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Background: Serine/arginine-rich splicing factor 1 (SRSF1I) is a critical RNA splicing regulator implicated in various cancer
types. However, its cell-type-specific expression patterns and functions within the tumor microenvironment remain poorly un-
derstood, particularly its interaction with immune cell populations. This study aimed to investigate SRSF1 expression patterns
across different cell types in the endometrial carcinoma microenvironment using single-cell RNA sequencing and explore its
potential association with macrophage efferocytosis.

Methods: We analyzed single-cell RNA sequencing data from five endometrial carcinoma samples (GSE173682, n = 33,178 cells)
to characterize SRSF1 expression patterns. Efferocytosis activity was assessed using gene signature scoring with the AUCell
algorithm. Cell-cell communication networks were analyzed using CellChat to identify interaction patterns. SRSFI expression
was validated in bulk tissue datasets from The Cancer Genome Atlas (TCGA) and Clinical Proteomic Tumor Analysis Consortium
(CPTAC). Functional validation studies were performed in the Ishikawa endometrial cancer cell line using lentiviral-mediated
SRSF1 knockdown.

Results: Single-cell analysis revealed significantly elevated SRSF1 expression in tumor-associated macrophages compared to
other cell types (p < 0.05), with moderate expression also detected in tumor epithelial cells. Spatial analysis demonstrated a
strong overlap between regions of high SRSF1 expression and areas exhibiting elevated efferocytosis activity. Functional en-
richment analysis showed that efferocytosis-related genes participate in immune responses, extracellular activities, and antigen
processing pathways. Pseudotime trajectory analysis identified seven functionally distinct macrophage subpopulations, including
pro-inflammatory (M1-like) and immunosuppressive (M2-like) phenotypes, with varying SRSF1 expression levels. Cell-cell com-
munication analysis revealed extensive interactions between macrophages and other cell types through specific ligand-receptor
pairs, including SPPI-CD44. Bulk tissue analysis confirmed SRSFI upregulation in endometrial carcinoma at both mRNA
(TCGA, p < 0.05) and protein (CPTAC, p < 0.05) levels. In vitro functional validation in the Ishikawa cell line demonstrated that
SRSF1 knockdown significantly inhibited cell proliferation (30-40% reduction at 96 hours), migration, invasion, and modulated
epithelial-mesenchymal transition markers.

Conclusion: This study reveals cell-type-specific SRSF1 expression patterns in the endometrial carcinoma microenvironment and
demonstrates strong associations between SRSF1 and macrophage efferocytosis activity. Correlation analysis showed significant
associations between SRSF1 and key efferocytosis receptors (Mer tyrosine kinase (MERTK)), growth arrest-specific protein 6
(GAS6), providing molecular evidence for SRSF1’s involvement in macrophage function.

Keywords: SRSF'I; endometrial carcinoma; tumor microenvironment; single-cell RNA sequencing; macrophage efferocytosis; tumor-
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Introduction

Endometrial carcinoma (EC) remains one of the most
common gynecological malignancies worldwide. Accord-
ing to the latest GLOBOCAN 2020 estimates, approxi-
mately 417,367 new cases were diagnosed globally, with
97,370 disease-related deaths [1]. The incidence continues
to rise, particularly in developed countries, driven by aging

populations and increasing rates of obesity and metabolic
syndrome [2]. While early-stage endometrial carcinoma
has a favorable prognosis, with 5-year survival rates ex-
ceeding 95%, patients with advanced or recurrent disease
have limited treatment options and poor outcomes [3,4],
with 5-year survival rates of only 20-26% for stage I'V dis-
ease [3]. Therefore, elucidating the molecular mechanisms
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underlying endometrial carcinoma pathogenesis and pro-
gression is crucial for developing more effective diagnos-
tic and therapeutic strategies. Serine/arginine-rich splicing
factor 1 (SRSF1, also known as ASF/SF2) is a core mem-
ber of the SR protein family that plays essential roles in
constitutive and alternative splicing, as well as in mRNA
export, stability, and translation [5]. SRSF'/ functions as
a sequence-specific splicing regulator that binds to exonic
splicing enhancers and promotes exon inclusion [6]. Re-
cent studies have identified SRSFI as a proto-oncogene,
with aberrant expression documented across various can-
cer types, including breast, lung, colon, and liver cancers
[7-9]. Elevated SRSF'I expression has been shown to pro-
mote tumor cell proliferation, inhibit apoptosis, and en-
hance invasion and metastasis through regulating cancer-
relevant alternative splicing events [10,11].  Addition-
ally, SRSF'1 has been implicated in the regulation of mi-
croRNA biogenesis, expanding its potential roles in gene
expression control [12]. However, the specific expression
patterns and functional roles of SRSF/ within the com-
plex tumor microenvironment, particularly its relationship
with immune cell functions, remain largely unexplored.
The tumor microenvironment (TME) represents a com-
plex ecosystem comprising diverse cell types, including
malignant cells, immune cells, stromal cells, and vascu-
lar endothelial cells, which collectively influence tumor
behavior [13]. Among immune cell populations, tumor-
associated macrophages (TAMs) are typically the most
abundant and play multifaceted, context-dependent roles in
tumor initiation, progression, angiogenesis, and response to
therapy [14,15]. Recent evidence suggests that targeting
splicing factors, including SRSFI, can modulate immune
cell function and enhance cancer immunotherapy efficacy
[16]. Macrophages perform the specialized function of
efferocytosis—the recognition and clearance of apoptotic
cells—which is essential for maintaining tissue homeostasis
and resolving inflammation [17]. Notably, efferocytosis by
tumor-associated macrophages is often dysregulated within
the tumor microenvironment, with significant implications
for tumor progression [18]. Efferocytosis is a tightly regu-
lated process that, under physiological conditions, prevents
inflammation by efficiently clearing dying cells before they
undergo secondary necrosis [19]. However, within the tu-
mor immune microenvironment, efferocytosis plays para-
doxical roles: while efficient clearance of apoptotic tu-
mor cells might reduce pro-inflammatory signals, it can
simultaneously induce immunosuppressive phenotypes in
macrophages, potentially facilitating tumor immune eva-
sion and progression [20,21]. Despite growing interest in
this area, the molecular mechanisms governing efferocyto-
sis in the tumor microenvironment and its relationship with
splicing regulation remain poorly defined. The advent of
single-cell RNA sequencing (scRNA-seq) technology has
revolutionized our ability to dissect tumor microenviron-
ment complexity at unprecedented resolution [22]. By pro-

