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Cervical cancer represents a significant global health challenge, with complex cellular and molecular
mechanisms driving its progression from HPV infection to invasive malignancy. This study employed
an integrated approach combining single-cell RNA sequencing (scRNA-seq) and spatial
transcriptomics (stRNA-seq) to comprehensively characterize the tumor microenvironment (TME)
across different stages of cervical cancer development. Through analysis of samples from normal
cervix, HPV-infected normal cervix, high-grade squamous intraepithelial lesions (HSIL), and invasive
cervical cancer, we identified distinct cellular populations and their dynamic changes during disease
progression. Our findings revealed significant heterogeneity in immune cell populations, particularly
highlighting the role of SPP1+ macrophages that were substantially enriched in cervical cancer
compared to precancerous and normal tissues. Cell-cell communication networks and spatial
mapping demonstrated that SPP1+macrophages interact extensively with immune cells through the
SPP1-CD44 signaling axis. This interaction contributes to an immunosuppressive microenvironment
through modulation of T cell function and promotion of tumor cell survival. Furthermore, high
expressionof SPP1 correlatedwith advanced tumor stages andpoor overall survival in cervical cancer
patients, highlighting its potential as a prognostic biomarker. Our comprehensive characterization of
the cellular landscape and intercellular communication networks in cervical cancer progression
provides valuable insights for the development of targeted therapeutic strategies aimed atmodulating
the TME, particularly through disruption of the SPP1-CD44 axis. These findings establish a foundation
for more effective personalized approaches to improve clinical outcomes in cervical cancer patients.

Cervical cancer remains a significant global health challenge, ranking as the
8th most common cancer among women worldwide, with an estimated
660,000 new cases and 350,000 deaths in 2022 alone1,2. HPV infection is
recognized as the primary etiological factor in the development of cervical
cancer, with high-risk HPV types contributing to the majority of cases3.
Despite advances in screening and vaccination, the progression from HPV
infection to cervical cancer involves complex biological processes that are
not fully understood. Understanding the cellular and molecular mechan-
isms underlying this progression is crucial for developing targeted ther-
apeutic strategies and improving patient outcomes4.

The tumor microenvironment (TME) plays a critical role in cancer
progression, immune evasion, and treatment resistance5. In cervical cancer,
the TME consists of malignant cells, cancer-associated fibroblasts, and
various immune cells, including dendritic cells, B cells, T cells, monocytes,
neutrophils, natural killer cells, and macrophages, collectively modulating
tumor progression6. Recent studies have highlighted the importance of
immune cell infiltration in cervical cancer, with distinct differences in the
immune landscape between early-onset and late-onset disease7. However, a
comprehensive understanding of the cellular heterogeneity and intercellular
communication networks within the cervical cancer TME remains limited8.
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Advancements in scRNA-seq and stRNA-seq have revolutionized our
ability to dissect the complex cellular heterogeneity and spatial organization
within the TME9. These technologies enable high-resolution characteriza-
tion of cell populations, their functional states, and interactions within
tumor tissues.

Macrophages represent a key component of the cervical cancer TME,
exhibiting remarkable heterogeneity and plasticity10. Traditional classifica-
tion into M1 (pro-inflammatory) andM2 (anti-inflammatory) phenotypes
has been challenged by recent single-cell studies revealing much more
complex macrophage populations. Among these, SPP1+ macrophages
have emerged as particularly important in shaping the tumor immune
landscape7. These macrophages, characterized by high expression of
secreted phosphoprotein 1 (SPP1, also known as osteopontin), have been
identified across multiple cancer types, such as including hepatocellular
carcinoma, glioblastoma, often correlating with poor prognosis and
immune suppression11–13.

The SPP1-CD44 signaling axis has recently been identified as a pivotal
pathway in tumor-immune interactions14. CD44, a cell-surface glycoprotein
involved in cell-cell interactions, adhesion, and migration, serves as a
receptor for SPP1 among other ligands. In various cancer types, this
interactionhas been shown to contribute significantly to tumor progression,
metastasis, and immune evasion8,15. SPP1-CD44 signaling promotes tumor
stemness, chemoresistance, and creates an immunosuppressive micro-
environment by modulating T cell function and macrophage
polarization15,16. In recent studies, single-cell transcriptomics revealed that
the SPP1-CD44 axis mediates critical interactions between tumor cells and
immune cells, potentially driving therapy resistance in multiple cancers17,18.

In cervical cancer specifically, the role of the SPP1-CD44 axis remains
incompletely characterized. Our study combines scRNA-seq and stRNA-
seq approaches to comprehensively profile cellular heterogeneity and
intercellular communication networks across different stages of cervical
cancer progression, from normal cervix to invasive carcinoma. By inte-
grating multiple computational analytical approaches, we aim to elucidate
the dynamic changes in cellular composition, functional states, and inter-
action patterns driving disease progression.

Our analysis has revealed significant enrichment of SPP1+ macro-
phages in cervical cancer samples compared to normal and precancerous
tissues. These macrophages exhibit distinct transcriptional signatures and
form specific cellular interaction networks with tumor cells and other
immune cells via the SPP1-CD44 axis. Notably, SPP1+ macrophages
showed enhanced interactions with epithelial tumor cells and T lympho-
cytes through SPP1-CD44 signaling, potentially contributing to immune
suppression and tumor promotion. Spatial transcriptomics further con-
firmed the co-localization of SPP1+macrophages with exhausted T cells in
the TME, highlighting their role in creating immunosuppressive niches.
Furthermore, our findings demonstrate that high expression of SPP1 cor-
relates with advanced tumor stage and poorer overall survival in cervical
cancer patients, suggesting its potential value as aprognostic biomarker.The
SPP1-CD44 axis emerged as a critical pathway in tumor-promoting cellular
interactions, representing a promising target for therapeutic intervention.
These insights into the complex cellular andmolecular landscape of cervical
cancer progression provide a foundation for developing novel targeted
therapies aimed atmodulating theTMEand improving clinical outcomes in
cervical cancer patients.

Results
ScRNA-seq Profiling of Gradual Progress from Normal to
Cervical Cancer
The study design flowchart is illustrated in Fig. 1A. The quality control of
scRNA-seq was shown in Supplementary Fig. 1A–C. To elucidate the cel-
lular composition and heterogeneity at various stages of cervical cancer
progression, we conducted an extensive analysis integrating scRNA-seq
data. We identified and annotated various cell types using this data. Figure
1B illustrates the expression of representativemarkers in different cell types,
including mast cells (TPSAB1), NK/T cells (CD3E), epithelial cells

(EPCAM), B cells (CD19), endothelial cells (PECAM1), neutrophils
(NCF1), smooth muscle cells (ACTA2), myeloid cells (CD68), fibroblasts
(COL1A1), and plasma cells (MZB1).

