” tumor phenotype despite har-
boring immunogenic mutations. To further explore the
oncogenic role of LAMA3, we assessed its expression in
multiple ESCC cell lines (EC9706, KYSE150 and TE1).
LAMA3 mRNA was markedly upregulated in tumor cell
lines, especially in TE1 cells (Fig. 7B), which were there-
fore selected for downstream experiments. Functional
assays confirmed efficient knockdown of LAMA3 in TE1
cells (Fig. 7C). The colony formation assay demonstrated
that silencing LAMAS3 significantly reduced the num-
ber and size of cell colonies compared with the control
group, indicating that LAMA3 promotes the long-term
proliferative capacity and clonogenicity of ESCC cells.
(p<0.01) (Fig. 7D). Phenotypic assays demonstrated that
LAMAS3 knockdown markedly suppressed oncogenic
behaviors: Transwell assays showed impaired migration
and invasion, while wound-healing assays confirmed
reduced migratory ability (Fig. 7E, F). Consistently, EAU
assay indicated that knockdown of LAMAS3 significantly
inhibited the viability of ESCC cells(Fig. 7G). Collectively,
these findings highlight LAMA3 as a potential oncogenic
driver and therapeutic target in ESCC, functioning to
enhance proliferation, migration, and invasion.

Discussion

The tumor microenvironment (TME) of ESCC is highly
heterogeneous and plays a central role in tumor progres-
sion, immune evasion, and therapeutic resistance. Our
integrative analysis of single-cell and spatial transcrip-
tomics delineated the complex cellular ecosystem of
ESCC and uncovered novel malignant and stromal sub-
populations with spatial and functional specificity. These
findings underscore the importance of dissecting TME
heterogeneity to better understand ESCC biology and to
identify new therapeutic opportunities.

A key finding of our study is the identification of a
LAMAS + epithelial subpopulation enriched at the inva-
sive tumor front (ITF). This population exhibited strong
epithelial-mesenchymal transition (EMT) signatures,
angiogenesis potential, and intermediate CNV altera-
tions, suggesting a trans-differentiating state with mod-
est malignancy but pronounced invasive capacity. The
spatial restriction of LAMA3 + cells to tumor margins
highlights their functional role in driving local invasion.
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Fig. 5 Correlation of stromal and myeloid cell infiltration and prognostic relevance of LAMA3/SPP1 in ESCC and immunotherapy cohorts. (A) The pro-
portion of ESCC cohorts with positive (Spearman correlation; correlation coefficient [Rs] >0.3 and FDR < 0.05, in red), negative (Rs<—0.3 and FDR<0.05,
in blue), or non-significant (gray) correlation for the infiltration of pairwise cell types. (B) Scatter plots show the correlation between the infiltration
of LAMA3 +epithelial cells and SPP1+macrophages across 6 independent datasets with ESCC, including TCGA-ESCC; GSE53624; GSE20347; GSE38129;
GSE53622; GSE53625. The error band indicates 95% confidence interval. (C) Survival analyses for low and high expression of LAMA3 alone, SPP1 alone,
and both. patient groups in the anti-PD-L1 immunotherapy cohort using Kaplan-Meier curves (IMvigor210 cohort). (D) Bar plots show patients with both

low expression of LAMA3 and SPP1 are more likely to respond to anti-PD-L1

Moreover, their expression signature was consistently
associated with poor prognosis in ESCC and other can-
cers, implicating LAMA3 as a conserved marker of
aggressive tumor states [34, 35]. Functionally, our in

treatment

vitro experiments further demonstrated that LAMA3
knockdown impaired proliferation, migration, and inva-
sion, establishing LAMAZ3 as not only a marker but also a
potential oncogenic driver.
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In addition to malignant epithelial cells, we identified
seven fibroblast subtypes with distinct developmental
trajectories and transcriptional programs. The dynamic
transitions revealed by pseudo-time analysis reflected
a progression from vascular-associated fibroblasts to

ECM-remodeling fibroblasts. Notably, terminal fibro-
blast states were enriched in ECM-remodeling and TGE-
P signaling, processes known to foster desmoplasia and
therapeutic resistance. Prognostic analysis indicated that
infiltration of H2AFZ+ fibroblasts was linked to worse
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survival, supporting their clinical relevance. These results
emphasize the plasticity of fibroblasts in ESCC and their
contribution to stromal remodeling, which may cooper-
ate with malignant epithelial states to drive invasion.

Our study also uncovered a tumor-enriched SPP1*
macrophage population that, while showing a pre-
dominantly M2-like phenotype in our dataset, has been
reported to exhibit M1 phenotypes in other studies, and
was strongly associated with poor prognosis and reduced
immunotherapy response. Deconvolution across multiple
cohorts confirmed their enrichment in ESCC tumors
compared with adjacent tissues, highlighting their
robustness as a TME feature. Importantly, we observed
a strong spatial and transcriptional association between
SPP1 + macrophages and LAMAS3 + epithelial cells. This
co-occurrence predicted impaired responses to anti—
PD-L1 therapy, not only in ESCC but also in independent
immunotherapy cohorts, suggesting a conserved mecha-
nism of resistance [36—39].

Mechanistically, our “NicheNet” analysis suggested
that LAMAS3 + epithelial cells and SPP1 + macrophages
engage in reciprocal crosstalk through adhesive ligand—
receptor interactions and cytokine signaling, promoting
fibroblast activation, ECM deposition, and desmoplas-
tic remodeling. This cooperative network may gener-
ate a rigid, immune-excluded microenvironment that
restricts lymphocyte infiltration, thereby explaining the
paradoxical observation of high mutational burden but
poor immune response in ESCC tumors with LAMA3 +
and SPP1 + enrichment. Thus, our data propose a model
in which LAMA3 + epithelial cells and SPP1 + macro-
phages synergistically establish an immunosuppressive
and desmoplastic niche that facilitates invasion and ther-
apy resistance [36, 38, 40].

Several limitations should be acknowledged. The spatial
transcriptomics analyses were based on cross-sectional
data from a relatively small ESCC cohort and partially
relied on public datasets, which may introduce bias and
limit generalizability. Despite rigorous normalization
and batch-correction procedures, residual batch effects
cannot be fully excluded. Functional evidence for SPP1*
macrophages and the LAMA3-SPP1 axis is currently
limited to in vitro assays, and in vivo validation remains
necessary. In addition, the resolution of spatial tran-
scriptomic spots may not fully capture cell—cell interac-
tions at single-cell precision. While SPP1* macrophages
have been reported previously, our study extends existing
knowledge by providing mechanistic insight into the role
of the LAMA3-SPP1 axis in desmoplasia and immune
evasion in ESCC. Taken together, our study highlights
the invasive tumor front as a critical niche in ESCC, char-
acterized by the convergence of invasion-prone epithelial
cells, immunosuppressive macrophages, and activated
fibroblasts. The co-occurrence of LAMAS3 +epithelial
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cells and SPP1+macrophages emerge as a robust bio-
marker of poor prognosis and immunotherapy resistance.
Therapeutically, strategies targeting this axis—such as
disrupting epithelial-macrophage interactions, inhibit-
ing LAMAZ3 signaling, or reprogramming SPP1 + macro-
phages—may represent promising avenues to overcome
desmoplasia and improve immunotherapy efficacy in
ESCC.
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