filing transcriptomes at the single-cell level, researchers can
identify cell-type-specific gene expression signatures, dis-
cover rare cell populations, and map intricate cell-cell in-
teraction networks [23]. Recent scRNA-seq studies have
revealed that SRSF] governs cell-type-specific alternative
splicing programs essential for tissue homeostasis and cel-
lular differentiation [24]. However, comprehensive single-
cell analysis of SRSFI expression patterns in endometrial
carcinoma and its potential involvement in immune cell
functions has not been reported. In this study, we leveraged
single-cell RNA sequencing data to systematically investi-
gate SRSF'I expression patterns across different cell types in
the endometrial carcinoma microenvironment and explore
its potential association with macrophage efferocytosis. We
discovered that SRSF'I is preferentially expressed in tumor-
associated macrophages and strongly correlates with effe-
rocytosis activity. Furthermore, through pseudotime trajec-
tory analysis, cell-cell communication network mapping,
and functional validation experiments in the Ishikawa en-
dometrial cancer cell line, we provide evidence that SRSF'/
may participate in regulating macrophage functional states
while also directly affecting tumor cell behavior. These
findings offer novel insights into the multifaceted roles of
SRSFI in the tumor immune microenvironment and suggest
its potential as both a biomarker and a therapeutic target in
endometrial carcinoma.

Materials and Methods

Bulk Tissue Database Analysis

SRSF'1 expression data from bulk tumor tissues were
obtained from The Cancer Genome Atlas (TCGA) database
[25] and The Clinical Proteomic Tumor Analysis Consor-
tium (CPTAC) database [26]. For pan-cancer analysis, dif-
ferential expression analysis was performed comparing tu-
mor tissues to normal tissues across 33 cancer types using
the TCGA dataset. For endometrial carcinoma (UCEC),
we analyzed CPTAC proteomic data to assess protein-level
expression and TCGA dataset to evaluate mRNA expres-
sion in unpaired samples, with additional validation per-
formed using matched-paired samples. Differential expres-
sion was assessed using Wilcoxon rank-sum tests for un-
paired samples and Wilcoxon signed-rank tests for paired
samples. The diagnostic potential of SRSF'/ was evaluated
using receiver operating characteristic (ROC) curve analy-
sis, with the area under the curve (AUC) calculated using
the pROC package (CRAN, https://cran.r-project.org) in R
[27]. For pan-cancer differential expression analysis across
33 cancer types, Wilcoxon rank-sum tests were indepen-
dently performed comparing tumor tissues with normal tis-
sues for each cancer type. p-values were adjusted for mul-
tiple comparisons using the Benjamini-Hochberg method,
with adjusted p < 0.05 considered statistically significant.
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Data Acquisition and Processing

This study analyzed the GSE173682 dataset from the
Gene Expression Omnibus (GEO) database, originally gen-
erated by Regner et al. [28], which contains single-cell
RNA sequencing data from five endometrial adenocarci-
noma samples. The dataset comprised 35,868 cells, of
which 33,178 passed quality control filtering and were re-
tained for subsequent analysis. The distribution of cells
across the five tumor samples was as follows: tumorl (5218
cells), tumor2 (7128 cells), tumor3 (5323 cells), tumor4
(7747 cells), and tumor5 (7762 cells).

Quality Control and Data Normalization

We implemented stringent quality-control parameters
for cell filtering based on standard scRNA-seq practices:
number of detected genes per cell (50 < nFeature RNA
< 7500), total RNA counts per cell (100 < nCount RNA
< 50,000), and percentage of mitochondrial gene expres-
sion (<20%). Quality-control analysis revealed a negative
correlation between total RNA counts and mitochondrial
gene percentage (r = —0.17) and a strong positive correla-
tion between RNA counts and number of detected genes (r=
0.9), indicating high-quality data. Data normalization was
performed using the SCTransform method from the Seu-
ratR package (version 4.3.0) [29] (Satija Lab, New York
Genome Center, New York, NY, USA). SCTransform was
chosen over traditional log-normalization methods for sev-
eral reasons. First, it effectively models the relationship
between mean expression and variance using regularized
negative binomial regression, thereby removing technical
variation while preserving biological heterogeneity. Sec-
ond, unlike standard log-normalization, which applies the
same transformation to all genes, SCTransform accounts
for gene-specific technical effects, making it particularly
suitable for datasets with heterogeneous cell types such as
the tumor microenvironment. Third, it obviates the need
for separate scaling and variable gene selection steps by
outputting Pearson residuals that are directly comparable
across genes. This approach has been shown to improve
downstream analyses, particularly for datasets with high
technical noise or batch effects [29]. In our analysis, SC-
Transform improved cell type separation and cluster reso-
lution in UMAP visualization compared to traditional log-
normalization. Highly variable genes (HVGs) were identi-
fied using the FindVariableFeatures function in Seurat with
the “vst” (variance stabilizing transformation) method. The
top 2000 most variable genes were selected based on stan-
dardized variance for subsequent analyses, including prin-
cipal component analysis and clustering. For dimension-
ality reduction and visualization, we employed principal
component analysis (PCA) using the top 2000 HVGs, fol-
lowed by Uniform Manifold Approximation and Projec-
tion (UMAP) with default parameters (n_neighbors = 30,
min_dist = 0.3, metric = “cosine”). For dimensionality
reduction and visualization, principal component analysis
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(PCA) followed by Uniform Manifold Approximation and
Projection (UMAP) was employed with default parameters.

Cell Clustering and Type Annotation

Cell clustering was performed using the FindClusters
function in Seurat with a resolution parameter of 1.0, re-
sulting in the identification of 26 distinct clusters (cluster
0 through cluster 25). Cell type annotation was achieved
through a combination of manual curation based on canon-
ical marker gene expression and comparison with estab-
lished cell type signatures.

The following marker genes were used for cell type
identification:

o Tumor epithelial cells: EPCAM, KRTS, KRTIS,
KRTI19, MUCI

* Vascular endothelial cells: PECAM1 (CD31), VWF,
CDHS5, CLDNS

* Lymphatic endothelial cells: PROXI, LYVEI, PDPN
(Podoplanin)

* T cells: CD3D, CD3E, CD4, CD8A, CDS8B

* Macrophages: CD68, CDI163, CDI4, FCGR3A4
(CD16), CSFIR

* Fibroblasts: COL1A1, COL1A2, DCN, LUM, FAP

* Mesenchymal stem cells: CD44, THYI (CD90),
ENG (CD105), NT5E (CD73)

* Smooth muscle cells: ACTA2, MYHII, TAGLN,
CNNI

* Mast cells: TPSABI, CPA3, KIT (CD117), HPGDS

Cell type assignments were validated by examining
multiple markers per cell type and comparing expression
patterns with published endometrial tissue single-cell at-
lases [30,31].