Functional enrichment analysis revealed significant biological pro-
cesses andpathways associatedwith the identified cell types (Fig. 1C), which
alignwith our cell type annotations.Notably, processes such as alpha-beta T
cell activation, T cell receptor signaling pathway, neutrophil chemotaxis,
andmyeloid leukocyte activationwere enriched, highlighting the important
role of the immune landscape in the microenvironment.

The Uniform Manifold Approximation and Projection (UMAP) plot
in Fig. 1D visualizes the clustering of different cell types. To understand the
impact of HPV infection and disease progression on cellular composition,
we compared the proportions of different cell types across various condi-
tions: cervical cancerwithHPV infection (CA_HPV), high-grade squamous
intraepithelial lesion with HPV infection (HSIL_HPV), normal samples
withHPV infection (N_HPV), and uninfected normal samples (NO_HPV)
(Fig. 1E). Specifically, therewas anotable increase inmyeloid cells andNK/T
cells in cancer samples and HPV-infected samples compared to normal
samples without HPV infection. This suggests an immune response and
reshaping of the immunemicroenvironment associatedwithHPV infection
and tumorigenesis. Conversely, the proportion of epithelial cells decreased
in cancerous conditions, reflecting the potential disruption of normal epi-
thelial architecture during the progression to malignancy.

Dynamic changes in immune cell populations during cervical
cancer development
We performed comprehensive profiling of immune cell populations across
different stages of cervical cancer development. UMAP clustering of T cells
revealed distinct subpopulations, including CD4+T cells (exhausted
PDCD1+ , exhausted CTLA4+ , and naive), CD8+ T cells (GZMB+ and
GZMK+ CTLs), and Th17 cells (Fig. 2A, B). Notably, we observed a sig-
nificant decrease in Th17 cells accompanied by an increase in exhausted
CD4+ T cells in CA_HPV compared to other conditions (Fig. 2C).

B cell analysis identified three main subpopulations: plasma cells,
memory B cells, and naive B cells (Fig. 2D, E). The distribution analysis
revealed that memory and naive B cells were predominantly present
after HPV infection, while plasma cells showed reduced proportion
(Fig. 2F, G).

Neutrophil characterization revealed seven distinct subpopulations
based onmarker gene expression (Fig. 2H, I). These subpopulations showed
differential distribution across disease stages (Fig. 2J, K). Notably, CXCL8+
and LCN2+ neutrophils were enriched in HPV-negative samples, while
LGALS3+ and SPP1+ neutrophils were more prevalent in CA_HPV
samples. Functional enrichment analysis revealed significant pathways
associated with each neutrophil subpopulation (Supplementary Fig. 1D).
SPP1_neutrophils were enriched in pathways related to negative regulation
of immune system processes, while LGALS3_neutrophils were involved in
stress response to metal ion pathways. CytoTRACE analysis has further
illuminated the maturity status of neutrophil subpopulations, specifically
indicating that the SPP1_neutrophil subset exhibits a lessmature phenotype
(Supplementary Fig. 1E). These results indicate the disability to anti-tumor
of SPP1_neutrophils in TME.

Characterization and Functional Dynamics of Macrophage
Subtypes in Cervical Cancer
In this study, we performed a comprehensive to explore the heterogeneity
and functional dynamics ofmacrophage subtypes. UsingUMAP clustering,
we identified 6 macrophage subtypes: SPP1+ macrophages (SPP1_mac),
CXCL9+ macrophages (CXCL9_mac), VCAN+ macrophages (VCAN_-
mac), IGKC+ macrophages (IGKC_mac), CD1E+ macrophages
(CD1E_mac), andDNASE1L3+macrophages (DNASE1L3_mac) (Fig. 3A).
Each subtype exhibited distinct marker gene expression patterns, as illu-
strated in the dot plot (Fig. 3B). The distribution of these macrophage
subtypes varied significantly across different conditions (Fig. 3C, D).
Notably, SPP1+ macrophages showed significantly higher in CA_HPV
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Fig. 1 | Cellular composition and heterogeneity in cervical cancer progression.
A Study design of this study. B Expression of marker genes for different cell types:
mast cells (TPSAB1), NK/T cells (CD3E), epithelial cells (EPCAM), B cells (CD19),
endothelial cells (PECAM1), neutrophils (NCF1), smooth muscle cells (ACTA2),
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compared to other conditions, indicating their potential role in the pro-
gression of cervical cancer. CXCL9+ macrophages also exhibited a sig-
nificant increase in HSIL_HPV, while other subtypes, including IGKC+ ,
VCAN+ , CD1E+ , and DNASE1L3+ macrophages, were mainly enri-
ched in N_HPV and NO_HPV conditions.

GO enrichment analysis further elucidated the biological processes
associated with each macrophage subtype (Fig. 3E). For instance, SPP1+
macrophages were significantly associated with the ERK1/ERK2 cascade,
indicating their potential crucial role in modulating the immune response
within the TME, potentially contributing to tumor growth and
progression19. Other macrophage subtypes displayed an immune-activated
landscape, participating in B and T cell activation and immune signaling
transduction.

Violin plots demonstrated the expression levels of key genes involved
in the ERK1/ERK2 pathway across macrophage subtypes (Fig. 3F). SPP1+
macrophages exhibited universally elevated expression of genes such as
GPNMBandAPOE.This suggests that targeting these pathways or genes in
SPP1+ macrophages could be a potential therapeutic strategy to alter the
immune landscape in cervical cancer.

We furtherly focus on the SPP1+macrophages (Fig. 3G). Pseudotime
trajectory analysis highlighted the heterogeneity and functional dynamics of
SPP1+ macrophages during cervical cancer progression (Fig. 3H, I). This
dynamic shift underscores the complexity of macrophage roles in the TME
and their potential impact on disease outcomes.

Further analysis of the inflammation response pathway revealed a
significant downregulation in SPP1+ macrophages (Fig. 3J). This finding
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Fig. 2 | Characterization of immune cell populations during cervical cancer
progression. A UMAP visualization of T cell subclusters, colored by cell type,
showing distinct populations of CD4+ T cells (exhausted PDCD1+ , exhausted
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underscores the suppression of the pro-inflammatory response in SPP1+
macrophages within the TME, highlighting their potential as targets for
therapeutic intervention aimed at modulating inflammation and immune
responses in HPV-related cervical cancer.