SRSFI Expression Analysis

SRSF1 expression patterns were visualized using dot
plots and UMAP projections generated with Seurat func-
tions. Correlation analyses were performed using two
methods depending on data type: Pearson correlation co-
efficients were used for bulk tissue mRNA expression
data from TCGA-UCEC to assess correlations between
SRSFI and efferocytosis-related genes Mer tyrosine kinase
(MERTK), AXL receptor tyrosine kinase (4XL), tyrosine-
protein kinase receptor 7YRO3 (TYRO3), and growth arrest-
specific protein 6 (GAS6). Spearman correlation was used
for single-cell RNA sequencing data to account for non-
normal distributions and potential outliers inherent to sparse
single-cell datasets. Statistical comparisons of SRSFI ex-
pression levels between different cell types were performed
using the Kruskal-Wallis test followed by Dunn’s post-hoc
test with Bonferroni correction for multiple comparisons.
A p-value threshold of 0.05 was considered statistically
significant. Visualization of gene expression patterns was
performed using multiple complementary approaches: dot
plots generated with DotPlot function showing both the
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percentage of expressing cells (dot size) and average ex-
pression levels (color intensity), violin plots using VInPlot
function displaying the distribution of expression values
across cell types, and feature plots using FeaturePlot func-
tion overlaying expression values on UMAP coordinates
to show spatial patterns. Heatmaps were generated using
either Seurat’s DoHeatmap function for integrated Seurat
objects or the ComplexHeatmap package (version 2.12.0,
Bioconductor, https://bioconductor.org) for customized vi-
sualizations. All figures were created using Seurat’s built-
in functions (version 4.3.0) or ggplot2 (version 3.4.0,Tidy-
verse, https://ggplot2.tidyverse.org) in R.

Efferocytosis Scoring and Functional Enrichment
Analysis

We constructed an efferocytosis gene signature based
on genes involved in apoptotic cell recognition, engulfment,
and processing, compiled from published literature [19—
21]. The gene list included receptors (e.g., MERTK, AXL,
TYRO3, CD36, SCARF), bridging molecules (e.g., GAS6,
PROS1, MFG-E8/MFGES, C1Q), and downstream signal-
ing components.

Efferocytosis activity scoring for all cells was per-
formed using the AUCell package (version 1.18.0) (Bio-
conductor, https://bioconductor.org) [32], which calculates
the Area Under the Curve (AUC) for gene set enrichment.
The threshold of AUC > 0.073 for defining high effero-
cytosis activity was determined by examining the distri-
bution of efferocytosis scores across all cells and identi-
fying a biologically meaningful cutoff that separated cells
with substantial efferocytosis-related transcriptional activ-
ity from those with minimal activity. Cells exceeding this
threshold were designated as having high efferocytosis ac-
tivity, consistent with established definitions of efferocy-
tosis as a critical process in apoptotic cell clearance and
immune regulation [19,20]. This threshold was chosen to
capture approximately 78% of cells (25,841 out of 33,178)
showing elevated efferocytosis gene expression signatures.
To identify overlapping genes between cell type markers
and the efferocytosis gene signature, Venn diagram anal-
ysis was performed. Cell type marker genes were iden-
tified using the FindAllMarkers function in Seurat with
the following parameters: minimum percentage of cells
expressing the gene (min.pct = 0.25), minimum log fold-
change threshold (logfc.threshold = 0.25), and Wilcoxon
rank-sum test for differential expression. The intersec-
tion of marker genes and efferocytosis-related genes was
calculated and visualized using the VennDiagram pack-
age (version 1.7.3, CRAN, https://cran.r-project.org) in R.
Gene Ontology (GO) enrichment analysis (Biological Pro-
cess, Cellular Component, and Molecular Function) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) path-
way analysis were conducted on efferocytosis-related genes
using the clusterProfiler package (version 4.4.0, Biocon-
ductor, https://bioconductor.org) [33]. Significantly en-

riched terms were identified using adjusted p-value < 0.05
(Benjamini-Hochberg correction).

Macrophage Subpopulation Analysis

To investigate macrophage polarization states, M1 and
M2 signature scores for all macrophage cells were calcu-
lated. M1 markers included /LB, TNF, CXCL9, CXCL10,
IL6, NOS2, CD86, while M2 markers included CD163,
MRC1 (CD206), ARGI, IL10, TGFBI, CCL18, CD209.
Module scores were calculated using the AddModuleScore
function in Seurat.

Pseudotime Trajectory Analysis

Pseudotime trajectory analysis was performed using
the Monocle 2 R package (version 2.24.0, Bioconductor,
https://bioconductor.org) [34,35] to explore macrophage
differentiation trajectories. Macrophage cells were ex-
tracted from the full dataset, and dimensionality re-
duction was performed using the DDRTree (Discrimi-
native Dimensionality Reduction via Learning a Tree)
method. Cell ordering along pseudotime was determined
using the orderCells function, with the root state defined
based on the expression of early macrophage markers.
Gene expression dynamics along the pseudotime trajectory
were visualized using the plot genes in pseudotime and
plot genes branched heatmap functions.

Cell-Cell Communication Analysis

Cell-cell communication networks were analyzed us-
ing the CellChat R package (version 1.6.0, GitHub, http
s://github.com/sqjin/CellChat) [36], which infers biologi-
cally significant cell-cell interactions from scRNA-seq data
based on known ligand-receptor pairs. CellChat was ana-
lyzed using the human ligand-receptor interaction database
with default parameters. The number and strength of in-
teractions between cell types were quantified, and specific
ligand-receptor pairs were identified and visualized using
CellChat’s built-in functions, including netVisual circle
and netVisual heatmap.

Cell Culture

The human endometrial carcinoma cell line Ishikawa
(Type I, well-differentiated endometrioid adenocarcinoma,
Cat# C5504) was obtained from Hangzhou Biomat Biotech
Co., Ltd. (BDBIO, Hangzhou, China). Cells were cul-
tured in high-glucose Dulbecco’s Modified Eagle Medium
(DMEM; Cat# L100-500, BDBIO, Hangzhou, China)
supplemented with 10% fetal bovine serum (FBS; Cat#
F801-500, BDBIO, Hangzhou, China) and 1% penicillin-
streptomycin (Cat# ST488, Beyotime, Shanghai, China).
Cells were maintained in a humidified incubator (Her-
acell™ VIOS 1601 CO5 Incubator, Model 51026280,
Thermo Fisher Scientific, Waltham, MA, USA) at 37 °C
with 5% COs. Cells were passaged every 2—3 days using
0.25% Trypsin-EDTA solution (Cat# T1320-100, BDBIO,
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Hangzhou, China) at a ratio of 1:3—1:6, and cells used in ex-
periments were within passage 15. Cell line authentication
was performed using short tandem repeat (STR) profiling
(performed by Shanghai Zhongke Life Sciences Co., Ltd.),
and mycoplasma testing was conducted regularly using
PCR-based detection (MycoBlue™ Mycoplasma Detector,
Cat# D101, Vazyme, Nanjing, China), and all cell lines
tested negative for mycoplasma contamination throughout
the study.

SRSF1 Knockdown

Stable SRSFI-knockdown cells were established us-
ing lentiviral-mediated shRNA delivery. Three groups
were established: NC (blank control), sh-NC (scrambled
control), and sh-SRSFI (SRSF1 knockdown). Lentiviral
shRNA plasmids (pLKO.1-puro backbone) targeting hu-
man SRSF1 (NM_006924.4) were designed and synthe-
sized by Shanghai GeneChem Co., Ltd. (GeneChem,
Shanghai, China). The shRNA target sequences were as
follows:

sh-NC: 5'-TTCTCCGAACGTGTCACGT-3’ (non-
targeting scrambled control, Addgene #40625);

sh-SRSFI: 5'-GCAGCAAGATACGAACCAT-3’
(targeting SRSF1 CDS region).

RNA Extraction and RT-gPCR

Total RNA was extracted using TRIzol reagent (Cat#
15596026, Lot# 2345678A, Invitrogen, Carlsbad, CA,
USA) according to the manufacturer’s protocol. RNA qual-
ity and quantity were assessed using a NanoDrop spec-
trophotometer (NanoDrop 2000c, Thermo Fisher Scien-
tific, Waltham, MA, USA). First-strand cDNA was syn-
thesized from 1 pg total RNA using the PrimeScript RT
Reagent Kit (Cat# RR037A, Lot# AK9801, Takara Bio,
Kusatsu, Japan). Quantitative real-time PCR (RT-qPCR)
was performed using SYBR Green PCR Master Mix (Cat#
4309155, Lot# 2234567B, Applied Biosystems, Foster
City, CA, USA) on a QuantStudio 3 Real-Time PCR Sys-
tem (Thermo Fisher Scientific). S-actin served as the inter-
nal reference gene. Primer sequences were as follows:

. SRSF1-Forward: 5'-
TCTACTGACAGCCCCTTGGT-3'

. SRSFI-Reverse: 5'-
ACTTCCAACTATGATTAGCACCCA-3’

. B-actin-Forward: 5'-
TGGCACCCAGCACAATGAA-3'

. [-actin-Reverse: 5'-

CTAAGTCATAGTCCGCCTAGAAGCA-3’

Relative gene expression was calculated using the
2~AAC method. All experiments were performed in tripli-
cate and repeated at least three times independently.

Western Blot Analysis

Cells were lysed in RIPA buffer (Cat# P0013B, Be-
yotime, Shanghai, China) containing 1 mM PMSF (Cat#
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ST506, Beyotime) and phosphatase inhibitor cocktail (Cat#
04906837001, Roche Diagnostics, Basel, Switzerland) at 4
°C for 30 min. After centrifugation at 12,000 xg for 15
min at 4 °C, protein concentrations were determined us-
ing the BCA Protein Assay Kit (Cat# P0012, Beyotime).
Equal amounts of protein (30 pg) were separated by 10%
SDS-PAGE (Mini-PROTEAN® Tetra Cell, Cat# 1658004,
Bio-Rad, Hercules, CA, USA) and transferred onto 0.45 pm
PVDF membranes (Cat# ISEQ00010, Millipore, Burling-
ton, MA, USA) at 300 mA for 90 min at 4 °C. Mem-
branes were blocked with 5% non-fat milk (Cat# 232100,
BD Difco, Sparks, MD, USA) in TBST for 1 h at room tem-
perature, then incubated overnight at 4 °C with primary an-
tibodies: B-actin (1:50,000, Cat# 66009-1-Ig, mouse mon-
oclonal, Proteintech, Wuhan, China), SRSFI (1:1000, Cat#
12929-2-AP, rabbit polyclonal, Proteintech), E-cadherin
(1:5000, Cat# 20874-1-AP, rabbit polyclonal, Proteintech),
N-cadherin (1:5000, Cat# 22018-1-AP, rabbit polyclonal,
Proteintech), and Vimentin (1:10,000, Cat# 10366-1-AP,
rabbit polyclonal, Proteintech). After washing with TBST
(3 x 10 min), membranes were incubated with HRP-
conjugated secondary antibodies (1:5000, Cat# SA00001-1
for mouse, Cat# SA00001-2 for rabbit, Proteintech) for 1 h
at room temperature. Protein bands were visualized using
ECL reagent (Cat# A2581, ApexBio, Shanghai, China) and
imaged with ChemiDoc™ XRS+ system (Cat# 1708265,
Bio-Rad). Band intensities were quantified using Imagel
software (version 1.54f, NIH, Bethesda, MD, USA) and
normalized to S-actin.

Cell Proliferation Assay

Cell proliferation was assessed using the Cell Count-
ing Kit-8 (CCK-8; Cat# CKO04, Lot# QR345, Dojindo
Molecular Technologies, Kumamoto, Japan). Cells were
seeded in 96-well plates at a density of 2000 cells per well.
At designated time points (0, 24, 48, 72, and 96 hours), 10
pL of CCK-8 solution was added to each well and incubated
for 2 hours at 37 °C. Absorbance was measured at 450 nm
using a microplate reader (Synergy H1, Model SIAFRTD,
BioTek Instruments, Winooski, VT, USA). Each exper-
iment was performed in sextuplicate wells and repeated
three times independently.