Dissection the heterogeneity of epithelial and tumor cells
To explore the heterogeneity of epithelial cells in the TME of cervical cancer
samples, we employed InferCNV analysis to detect copy number variations
(CNVs) across cell populations, using the normal epithelial cells in
NO_HPV as a reference. The analysis revealed distinct CNV profiles in

tumor epithelial cells, particularly the gain CNV events on Chromosome 1.
Furthermore, we identified tumor cells in CA_HPV based on K-means
clustering (Fig. 4A, Supplementary Fig. 1F, G, Supplementary Table 1).

UMAP dimensionality reduction clearly distinguished normal epi-
thelial cells from tumor epithelial cells in CA_HPV samples (Fig. 4B).
CytoTRACE analysis demonstrated enhanced stemness characteristics in
tumor epithelial cells compared to their normal counterparts (Fig. 4C).
Differential expression analysis identified distinct transcriptional profiles
between normal and tumor epithelial populations (Supplementary Fig. 2A).
GSEA revealed significant enrichment of pathways related to epithelial cell
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differentiation, proliferation, and migration in tumor cells. Conversely,
immune-related pathways including humoral immune response, adaptive
immune response, and phagocytosis recognition were downregulated in
tumor cells compared to normal epithelial cells (Fig. 4D).

Comprehensive metabolic pathway analysis revealed significant meta-
bolic reprogramming between normal and tumor epithelial cells in cervical
cancer. ScMetabolism analysis demonstrated distinct metabolic signatures
between these populations (Supplementary Fig. 1H). Tumor epithelial cells
exhibited significant upregulation of glycolysis/gluconeogenesis and amino
sugar/nucleotide sugar metabolism pathways. Conversely, normal epithelial
cells showed enhanced activity in multiple metabolic pathways, including
fatty acidmetabolism, TCA cycle, and oxidative phosphorylation.Metabolic
flux analysis using scFEA revealed differential metabolic activities between
normal and tumor epithelial cells (Supplementary Fig. 1I). Notably, tumor
cells displayed elevatedmetabolic flux in several pathways, including glucose
uptake (Glucose-in -> Glucose) and various nucleotide metabolism path-
ways (dCDP -> dCMP). Detailed analysis of glucose metabolism demon-
strated significantly higher glucose uptake (Supplementary Fig. 1J) and
glucose-to-G6P conversion (Supplementary Fig. 1K) in tumor cells com-
pared to normal epithelial cells. The hallmark glycolysis pathway analysis
further confirmed the metabolic shift, showing markedly higher glycolytic
activity in tumor epithelial cells (Supplementary Fig. 1L). This enhanced
glycolytic phenotype aligns with theWarburg effect commonly observed in
cancer cells, supporting their increased energy demands and biosynthetic
requirements for rapid proliferation.

Pseudotime trajectory analysis was employed to elucidate the transi-
tion relationships between normal and tumor epithelial cells (Fig. 4E,
Supplementary Fig. 2B). When stratified by HPV infection status, the
analysis revealed distinct progression patterns across different conditions
(Supplementary Fig. 2C). The pseudotime distribution analysis demon-
strated that tumor cells predominantly occupied later pseudotime points
(15–20), while normal epithelial cells were enriched in earlier stages
(Fig. 4F). Notably, cells from HSIL_HPV samples exhibited similar pseu-
dotime distributions to CA_HPV cells, suggesting comparable molecular
characteristics (Fig. 4G).

A branched heatmap analysis was performed to visualize the expres-
sion dynamics of key genes along the pseudotime trajectory for branch
point 1. This analysis revealed distinct gene expression profiles and asso-
ciated biological processes (Fig. 4H). The pre-branch stage was enriched in
immune response and activation, including pathways related to humoral
immune response, complement activation, and phagocytosis, suggesting
active immune surveillance in early-stage cells. As cells transition into the
branch, we observed a shift from initial expression of differentiation-
associated genes to subsequent upregulation of EMT markers. This tran-
sition fromdifferentiated to dedifferentiated states alignswith typical cancer
progression patterns, where cells gradually lose their specialized epithelial
characteristics and acquire more mesenchymal features. These trajectory
patterns, combined with the HPV status analysis, suggest a model where
HPV infection may compromise immune surveillance mechanisms while
promoting cellular dedifferentiation. The similar molecular characteristics
between HSIL_HPV and CA_HPV cells indicate that HPV-induced
changes in cellular programs may establish a pre-malignant state that
facilitates tumor progression.

Distinct molecular subtypes reveal intratumoral heterogeneity in
cervical cancer
Single-cell transcriptomic analysis of CA_HPV tumor cells revealed three
distinct tumor cell subpopulations (Epi_C1, Epi_C2, and Epi_C3) through
UMAP dimensionality reduction (Fig. 5A). Dot plot visualization demon-
strated distinctive marker gene expression patterns across these sub-
populations, highlighting their molecular heterogeneity (Fig. 5B). Further
investigationof cell cycle states revealed characteristic proliferationpatterns,
wherein Epi_C1 exhibited predominantG1phase occupancy, while Epi_C2
and Epi_C3 demonstrated enhanced proliferative activity with increased
proportions of cells in S and G2/M phases (Fig. 5C).

CytoTRACE analysis elucidated a clear differentiation hierarchy
among these tumor subpopulations, with Epi_C3 displaying the highest
differentiation potential (Fig. 5D). This hierarchical organization was fur-
ther substantiated by differential expression analysis of cluster-specific
marker genes, as visualized in the heatmap (Fig. 5E).

Gene Ontology analysis revealed distinct functional characteristics
associated with each tumor subpopulation (Fig. 5F). Specifically, Epi_C1
demonstrated enrichment in pathways related to keratinocyte differentia-
tion and cytokine signaling regulation. Epi_C2 exhibited significant
enrichment in processes governing granulocyte chemotaxis and migration,
while Epi_C3 showed distinctive enrichment in pathways responding to
mechanical stimuli and metal ion stress.

Comprehensive pathway activity analysis unveiled subtype-specific
signaling patterns (Fig. 5G). Notably, Epi_C1 exhibited elevated activity in
Androgen, Hypoxia, TNFα, JAK-STAT, and VEGF signaling pathways.
Epi_C2 showed high activation of Estrogen and WNT pathways, whereas
Epi_C3 demonstrated enhanced activation of MAPK, NFκB, and TGFβ
pathways. Additionally, transcription factor activity analysis revealed dif-
ferential regulatory networks governing these tumor subpopulations
(Fig. 5H). Specifically, Epi_C1 was characterized by high activity of MXD1,
ELK3, IRF7, SP1, and several other transcription factors including GRHL1,
TEAD1, and FOXO3. Epi_C2 showed distinct activation of ZNF415
STAT1, while Epi_C3 exhibited elevated activity of transcription factors
including EGR1, BCLAF1, and cell cycle regulators such as MYC and
ZNF580. These findings provide a detailed molecular characterization of
intratumoral heterogeneity in cervical cancer, offering potential therapeutic
targets for subtype-specific interventions.

Differences in intercellular communication across conditions
reveal the pivotal role of SPP1+macrophages in the TME
To investigate the differential cell–cell communication in the TME across
different stages of HPV infection, we employed CellChat analysis. The dot
plots generated revealed distinct patterns of incoming and outgoing inter-
action strengths amongvarious cell types indifferent stages ofHPV(Fig. 6A).
Notably, in theCA_HPV stage,myeloid cells exhibited significantly stronger
outgoing interaction strengths compared to other conditions. A comparative
analysis of differential interactions revealed significant changes in both the
number and strength of interactions among various cell types (Fig. 6B,
Supplementary Fig. 3A). Myeloid cells showed notable differences in their
interaction profiles, suggesting a shift in the cellular communication land-
scape as the disease progresses fromHSIL_HPV toCA_HPV.The heatmaps
illustrate the relative changes in interaction counts and strengths, with
myeloid cells displaying overall increased interactions with other cell types,
except for plasma cells, in the CA_HPV stage.

Given the importance of macrophages in the TME, we specifically
examined the interactions involving SPP1+ macrophages (SPP1_mac),
which has high abundance in CA_HPV. The dot plots highlight the
communication probabilities between SPP1_mac and various epithelial
cell types, both tumor and normal (Fig. 6C). In the CA_HPV stage,
SPP1_mac showed enhanced interactions with epithelial tumor cells via
several ligand-receptor pairs, especially FN1-SDC1 and FN1-SDC4,
indicating a potential role in promoting tumor progression. Further
analysis of SPP1_mac interactions with immune cells, such as CD8+
cytotoxic T lymphocytes (CTLs) and exhausted CD4+ T cells, revealed
significant communication via ligand-receptor pairs such as FN1-CD44
and SPP1-CD44, which manifest specific upregulated signaling in
CA_HPV (Fig. 6D, E). These interactions suggesting that SPP1_macmay
contribute to immune modulation and tumor immune evasion in TME.
Violin plots depicting the expression levels of key ligands (SPP1, FN1) and
receptors (SDC1, CD44) across different cell types and HPV stages pro-
vided further insights into the cellular sources and targets of these inter-
actions (Fig. 6F). SPP1 expression was predominantly observed in
myeloid cells, while FN1 was expressed across multiple cell types,
including fibroblasts and endothelial cells. Receptors SDC1 and CD44
were highly expressed in epithelial and myeloid cells, respectively,
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underscoring their involvement in cell-cell communication within the
TME.The enhanced interactions betweenSPP1_mac and epithelial tumor
cells, as well as immune cells, highlight the complex interplay within the
TME and suggest potential targets for therapeutic intervention.

Spatial analysis of tumor microenvironment in cervix cancer
Using the cell2location framework, we deconvoluted the spatial tran-
scriptomic data to infer the cell abundance of various cell types within the
CA_HPV TME (Fig. 7A, Supplementary Fig. 3B). MISTy analysis was
further employed to identify spatial niches and analyze cell-cell interactions
based on spatial distances. The spatial distribution maps showed the co-
localization in the juxta_2 view. Consistent with our cell communications
analysis by CellChat, which displayed the SPP1+ macrophages forming
spatial niches with CD4-exhausted T cells expressing CTLA4 and PDCD1,
and CD8+ cytotoxic T lymphocytes (CTLs) expressing GZMB and GZMK
in the TME (Fig. 7B, C, Supplementary Fig. 3C, D).

We furtherly focus on the key ligands and receptors expression. Spatial
distribution maps of SPP1, FN1, and CD44 expression levels further con-
firmed their prominent expression in the tumor communication hotspot
regions, correlating with the identified interaction networks (Fig. 7D, Sup-
plementary Fig. 3E).

Using Commot, we explored the signaling flow and abundance of
specific ligand-receptor interactions within the spatial transcriptomic data.
The network diagram highlighted the complex communication between
various cell types, with SPP1_mac emerging as a central player in the TME
(Fig. 7E–H, Supplementary Fig. 3E–I). Key interactions involving SPP1,
FN1, and CD44 were identified, indicating their roles in cell-cell commu-
nication. These findings underscore the importance of these molecules in
the spatial organization and communication within the TME.

Survival analysis indicated that high expression levels of SPP1 and FN1
were associated with poorer overall survival in patients with CA_HPV, as
shownby theKaplan-Meier plots (Fig. 7I, J). Additionally, box plots of SPP1
expression across different pathological T stages revealed a significant
increase in SPP1 expression with advancing tumor stages (Fig. 7K). These
results suggest that SPP1 and FN1 could serve as potential prognostic bio-
markers and therapeutic targets in CA_HPV.

Discussion
Our comprehensive analysis has provided profound insights into the cel-
lular andmolecular landscape of cervical cancer progression. By elucidating
the dynamic changes in cellular composition, functional states, and inter-
cellular communication networks, our findings have significant

Pathways activity in epithelial subtypes
0.54

0.02

−0.59

0.50

0.31

−0.06

−0.39

0.14

−0.18

0.59

0.26

0.49

−0.29

0.43

−0.49

0.02

0.69

−0.18

−0.39

−0.29

−0.19

0.10

−0.48

0.09

0.31

−0.35

0.66

0.41

−0.16

−0.04

0.07

−0.37

−0.01

0.28

0.54

−0.21

0.54

−0.66

−0.50

−0.23

−0.22

−0.75

Epi_
C1

Epi_
C2

Epi_
C3

Androgen
EGFR
Estrogen
Hypoxia
JAK−STAT
MAPK
NFkB
PI3K
TGFb
TNFa
Trail
VEGF
WNT
p53

−2

−1

0

1

2

−5

0

5

10

C
om

po
ne

nt
2Predicted

order

0.0 (More diff.)
0.2
0.4
0.6
0.8
1.0 (Less diff.)