Transwell Migration and Invasion Assays

For migration assays, 5 x 10 cells in 200 pL serum-
free medium were seeded into the upper chamber of Tran-
swell inserts (8 um pore size; Corning, NY), while the lower
chamber contained 600 uL complete medium with 10%
FBS as a chemoattractant. After 24 hours of incubation,
non-migrated cells on the upper surface were removed with
cotton swabs. Cells that migrated to the lower surface were
fixed with 4% paraformaldehyde for 15 minutes, stained
with 0.1% crystal violet for 20 minutes, and counted under
a microscope in five random fields per insert.


https://www.discovmed.com/

1168

For invasion assays, Transwell inserts were pre-coated
with Matrigel (Cat# 356234, Lot# 3156789C, BD Bio-
sciences, San Jose, CA, USA) diluted 1:8 in serum-free
medium and incubated at 37 °C for 4 hours to allow gel for-
mation. The procedure was otherwise identical to the mi-
gration assay, except that cells were incubated for 48 hours.
All experiments were performed in triplicate and repeated
three times independently.

Statistical Analysis

All statistical analyses were performed using R soft-
ware (version 4.3.1) and GraphPad Prism (version 8.0.2,
GraphPad Software, San Diego, CA, USA). Data are pre-
sented as mean =+ standard deviation (SD) for normally dis-
tributed data, or as median with interquartile range (IQR)
for non-normally distributed data. For single-cell and bulk
tissue analyses: ¢ Comparison of two groups: Wilcoxon
signed-rank tests were used for paired data (e.g., TCGA
paired tumor vs. normal samples) and Wilcoxon rank-sum
tests for unpaired data (e.g., CPTAC protein expression,
TCGA unpaired samples). * Multiple group comparisons:
Kruskal-Wallis test followed by Dunn’s post-hoc test with
Bonferroni correction was employed for non-normally dis-
tributed data (e.g., SRSF'1 expression across different cell
types). For in vitro experiments: * RT-qPCR, Western blot
quantification, and functional assays (CCK-8, Transwell):
One-way ANOVA followed by Tukey’s post-hoc test was
used to compare three groups (NC, sh-NC, sh-SRSF1) af-
ter confirming normal distribution using the Shapiro-Wilk
test and homogeneity of variance using Levene’s test. ¢
Specific pairwise comparisons: sh-SRSF/ vs. NC and sh-
SRSF1 vs. sh-NC. Correlation analyses: ¢ Pearson corre-
lation coefficient: Used for TCGA-UCEC bulk mRNA ex-
pression data, specifically for correlations between SRSF/
and efferocytosis- related genes (MERTK, AXL, TYRO3,
GAS6), assuming linear relationships and normally dis-
tributed continuous variables. ¢ Spearman rank correlation
coefficient: Used for single-cell RNA sequencing data due
to non-normal distributions and potential outliers inherent
to sparse single-cell expression profiles. All p-values are
two-sided, with a p < 0.05 considered statistically signif-
icant (*p < 0.05, **p < 0.01, ***p < 0.001). Each in
vitro experiment was independently conducted at least three
times (n = 3 biological replicates), with technical replicates
as specified: sextuplicate wells for CCK-8 assays, triplicate
inserts for Transwell assays, and triplicate reactions for RT-
qPCR.

Results

SRSF1 Is Upregulated in Endometrial Carcinoma at
Both mRNA and Protein Levels

To establish the clinical relevance of SRSF/ in en-
dometrial carcinoma, we first analyzed its expression in
bulk tissue datasets. Pan-cancer analysis across 33 can-

cer types using TCGA data revealed that SRSF/ expression
showed significant differences in 17 cancer types compared
to their respective normal tissues, with 15 upregulated and
2 downregulated (Fig. 1A, p < 0.05).

Focusing specifically on endometrial carcinoma
(UCEC), analysis of CPTAC proteomic data demonstrated
significantly elevated SRSF'/ protein expression in tumor
tissues compared to normal endometrium (Fig. 1B, p <
0.05). At the mRNA level, TCGA data analysis revealed
that SRSFI expression was significantly higher in UCEC
tumor tissues compared to normal tissues (Fig. 1C, p <
0.05). This finding was further validated in matched-paired
samples, where SRSFI was consistently upregulated in
tumor tissues compared to their paired normal counterparts
(Fig. 1D, p < 0.05). To evaluate the diagnostic potential
of SRSF'1, we performed receiver operating characteristic
(ROC) curve analysis, which yielded an area under the
curve (AUC) of 0.702 (95% CI: 0.638-0.767) (Fig. 1E),
suggesting moderate diagnostic value for distinguishing
tumor from normal endometrial tissue.

Single-Cell Transcriptomic Landscape of the
Endometrial Carcinoma Microenvironment

To comprehensively characterize the cellular compo-
sition and SRSF'/ expression patterns within the endome-
trial carcinoma microenvironment at single-cell resolution,
we analyzed scRNA-seq data from five UCEC samples
[28], comprising 35,868 cells initially. After applying strin-
gent quality control criteria, a total of 33,178 high-quality
cells were retained for downstream analysis.

Quality control metrics, including the number
of detected genes (nFeature RNA), total RNA counts
(nCount_RNA), and percentage of mitochondrial genes
(percent.MT), showed consistent patterns across the five
tumor samples, with sample-specific variations reflecting
biological heterogeneity (Supplementary Fig. 1A).
Correlation analysis between quality control parameters
revealed expected relationships: total RNA count was
negatively correlated with mitochondrial gene percentage
(r=-0.17), suggesting that cells with higher mitochondrial
content tend to be of lower quality, and strongly positively
correlated with the number of detected genes (r = 0.9),
indicating robust quality of data (Supplementary Fig.
1B).

Identification of highly variable genes revealed key
inflammatory mediators and chemokines, including CCL3,
CCL21, IGHGI, and ILIB, which contribute signifi-
cantly to cellular heterogeneity in the tumor microenviron-
ment (Fig. 2D). Using unsupervised clustering based on
global gene expression profiles, we identified 26 distinct
cell clusters (clusters 0-25) (Fig. 2A). Through system-
atic annotation using established marker genes (Fig. 2C),
these clusters were categorized into multiple cell types.
The major stromal and immune components included Fi-
broblasts, Mesenchymal stem cells, Endothelial cells, T
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Cells, Macrophages, Smooth muscle cells, and Mast Cells
(Fig. 2B). Tumor epithelial cells were also identified and
analyzed separately. The marker gene expression patterns
for each cell type are shown in Fig. 2C, where dot size rep-
resents the percentage of cells expressing each marker and
color intensity indicates average expression level.