CytoTRACE

−10 −5 0 5 10
Component1

0%

25%

50%

75%

100%

Epi_C1 Epi_C2 Epi_C3

C
el

lp
er

ce
nt

 ra
tio

Cell Type
G1
S
G2M

C
lu

st
er

 to
p

M
ar

ke
rg

en
es

MXD1(+)
ELK3(+)
IRF7(+)
SP1(+)

ELF3(+)
GRHL1(+)
TEAD1(+)
FOXO3(+)

KLF5(+)
ZBTB7A(+)

EHF(+)
PITX1(+)
MAFF(+)
MAFG(+)
STAT3(+)

ZNF415(+)
STAT1(+)
EGR1(+)

BCLAF1(+)
YY1(+)

NFE2L2(+)
SOX2(+)

JUN(+)
HLTF(+)

FOSB(+)
MYC(+)

ZNF580(+)

Epi_
C1

Epi_
C2

Epi_
C3

cluster

Z-score

-2
-1
0
1
2

C
lu

st
er

 to
p

M
ar

ke
rg

en
es

ERO1A
EPS8L1

MXD1
ECM1

PRSS22
LCN2

C15orf48
IL1RN

SPRR2A
CEACAM7

SPRR3
SPRR2D

APOBEC3A
SPRR1B
SPRR2E
CRABP2
CALML5

SERPINB4
SERPINB3

CASP14
CALML3
S100A8
S100A2

FABP5
LY6D

APOE
CLU

APOC1
CXCL10

LYZ
GOLIM4

BTG2
FOS

IGFBP2
ATP1B3

JUN
ALDH1A1

FOSB
EGR1

NTS
SOCS3
NCOA7

HES1
ATF3

LRMP

Epi_
C1

Epi_
C2

Epi_
C3

cluster

Z-score

-2
-1
0
1
2

Epi_C1

Epi_C2

Epi_C3

-5

0

5

10

-10 -5 0 5 10
UMAP_1

U
M

AP
_2 Epi_C1

Epi_C3
Epi_C2

cell_type

response to metal ion

response to calcium ion

response to mechanical stimulus

myeloid leukocyte migration

granulocyte migration

granulocyte chemotaxis

negative regulation of response to cytokine stimulus

negative regulation of cytokine-mediated signaling pathway

keratinocyte differentiation

0 1 2 3
-log10(p.adjust)

celltype Epi_C1 Epi_C2 Epi_C3

Epi_C1

Epi_C2

Epi_C3

ER
O

1A

EC
M

1

SP
R

R
2A

SP
R

R
2D

SP
R

R
2E

BT
G

2

FO
S

N
TS

H
ES

1

LR
M

P

C
R

AB
P2

C
AL

M
L5

C
AL

M
L3

S1
00

A8

C
XC

L1
0

Fraction of cells 
in group (%)

25 50 75

Mean expression
in group

-0.5 0.0 0.5 1.0

A B

C D E

F G H

Fig. 5 | Molecular subtypes and functional characteristics of cervical cancer
tumor cells. AUMAP visualization of tumor cell subclusters (Epi_C1, Epi_C2, and
Epi_C3). B Dot plot showing expression of signature genes across tumor cell sub-
clusters. C Bar chart showing the cell cycle phase distribution across tumor cell
subclusters. D CytoTRACE analysis of tumor cell subclusters. E Heatmap of

differentially expressed genes across tumor cell subclusters. F GO enrichment
analysis of signature genes for each tumor cell subcluster. G Heatmap showing
pathway activity scores across tumor cell subclusters. H Heatmap showing tran-
scription factor activity scores across tumor cell subclusters.

https://doi.org/10.1038/s41698-025-00948-z Article

npj Precision Oncology |           (2025) 9:158 8

www.nature.com/npjprecisiononcology


NK/T

neutrophil

epithelial fibroblast

myeloid

plasma cell

mast cell

endothelial

B cell

smooth muscle cells

1

2

3

4

5

6

0 5 10 15
Outgoing interaction strength

In
co

m
in

g
in

te
ra

ct
io

n
st

re
ng

th

Count
200
400

600

NO_HPV

NK/T

neutrophil
epithelial

fibroblast

myeloid

plasma cell

mast cell

endothelial

B cell
smooth muscle cells

2

4

6

0 5 10
Outgoing interaction strength

In
co

m
in

g
in

te
ra

ct
io

n
st

re
ng

th

Count
200
400

600

N_HPV

NK/T

neutrophil

epithelial

fibroblast

myeloid

plasma cell

mast cell

endothelial

B cell

smooth muscle cells

2.5

5.0

7.5

0 5 10 15
Outgoing interaction strength

In
co

m
in

g
in

te
ra

ct
io

n
st

re
ng

th

Count
200
400

600

HSIL_HPV

NK/T

neutrophil

epithelial

fibroblast

myeloid

plasma cell

mast cell

endothelial

B cell

smooth muscle cells

2

4

6

0 3 6 9 12
Outgoing interaction strength

In
co

m
in

g
in

te
ra

ct
io

n
st

re
ng

th

Count
200
400

600

CA_HPV

Differential number of interactions

S
ou

rc
es

(S
en

de
r)

NK/T

neutrophil

epithelial

fibroblast

myeloid

plasma cell

mast cell

endothelial

B cell

smooth muscle cells

N
K/

T

ne
ut

ro
ph

il

ep
ith

el
ia

l

fib
ro

bl
as

t

m
ye

lo
id

pl
as

m
a

ce
ll

m
as

t c
el

l

en
do

th
el

ia
l

B
ce

ll

sm
oo

th
m

us
cl

e
ce

lls

0
50

100

0 50 10
0

15
0

Differential interaction strength

N
K/

T

ne
ut

ro
ph

il

ep
ith

el
ia

l

fib
ro

bl
as

t

m
ye

lo
id

pl
as

m
a

ce
ll

m
as

t c
el

l

en
do

th
el

ia
l

B
ce

ll

sm
oo

th
m

us
cl

e
ce

lls

0
1
2
3

0 2 4 6

R
el

at
iv

e
va

lu
es

-40
-20
0
20
40

Differential interactions compared CA_HPV with HSIL HPVA B

C

D

E

SPP1

FN1

SDC1

CD44

NK/T

ne
utr

op
hil

ep
ith

eli
al

fib
rob

las
t

mye
loi

d

pla
sm

a ce
ll

mas
t c

ell

en
do

the
lia

l
B ce

ll

sm
oo

th
mus

cle
ce

lls

6

4

3

4Ex
pr

es
si

on
Le

ve
l

CA_HPV
HSIL_HPV
N_HPV
NO_HPV

F

SPP1_mac -> epithelial_normal

SPP1_mac -> epithelial_tumor

ADGRE5 - CD55

APP - CD74

CD46
- JA

G1

CD99
- CD99

DSC2 - DSG2

FN1 - (IT
GA3+

ITG
B1)

FN1 - (IT
GAV+ITG

B1)

FN1 - (IT
GAV+ITG

B6)

FN1 - (IT
GAV+ITG

B8)

FN1 - CD44

FN1 - SDC1

FN1 - SDC4

HBEGF - (E
GFR+ERBB2)

HBEGF - EGFR

IL1
B - (IL

1R
1+

IL1
RAP)

LG
ALS

9 - CD44

LG
ALS

9 - CD45

MIF
- (C

D74
+CD44

)

MIF
- (C

D74
+CXCR4)

SEMA4A
- PLX

NB2

SEMA4D
- PLX

NB2

SPP1 - (IT
GAV+ITG

B1)

SPP1 - (IT
GAV+ITG

B6)

SPP1 - CD44

TNFS
F12

- TNFRSF12
A

p-value

p < 0.01

Commun. Prob.

min

max

SPP1_mac -> CD8-CTL-GZMB (NO_HPV)

SPP1_mac -> CD8-CTL-GZMB (N_HPV)

SPP1_mac -> CD8-CTL-GZMB (HSIL_HPV)

SPP1_mac -> CD8-CTL-GZMB (CA_HPV)

SPP1_mac -> CD8-CTL-GZMK (NO_HPV)

SPP1_mac -> CD8-CTL-GZMK (N_HPV)

SPP1_mac -> CD8-CTL-GZMK (HSIL_HPV)

SPP1_mac -> CD8-CTL-GZMK (CA_HPV)

ADGRE5 - CD55

ALC
AM

- CD6

APP - CD74

BAG6 - NCR3-P
S

C3 - (IT
GAM+ITG

B2)

CD48
- CD24

4A

CD99
- CD99

CLE
C2B

- KLR
B1

CLE
C2C

- KLR
B1

CLE
C2D

- KLR
B1

CXCL1
0 - CXCR3

CXCL1
6 - CXCR6

CXCL9
- CXCR3

FN1 - (IT
GA4+

ITG
B1)

FN1 - (IT
GA4+

ITG
B7)

FN1 - CD44

HLA
-A

- CD8A

HLA
-A

- CD8B

HLA
-B

- CD8A

HLA
-B

- CD8B

HLA
-C

- CD8A

HLA
-C

- CD8B

HLA
-E

- CD8A

HLA
-E

- CD8B

HLA
-E

- CD94
:N

KG2C

HLA
-E

- KLR
C2

HLA
-F

- CD8A

HLA
-F

- CD8B

IC
AM1 - (IT

GAL+
ITG

B2)

IC
AM1 - (IT

GAM+ITG
B2)

IC
AM1 - ITG

AL

IC
AM1 - SPN

ITG
B2 - CD22

6

ITG
B2 - IC

AM2

LG
ALS

9 - CD44

LG
ALS

9 - CD45

MIF
- (C

D74
+CD44

)

MIF
- (C

D74
+CXCR4)

NECTIN
2 - CD22

6

NECTIN
2 - TIG

IT

RETN
- CAP1

SIG
LE

C1 - SPN

SPP1 - (IT
GA4+

ITG
B1)

SPP1 - CD44

TG
FB1 - (TG

FBR1+
TG

FBR2)

TNF - TNFRSF1B

p-value

0.01 < p < 0.05

p < 0.01

Commun. Prob.

min

max

SPP1_mac -> CD4-Exhausted-CTLA4 (NO_HPV)

SPP1_mac -> CD4-Exhausted-CTLA4 (N_HPV)

SPP1_mac -> CD4-Exhausted-CTLA4 (HSIL_HPV)

SPP1_mac -> CD4-Exhausted-CTLA4 (CA_HPV)

SPP1_mac -> CD4-Exhausted-PDCD1 (NO_HPV)

SPP1_mac -> CD4-Exhausted-PDCD1 (N_HPV)

SPP1_mac -> CD4-Exhausted-PDCD1 (HSIL_HPV)

SPP1_mac -> CD4-Exhausted-PDCD1 (CA_HPV)

ALC
AM

- CD6

APP - CD74

CCL2
0 - CCR6

CCL5
- CCR4

CD86
- CD28

CD86
- CTLA

4

CD99
- CD99

CLE
C2B

- KLR
B1

CLE
C2C

- KLR
B1

CLE
C2D

- KLR
B1

CXCL1
0 - CXCR3

CXCL1
6 - CXCR6

CXCL9
- CXCR3

FN1 - (IT
GA4+

ITG
B1)

FN1 - CD44

HLA
-D

MA - CD4

HLA
-D

MB - CD4

HLA
-D

OA - CD4

HLA
-D

PA1 - CD4

HLA
-D

PB1 - CD4

HLA
-D

QA1 - CD4

HLA
-D

QA2 - CD4

HLA
-D

QB1 - CD4

HLA
-D

RA - CD4

HLA
-D

RB1 - CD4

HLA
-D

RB5 - CD4

IC
AM1 - (IT

GAL+
ITG

B2)

IC
AM1 - ITG

AL

IC
AM1 - SPN

IL1
6 - CD4

ITG
B2 - CD22

6

LG
ALS

9 - CD44

LG
ALS

9 - CD45

MIF
- (C

D74
+CD44

)

MIF
- (C

D74
+CXCR4)

NECTIN
2 - CD22

6

NECTIN
2 - TIG

IT

RETN
- CAP1

SELP
LG

- SELL

SIG
LE

C1 - SPN

SPP1 - (IT
GA4+

ITG
B1)

SPP1 - CD44

TNF - TNFRSF1B

p-value

0.01 < p < 0.05

p < 0.01

Commun. Prob.

min

max

Fig. 6 | Cell–cell communication analysis reveals critical intercellular interac-
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implications for understanding the pathogenesis of cervical cancer and
developing targeted therapeutic strategies.

Cervical cancer is characterized as an immune-infiltrated but immu-
nosuppressive cancer type, primarily due to the modulation of the TME by
HPV20. HPV infection plays a crucial role in immune evasion strategies
employed by cervical cancer cells. These include downregulation of major

histocompatibility complex (MHC) genes, inhibition of the cGAS pathway,
and recruitment of immunosuppressive cells to the TME20. Our data indi-
cate thatHPV-positive cervical cancer samples exhibitedhigherproportions
of myeloid cells, including SPP1+ macrophages, compared to HPV-
negative samples, suggesting that HPV infectionmay drive the recruitment
and polarization of these immunosuppressive myeloid cells.