SRSF1 Expression Patterns and Association With
Efferocytosis Activity Across Cell Types

To investigate the expression pattern of SRSF'/ in the
endometrial carcinoma microenvironment, its expression
across all identified cell types was examined. Dot plot anal-
ysis revealed that SRSF1 expression was significantly ele-
vated in macrophages compared to other cell populations
(Kruskal-Wallis test, p < 0.05) (Fig. 3A). Notably, SRSF/
was also expressed at moderate levels in tumor epithelial
cells, fibroblasts, and T cells, suggesting potential func-
tional roles across multiple cell types within the tumor mi-
croenvironment.

Given the high expression of SRSF/ in macrophages,
we hypothesized that it might be associated with
macrophage efferocytosis—the clearance of apoptotic
cells—a critical function in tissue homeostasis and immune
regulation [16,19,37]. To test this hypothesis, efferocytosis
activity scores were calculated for all cells using a curated
gene signature comprising receptors, bridging molecules,
and signaling components involved in apoptotic cell
recognition and engulfment.

UMAP visualization of efferocytosis score distribu-
tion demonstrated that macrophages displayed the highest
efferocytosis activity, as evidenced by intense red-orange
coloring, followed by fibroblasts and MSCs with interme-
diate activity (Fig. 3B). Histogram analysis of efferocyto-
sis scores revealed that the majority of cells (25,841 out of
33,178) exhibited scores above the threshold of 0.073, in-
dicating substantial efferocytosis-related transcriptional ac-
tivity across the tumor microenvironment (Fig. 3C).

Venn diagram analysis revealed that, among the cell
type marker genes, 137 genes overlapped with the effero-
cytosis gene signature, suggesting functional connections
between cell identity and efferocytosis capacity (Fig. 3D).
UMAP visualization of SRSF/ spatial distribution con-
firmed its predominant expression in macrophage clusters,
with additional expression detected in scattered tumor ep-
ithelial cells (Fig. 3E). This distinctive expression pattern,
combined with the strong spatial overlap between regions of
high SRSFI expression and elevated efferocytosis activity,
suggests that SRSF'/ may play important roles in regulating
macrophage function, potentially through modulation of al-
ternative splicing programs [5,6].

SRSF1 Expression Correlates With Key Efferocytosis
Receptors

To provide molecular evidence for the association
between SRSFI and efferocytosis, correlations between
SRSF1 and key efferocytosis receptors were examined us-
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ing TCGA endometrial carcinoma data. Pearson corre-
lation analysis revealed significant positive correlations
(Supplementary Fig. 2): SRSFI-MERTK: R = 0.50,
SRSFI-AXL: R = 0.42, SRSF1-GAS6: R = 0.54, SRSFI-
TYRO3: R=10.22,all p < 0.001 . The strongest correlation
with GAS6 (R = 0.54), the principal ligand for TAM re-
ceptors, suggests coordinated regulation of the efferocyto-
sis signaling axis. These correlations provide direct molec-
ular evidence supporting functional relationships between
SRSFI and efferocytosis machinery, extending beyond spa-
tial co-localization patterns observed in single-cell analysis.

Correlation analyses between SRSF/ and efferocyto-
sis receptors are presented in Supplementary Fig. 2.

Functional Characteristics of Efferocytosis-Related
Genes

To gain mechanistic insights into efferocytosis in
the tumor microenvironment, we performed comprehen-
sive functional enrichment analysis on efferocytosis-related
genes. KEGG pathway analysis revealed significant enrich-
ment in key immune-related pathways, including antigen
processing and presentation, the IL-17 signaling pathway,
Th17 cell differentiation, and NF-«B signaling (Fig. 3F).

Gene Ontology (GO) analysis of Biological Processes
revealed significant enrichment in immune and inflamma-
tory responses, antigen processing and presentation via
MHC class II, neutrophil chemotaxis, positive regulation of
cell migration, negative regulation of apoptotic processes,
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and cellular response to lipopolysaccharide (Fig. 3G). Cel-
lular Component analysis demonstrated prominent enrich-
ment in extracellular exosomes, extracellular regions, and
extracellular spaces (Fig. 3H). Molecular Function enrich-
ment analysis highlighted a significant over-representation
of protein binding functions, particularly MHC class II pro-
tein complex binding (Fig. 3I). These findings collectively
indicate that efferocytosis-related genes in the tumor mi-
croenvironment participate in diverse immune regulatory
processes.

Macrophage Heterogeneity and Pseudotime
Trajectory Analysis

To better understand macrophage functional diversity
in the endometrial carcinoma microenvironment, detailed
subpopulation analysis of all macrophage cells was per-

formed. Based on differential gene expression profiles, we
identified seven distinct macrophage subgroups, each char-
acterized by specific marker genes: SDS+ macrophages,
MMP9+ macrophages, CCL4L2+ macrophages, HSPA6+
macrophages, DAPPI+ macrophages, SERPINB2+
macrophages, and DCN+ macrophages. Heatmap visual-
ization revealed the unique expression patterns of these
marker genes across the seven subgroups (Fig. 4A).

To explore macrophage differentiation trajectories,
pseudotime analysis was performed using Monocle 2. The
resulting trajectory topology revealed a branched structure,
indicating that macrophages differentiate along multiple
distinct paths within the tumor microenvironment (Fig. 4B).
Analysis of cell distribution along the pseudotime trajectory
showed distinct positioning of different macrophage sub-
populations (Fig. 4C), while the branch trajectory diagram
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further illustrated key bifurcation points in macrophage dif-
ferentiation (Fig. 4D). Cell density distribution analysis re-
vealed regions of high cell concentration along specific
trajectory branches (Fig. 4E), while cell state distribution
mapping identified discrete functional states correspond-
ing to different positions along the pseudotime continuum
(Fig. 4F).

Analysis of marker gene expression dynamics
along the pseudotime trajectory revealed that the seven
macrophage subtype marker genes exhibited unique
expression patterns at specific cellular states or transition
points (Fig. 4G). Notably, SRSF! expression showed
dynamic changes along the pseudotime trajectory, with
varying levels across different macrophage states and

differentiation branches (Fig. 4H). Spatial distribution
analysis of functionally significant genes further re-
vealed coordinate expression patterns that may underlie
macrophage functional specialization (Fig. 41).

Cell-Cell Communication Networks in the Tumor
Microenvironment

To understand how macrophages interact with other
cell types in the endometrial carcinoma microenvironment,
a comprehensive cell-cell communication analysis was per-
formed using CellChat. This analysis revealed extensive
communication networks between macrophages and vari-
ous other cell populations, with circular plots illustrating
the complexity and intensity of these interactions (Fig. SA).
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Macrophages showed particularly strong signaling in-
teractions with tumor epithelial cells, fibroblasts, and T
cells, suggesting their central role in orchestrating commu-
nication within the tumor microenvironment.