Fig. 7 | Spatial transcriptomic analysis of the
cervical cancer tumor microenvironment.
A Spatial distribution map showing cell type
abundance in cervical cancer tissue sections
using the cell2location framework. B, C Spatial
niches and cell-cell interactions identified by
MISTy analysis, showing SPP1+ macrophages
forming spatial niches with CD4-exhausted
T cells and CD8+ cytotoxic T lymphocytes.
D Spatial expression maps of SPP1, FN1, and
CD44 in cervical cancer tissue sections.
E–H Signaling flow and abundance of specific
ligand-receptor interactions explored using
Commot. I, J Kaplan-Meier survival curve for
cervical cancer patients based on SPP1 and FN1
expression levels. K Box plot showing SPP1
expression across different pathological T stages
of cervical cancer.
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SPP1 (secreted phosphoprotein 1, also known as osteopontin) is a
secreted non-collagenous glycoprotein highly expressed in tumor and
stromal cells, with elevated levels in serum, plasma, and tumor tissues
associated with poor prognosis in multiple cancer types21. Our analysis
revealed that SPP1 was overexpressed in cervical cancer, consistent with
previous findings showing SPP1 overexpression in numerous cancers,
validating our findings of SPP1’s prognostic value22.

Macrophages in the TME can exhibit a spectrum of functional states,
traditionally categorized asM1 (pro-inflammatory and anti-tumor) andM2
(anti-inflammatory and pro-tumor) phenotypes23. However, recent single-
cell studies have revealed that this dichotomy is oversimplified, and mac-
rophage populations are much more complex24. Recent research has
revealed that the CXCL9:SPP1 (CS) macrophage polarization paradigm
significantly outperforms the conventional M1/M2 classification in prog-
nostic assessment of head and neck squamous cell carcinoma (HNSCC)25.
Emerging scRNA-seq data reveal that SPP1+ macrophages dominate the
immunosuppressive TME across various malignancies, including Hepato-
cellular carcinoma (HCC), glioblastoma (GBM), and colorectal cancer12,13,26.
In the context of cervical cancer, we observed an activation of ERK1/ERK2
pathway in SPP1+ macrophages, which been implicated in several
immunosuppressive processes, including the regulation of cytokine pro-
duction, cell survival, and cellular metabolism27. Our data indicate that
SPP1+ macrophages leverage this pathway to exhibit a unique transcrip-
tional signature characterized by upregulated APOE (involved in lipid
metabolism) andGPNMB (linked to lysosomal dysfunction), which related
to synergistically impair antigen presentation by dendritic cells (DCs) and
cytokine secretion to enhance tumor cell survival28–31. The increased
abundance of SPP1+ macrophages in cervical cancer compared to pre-
cancerous and normal tissues further supports their role in cervix cancer
progression. This novel finding not only advances our understanding of
macrophage heterogeneity in tumor biology but also unveils promising
therapeutic opportunities by targeting this specific cellular subset.

The interaction between SPP1 and CD44 significantly also impairs
anti-tumor immunity in cervical cancer. The interactions via SPP1-CD44
between SPP1+ macrophages and CTLs/exhausted CD4+ T cells may
contribute to the immunosuppressive environment by inhibiting CTL
function and promoting T cell exhaustion32. Analysis of intratumoral
T cells has revealed that SPP1-CD44 signaling hinders sustained T cell
proliferation, with a negative correlation observed between SPP1
expression in malignant cells and CD44 expression in T cells with T cell
proliferation scores16. This ligand-receptor interaction also contributes to
the formation of an immunosuppressive microenvironment that facilitates
tumor evasion from immune surveillance. Beyond its effects on tumor and
immune cells in our study, the SPP1-CD44axis influences the broaderTME
by modulating stromal components. SPP1 interacts with various compo-
nents of the extracellular matrix and contributes to the formation of a pro-
tumorigenic stroma that supports cancer progression33,34. The downstream
signaling events induce cytoskeletal reorganization and upregulation of
matrix metalloproteinases, facilitating tumor cell invasion through the
extracellular matrix33. Additionally, SPP1-CD44 signaling promotes
epithelial-mesenchymal transition through activation of the JAK2/STAT3
pathway, further enhancing metastatic potential35. In cervical cancer, this
may results in increased tumor fibrosis and altered matrix stiffness, which
further promotes tumor cell invasion and restricts immune cell infiltration.

Therefore, the SPP1-CD44 axis emerged as a critical pathway in
tumor-promoting cellular interactions, representing a promising target for
therapeutic intervention18.Multiple approaches could be employed to target
this axis, including anti-SPP1 RNA aptamers like OPN-R336, or CD44-
targeting agents such asRG735637,38. Similarly, for theFN1-CD44axiswhich
also observed in our study, targeting FN1 has shown promise in disrupting
the tumor-supportive extracellular matrix39,40. Although there are fewer
reports, based on our results, we speculate that the small molecule inhibitor
RGDS peptide (Fibronectin inhibitor) for FN1 may have potential efficacy
in inhibiting FN1-mediated signaling pathways and reducing tumor growth
and metastasis. Therefore, the SPP1-CD44 axis represents a critical

communicationpathway in the cervical cancerTME, orchestrating complex
interactions between tumor cells, macrophages, and other immune com-
ponents that collectively promote tumor progression and immune evasion.
Therapeutic targeting of this axis, through direct inhibition of ligand-
receptor interactions or modulation of downstream signaling pathways,
holds considerable promise for improving treatment outcomes in cervical
cancer patients. As our understanding of the SPP1-CD44 axis continues to
evolve, further refinement of targeting strategies may lead to more effective
and personalized therapeutic approaches for cervical cancer.

Although our study provides valuable insights into the SPP1-CD44
signaling axis in cervical cancer progression, we acknowledge several
important limitations, primarily concerning our sample size. The current
analysis was performed using a limited cohort of samples, with only 9 spe-
cimens across different cervical pathology states. The SPP1-CD44 signaling
patterns we observed may represent only a subset of potential interaction
networks present across a broader patient population. Previous research has
demonstrated considerable variability in immune cell infiltration and
molecular profiles among cervical cancer patients, suggesting our findings
may not comprehensively represent this heterogeneity. The limited sample
diversity affects our capacity to draw conclusions about the relationship
between SPP1-CD44 signaling and response to different therapeutic mod-
alities. The involvement of this axis in immune checkpoint inhibitor resis-
tance and chemotherapy response, as suggested by our data and other
studies15,41, necessitates investigation in larger patient populations with
diverse treatment histories. To address these limitations, future studies
should incorporate larger,more diverse patient cohortswith comprehensive
clinical annotation. Multi-center collaborative efforts would enable the
collection of sufficient samples across all disease stages and treatment
responses.