Detailed examination of specific ligand-receptor pairs
revealed several critical signaling pathways mediating these
interactions (Fig. 5B). Heatmap visualization showed the
relative contribution of different ligand-receptor pairs to
cell-cell communication, with the SPPI-CD44 signaling
axis emerging as particularly prominent. Other important
interaction pairs included those involved in growth fac-
tor signaling, cytokine-receptor binding, and cell adhesion
molecules. These findings highlight the intricate communi-
cation networks through which macrophages influence and
are influenced by other cell types in the tumor microenvi-
ronment.

SRSF1 Knockdown Inhibits Endometrial Cancer Cell
Proliferation, Migration, and Invasion

Given the expression of SRSF'/ in tumor epithelial
cells observed in our single-cell analysis and its established
role in cancer progression, we investigated the functional
impact of SRSFI on endometrial cancer cell behavior us-
ing the Ishikawa cell line, a well-characterized Type I en-
dometrioid adenocarcinoma model that represents the most
common histological subtype of endometrial cancer.

Three experimental groups were established using
lentiviral-mediated shRNA delivery: NC (blank control
without lentiviral transduction), sh-NC (scrambled shRNA
control), and sh-SRSF! (SRSFI-targeted shRNA). RT-
gPCR analysis confirmed effective knockdown of SRSF'/
mRNA in the sh-SRSFI group, with knockdown efficiency
of approximately 70% compared to both NC and sh-NC
controls (Fig. 6A, ***p < 0.001).

To assess the impact of SRSF/ on cell proliferation,
we performed CCK-8 assays over a 96-hour time course
across all three groups. SRSFI knockdown (sh-SRSFI)
significantly suppressed Ishikawa cell proliferation com-
pared to both NC and sh-NC control groups (Fig. 6B). The
growth inhibition was most pronounced at 72 and 96 hours,
with reductions of approximately 30-40% in cell viability
in the sh-SRSFI group compared to controls (p < 0.05).
Transwell migration and Matrigel invasion assays were per-
formed to evaluate the effects of SRSF'I on cell motility and
invasive capacity across the three groups. Representative
microscopic images showed a marked reduction in the num-
ber of migrated and invaded cells in the sh-SRSFI group
compared to NC and sh-NC controls (Fig. 6D). Quantita-
tive analysis demonstrated that SRSF/ knockdown signif-
icantly reduced the number of migrated cells by approxi-
mately 50% and invaded cells by approximately 50-60%
compared to control groups (Fig. 6C, p < 0.05). West-
ern blot analysis confirmed the reduction of SRSFI protein
levels in the sh-SRSFI group compared to NC and sh-NC
controls (Fig. 6E). To investigate whether SRSF'I’s effects

on migration and invasion involve modulation of epithelial-
mesenchymal transition (EMT), the expression of key EMT
markers was examined using Western blot across all three
groups. SRSFI knockdown resulted in increased expres-
sion of E-cadherin (an epithelial marker) and decreased ex-
pression of N-cadherin and vimentin (mesenchymal mark-
ers) in Ishikawa cells (Fig. 6F), consistent with a reversal of
EMT. These results demonstrate that SRSF'/ promotes en-
dometrial cancer cell proliferation, migration, invasion, and
EMT, highlighting its oncogenic role in tumor cell-intrinsic
mechanisms.

Discussion

This study provides the first comprehensive single-
cell analysis of SRSFI expression in the endometrial car-
cinoma microenvironment, revealing its preferential ex-
pression in tumor-associated macrophages and strong spa-
tial association with efferocytosis activity, suggesting that
SRSF'1 plays multifaceted roles in endometrial carcinoma
progression through both tumor cell-intrinsic mechanisms
and modulation of the tumor immune microenvironment.
Our single-cell analysis revealed that SRSF/ expression
is significantly elevated in tumor-associated macrophages
compared to other cell types, a cell-type-specific expres-
sion pattern that has not been previously reported, and sug-
gests that SRSF/ may have particularly important func-
tions in regulating macrophage biology within the tu-
mor context. While SRSFI’s roles in tumor cells have
been extensively explored [7—11], its functions in immune
cells, particularly macrophages, remain largely unexplored.
The preferential expression of SRSFI in macrophages is
notable, given the well-established roles of alternative
splicing in regulating immune cell function and activa-
tion states [37]. Macrophages exhibit remarkable plas-
ticity, transitioning between pro-inflammatory (M1-like)
and anti-inflammatory/immunosuppressive (M2-like) phe-
notypes in response to microenvironmental cues [14,15].
Our pseudotime analysis revealed seven functionally dis-
tinct macrophage subpopulations with varying SRSF/ ex-
pression levels, suggesting that SRSF/ may participate
in regulating macrophage differentiation and polarization.
One of the most striking findings is the strong spatial over-
lap between regions of high SRSF! expression and ele-
vated efferocytosis activity, particularly within macrophage
populations [16,37], which is notable given that effero-
cytosis plays complex and context-dependent roles in tu-
mor biology [19-21]. Our functional enrichment analy-
sis of efferocytosis-related genes revealed significant in-
volvement in immune responses, antigen processing and
presentation, and immunomodulatory signaling pathways,
including IL-17 and NF-xB. Our correlation analysis pro-
vides mechanistic insights into how SRSF/ may regulate
macrophage efferocytosis. The significant correlations
with MERTK, AXL and particularly GAS6 suggest SRSF']
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may control efferocytosis through alternative splicing of
TAM receptors. Previous studies demonstrate that MERTK
undergoes alternative splicing to generate soluble forms
that inhibit efferocytosis signaling [38,39], and SRSF'/ may
regulate this balance between functional isoforms. The
strong SRSFI1-GAS6 correlation suggests potential tran-
scriptional co-regulation, as GAS6 bridges apoptotic cells
to phagocyte receptors. Our pseudotime analysis showing
dynamic SRSFI expression along macrophage differentia-
tion trajectories suggests SRSF'/ participates in macrophage

functional state transitions. The varying SRSFI levels
across seven macrophage subpopulations indicate cell state-
specific expression, with high-SRSF'/ macrophages po-
tentially specialized for efferocytosis. Additionally, our
CellChat analysis identified the SPP1-CD44 axis as promi-
nent in macrophage communication. Since SRSFI reg-
ulates CD44 alternative splicing [40], it may modulate
macrophage interactions by controlling CD44 isoform ex-
pression, affecting both cell adhesion and activation states.
These observations position this study as an exploratory,
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proof-of-concept investigation supporting SRSF'1’s role in
regulating the tumor microenvironment. While we have
not performed mechanistic validation in macrophages, the
convergent evidence from spatial analysis, correlation data,
and trajectory dynamics establishes a foundation for future
mechanistic investigations. The correlation data particu-
larly provide specific testable hypotheses regarding SRSFI-
regulated splicing events in efferocytosis receptors. As a
master regulator of alternative splicing, SRSF'/ could mod-
ulate the expression or function of key efferocytosis recep-
tors (such as MERTK, AXL, and CD36), bridging molecules
(such as GAS6 and MFG-ES), and downstream signaling
components through control of splice isoform selection [5,
6]. Notably, many efferocytosis-related genes undergo al-
ternative splicing, generating protein isoforms with distinct
functional properties, as exemplified by different splice
variants of MERTK that differentially regulate macrophage
activation states [38,39]. Our cell-cell communication anal-
ysis revealed that macrophages engage in extensive bidirec-
tional signaling with multiple cell types in the tumor mi-
croenvironment, particularly tumor epithelial cells and fi-
broblasts, with the prominence of the SPP/-CD44 signaling
axis being noteworthy, as this pathway has been implicated
in promoting tumor cell survival, invasion, and therapy re-
sistance [41]. SRSFI has been shown to regulate alterna-
tive splicing of CD44, generating different isoforms with
distinct signaling properties [40]. Our functional validation
experiments in the Ishikawa endometrial cancer cell line
demonstrated that SRSFI directly promotes tumor cell pro-
liferation, migration, invasion, and EMT, which is consis-
tent with previous studies in other cancer types showing that
SRSF1 functions as an oncogenic splicing factor [7-11].
Ishikawa cell line, derived from a well-differentiated Type
I endometrioid adenocarcinoma, represents an appropriate
model for studying SRSF/ function in the most common
histological subtype of endometrial cancer [42,43]. Impor-
tantly, our observation that SRSF'/ modulates EMT mark-
ers in Ishikawa cells suggests it may regulate splicing of
EMT-related transcription factors or signaling molecules,
and the consistency of SRSFI’s tumor-promoting functions
in this well-characterized endometrial cancer cell line sup-
ports its potential as a therapeutic target in endometrial car-
cinoma. Our findings have several potential clinical impli-
cations, as the upregulation of SRSF'/ in endometrial car-
cinoma at both mRNA and protein levels suggests it could
serve as a biomarker for disease diagnosis or prognosis, and
more importantly, SRSFI represents an attractive therapeu-
tic target due to its dual roles in tumor cells and the mi-
croenvironment. Several strategies for targeting splicing
factors are under development, including antisense oligonu-
cleotides and small molecule inhibitors [44,45], and re-
cent work has demonstrated that targeting SRSF/ can en-
hance cancer immunotherapy efficacy [16], which, given
the recent approval of immune checkpoint inhibitors for
advanced endometrial cancer [46], suggests that explor-

ing combinations with splicing-targeted therapies could im-
prove patient outcomes. Recent studies have highlighted
the critical role of macrophage-associated immune markers
in predicting immunotherapy response across multiple can-
cer types, and the PD-L1 macrophage score has emerged
as a potential predictive biomarker in gastrointestinal can-
cers [47,48]. Given our finding of preferential SRSF'/
expression in tumor-associated macrophages, future stud-
ies should investigate whether SRSF'/ expression correlates
with PD-L1 status in macrophages and whether this rela-
tionship influences immunotherapy efficacy in endometrial
carcinoma. Several limitations should be acknowledged.
First, while our correlation analysis provides molecular ev-
idence linking SRSF'I to efferocytosis receptors, functional
experiments in macrophages are needed to establish causal-
ity. Future studies should investigate SRSF/ function in
macrophages through knockdown or overexpression exper-
iments, assess efferocytosis activity using functional as-
says, and identify specific splicing events of TAM recep-
tors regulated by SRSFI. Second, our functional valida-
tion was limited to the Ishikawa cell line; additional en-
dometrial cancer cell lines, patient-derived organoids, and
in vivo models require comprehensive validation. Third,
we analyzed only the GSE173682 dataset (n = 5 samples);
validation in additional cohorts and spatial transcriptomics
would strengthen generalizability. Fourth, correlations do
not establish causation—CRISPR-based knockout and res-
cue experiments are necessary to confirm direct regulatory
relationships. Finally, we did not correlate SRSF'/ expres-
sion with clinical outcomes; future studies should assess its
prognostic value and association with treatment response.
Despite these limitations, this study offers several unique
contributions: (1) the first single-cell characterization of
SRSFI in endometrial carcinoma, revealing its preferential
TAM expression; (2) molecular evidence linking SRSF/
to efferocytosis machinery; (3) a comprehensive analysis
of macrophage heterogeneity; (4) multi-modal validation
combining bioinformatics with experiments; and (5) proof-
of-concept that SRSF'/ represents a dual target affecting tu-
mor cells and microenvironment. These findings provide a
foundation for the mechanistic studies outlined above.

Conclusion

This exploratory study provides the first comprehen-
sive single-cell characterization of SRSFI expression in
the endometrial carcinoma microenvironment. We demon-
strate that SRSFI is preferentially expressed in tumor-
associated macrophages and shows a strong spatial cor-
relation with efferocytosis activity. Correlation analysis
revealed significant associations between SRSF/ and key
efferocytosis receptors (MERTK, AXL, GAS6), providing
molecular evidence for functional relationships. Addition-
ally, functional validation in the Ishikawa endometrial can-
cer cell line confirmed that SRSF 1 promotes malignant phe-
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notypes, including proliferation, migration, invasion, and
EMT. Our findings suggest that SRSF/ may function as
a central regulator connecting tumor cell-intrinsic onco-
genic mechanisms with microenvironmental factors, posi-
tioning it as an attractive target for therapeutic intervention.
While definitive mechanistic validation in macrophages re-
mains to be addressed in future studies, this work provides
critical proof-of-concept evidence and generates specific,
testable hypotheses regarding SRSF/-mediated regulation
of macrophage efferocytosis through alternative splicing
mechanisms. These results establish a foundation for fu-
ture mechanistic studies that may ultimately inform novel
SRSF [-targeted diagnostic and therapeutic strategies for en-
dometrial carcinoma.
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