Our integrative analysis of scRNA-seq and stRNA-seq data provides a
comprehensive understanding of the cellular and molecular landscape of
cervical cancer, highlight the critical role of SPP1+ macrophages and the
ERK1/ERK2 cascade in shaping the immune landscape of cervical cancer.
By elucidating the dynamic changes in cellular composition, functional
states, and intercellular communication networks, our study offers valuable
insights into the mechanisms driving cervical cancer progression and
identifies potential targets for therapeutic intervention. Future studies
should focus on developing specific inhibitors of this pathway and evalu-
ating their efficacy in preclinicalmodels of cervical cancer, with the ultimate
goal of translating these findings into novel therapeutic approaches for
patients.

Methods
Data collection
The scRNA-seq (single-cell RNA sequencing) dataset retrieved from
GSE20865342 comprises two uninfected normal samples (GSM6360680,
GSM6360681), two normal samples with HPV infection (GSM6360682,
GSM6360683), two HSIL samples with HPV infection (GSM6360684,
GSM6360685), and three cervical cancer samples with HPV infection
(GSM6360686, GSM6360687, GSM6360688).

The stRNA-seq (spatial transcriptome RNA sequencing) data of the
two cervical cancer samples from GSE20865442 (GSM6360691,
GSM6360692) were analyzed using the 10x Space Ranger platform.

The bulk RNA-seq information sourced from TCGA-CESC under-
went a transformation process where raw gene expression counts were
converted to Transcripts Per Million (TPM) values and subsequently nor-
malized through log2(TPM+ 1) conversion.

Standardized analysis of scRNA-seq and stRNA-seq data
Prior to integration, quality control was conducted on the scRNA-seq data.
Cells with lowUMI counts ( <200), gene expression outside the range of 200
to 5000, and high levels ofmitochondrial-derivedUMI counts ( >15%)were
removed to eliminate potential noise and artifacts. The scRNA-seq data was
then integrated using Harmony43(v1.2.1). The stRNA-seq data was pre-
processed using the sctransform method, which normalizes the data,
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removes technical variation, and identifies highly variable geneswithin each
cell. All standardized analyses were performed according to the official
guidelines of Seurat44 (v4.4.0), except where otherwise specified.

Pseudotime trajectory and cell stemness analysis
The trajectory analysis was performed usingMonocle 245 (v2.16.0) package
to reveal cell-state transitions. Additionally, the CytoTRACE46 (v0.3.3)
package was used to infer cell stemness and differentiation potential.

Enrichment analysis and gene set scoring
The functional enrichment analysis and the gene set enrichment analysis47

(GSEA) were performed using the clusterProfiler48 package (v4.6.2). Gene
set scoring was conducted using the “AddModuleScore” function in Seurat.
The background gene set for GO (Gene Ontology, GO) (c5.go.bp.v7.4.-
symbols) was downloaded from the Molecular Signatures Database
(MSigDB) (Supplementary Data 1). Additionally, the HALLMARK_IN-
FLAMMATORY_RESPONSE and HALLMARK_GLYCOLYSIS gene sets
from MSigDB were used (Supplementary Table 2, 3).

Copy number alteration analysis
The infercnv49 (v0.1.6.0) R package was used to infer the copy number
alterations of epithelial cells in tumor samples. By leveraging gene expression
data, inferCNV can estimate the underlying genomic alterations that lead to
the observed expression profiles in epithelial cells of tumor samples. Sub-
sequently, K-means clustering was performed for tumor cell identification.

Transcription factors analysis by pySCENIC
The regulation of gene expression is a fundamental process that dictates
cellular identity, function, and response to environmental cues. Transcrip-
tion factors (TFs) are key players in this regulatory landscape, orchestrating
the precise expression of target genes in a context-dependent manner. The
pySCENIC50,51 (v0.12.1) software was used to infer the TF regulatory net-
work from scRNA-seq data.

Cells metabolism inference of scRNA-seq data
To evaluate the cells’metabolic features from scRNA-seq data, we used the
scMetabolism52 (v0.2.1) R package to assess overall metabolic activity based
on KEGG metabolic pathways. Additionally, we employed the scFEA53

(v1.1.2) algorithm to infer the direction of metabolic signaling flux.

Cells communication analysis of scRNA-seq data
The advent of scRNA-seq has revolutionized our understanding of cellular
heterogeneity and the intricate communication networks among cells. To
analyze cell-to-cell interactions,we used theCellChat54 (v1.6.1) Rpackage to
infer and visualize cell communication networks from scRNA-seq data.

Cell type deconvolution of stRNA-seq data by cell2location
The cell2location is an innovative computational framework designed to
leverage spatial transcriptomic data alongside scRNA-seq datasets.We used
cell2location55 (v0.1.3) with cervix cancer scRNA-seq data as a reference to
infer the cell abundance of each spot in the stRNA-seq data. Themodel was
trained for 30,000 epochs, with the parameters set to “N_cells_per_loca-
tion=20” and “detection_alpha=20”.

Spatial niche and cells distance analysis
MISTy (Multi-view Interpretable Spatio-Temporal) is amodeling approach
that analyzes cell-cell interactions through different spatial contexts (views),
enabling a comprehensive understanding of the spatial niche and cellular
interactions within a sample. We used the MISTyR56 (v1.6.1) package to
identify spatial niches in stRNA-seq data based on the spatial distance
between cells.

Spatial cells interactions and signaling flow
Deciphering cell-to-cell communication signal flow is important for
investigating the tumor microenvironment (TME). Using Commot57

(v0.0.3), we explored the abundance of specific ligand and receptor inter-
actions in stRNA-seq data and inferred the signaling direction.

Statistical Analysis
The statistical framework for this studywas implemented using Python and
R (v4.2.2) programming environments. Hypothesis testing was performed
with method-specific approaches: categorical variable comparisons utilized
Fisher’s exact test,multi-group contrasts employed one-wayANOVA, non-
parametric evaluations leveraged the Wilcoxon rank-sum procedure, and
survival outcomeswere analyzed via log-rank testing. Statistical significance
thresholds were established at P < 0.05.

Data availability
The datasets utilized for the bioinformatics analysis in our study are avail-
able from the TCGA database (https://www.cancer.gov/ccg/research/
genome-sequencing/tcga) and GEO (https://www.ncbi.nlm.nih.gov/geo/).

Code availability
All code generated for analysis is available from the github repository:
https://github.com/BioinfoXP/spp1_cc_code/tree/master.
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