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Background: The tumor microenvironment (TME) is a complex network driving endometrioid endometrial cancer (EC) progression.
Previous analyses of the EC TME were often limited by a lack of detailed cellular annotations. Integrating single-cell RNA sequencing
(scRNA-seq) data offers a comprehensive approach to reconstruct the TME, aiming to uncover novel mechanisms and therapeutic
targets.

Methods: We integrated public scRNA-seq data from 15 EC and 5 normal endometrium samples. Through detailed cell annotation,
we performed comprehensive bioinformatic analyses, including pseudotime trajectories, copy number variation, and cell communica-
tion, to investigate mechanisms of EC development.

Results: We identified nine cell types and characterized subpopulations of epithelial, macrophage, lymphocyte, and stromal fibroblast
cells. The SOX9+LGRS- epithelial subtype showed elevated malignancy and NFKB pathway enrichment. The M2 _like2 macrophage
subtype played a critical role, engaging in robust MIF-(CD74+CD44) mediated communication with SOX9+LGRS5- cells.
Experimental validation confirmed MIF co-expression with E-cadherin in EC tissues. Furthermore, the transcription factor NFKB2
was found to mediate MIF’s effect on the CD44 receptor in malignant epithelial cells. A pericyte-to-fibroblast transition in stromal
cells may also support tumor growth, while an increase in CD8 exhausted/Treg cells and a decrease in cytotoxic CDS cells suggest
potential immune evasion.

Conclusion: Our single-cell analysis details the EC TME landscape, revealing robust communication between M2 _like2 macro-
phages and SOX9+LGRS5- epithelial cells. We highlight a key mechanism where NFKB2 mediates MIF’s pro-tumorigenic effects via
the CD44 receptor, offering new insights into EC progression and potential therapeutic targets.
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Introduction

Endometrial cancer (EC) comprises a group of epithelial malignancies that manifest in the endometrium. It ranks as
the second most prevalent among malignant tumors affecting the female reproductive system in China and is the most
common in developed countries.! The tumor microenvironment (TME) denotes the localized internal milieu consisting of
tumor cells, stromal cells, and the extracellular matrix, collectively fostering tumor initiation and progression.” Various
elements within this microenvironment interconnect to create a complex network that propels the malignant transforma-
tion and evolution of endometrial epithelial cells.®> Single-cell RNA sequencing (scRNA-seq) technology facilitates
unbiased, reproducible, high-resolution, and high-throughput transcriptional analysis of individual cells, rendering it an
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indispensable tool for investigating the tumor microenvironment, tumor pathogenesis, and tumor diagnosis and
treatment.>”* Previous research has delineated the characteristics of endometrial epithelial cells in EC, outlining
a cellular landscape of the tumor immune microenvironment.” Through exploration of cell-cell and cell-matrix interac-
tions within the TME, researchers have identified close interactions between malignant cells in EC and immune cells and
tumor-associated fibroblasts, leading to the discovery of potential therapeutic targets.® Another study elucidated the roles
of B cells and tertiary lymphoid structures in the immune response to EC and identified prognostic biomarkers.” A study
utilized single-cell transcriptomic sequencing analysis to identify various cell types within normal endometrium, atypical
hyperplastic endometrium, and endometrioid carcinoma, revealing the dynamic evolution of cell subpopulations during
the progression from normal endometrium to endometrioid carcinoma.® Another research, combined with spatial
transcriptomic analysis, unveiled the role of tumor-associated macrophages in EC patients’ response to anti-PD-1
therapy, particularly focusing on immunotherapy sensitivity.” While previous single-cell studies have provided valuable
insights, their scope has often been limited. These analyses have predominantly focused on specific cell subpopulations,
or presented cellular annotations with varying granularity across studies. This fragmented approach hinders a holistic
understanding of the complex intercellular crosstalk across the entire TME. In contrast, our study directly addresses this
gap by integrating multiple sScRNA-seq datasets. This strategy allows us to construct a unified, high-resolution atlas of the
EC TME, enabling a comprehensive analysis of all major cell populations and their interactions within a single analytical
framework.

Overall, in this study, we integrated 15 cases of endometrial cancer and 5 cases of normal data from public databases
to restructure the endometrial cancer microenvironment. We provided detailed annotation of important subpopulations
and compared our findings with other published studies. Furthermore, we discovered a strong communication between
the macrophage subpopulation M2 _like2 and the epithelial cell subpopulation SOX9+LGRS5-. Experimental validation
confirmed that MIF was co-expressed with the epithelial cell marker E-cadherin in EC tissues, with the transcription
factor NFKB2 mediating MIF’s effects on the CD44 receptor of SOX9+LGRS- epithelial cells.

Methods
Single-Cell RNA-Seq Data Preprocessing

We acquired publicly available data from databases published by Guo et al.” Ren et al® and Regner et al'’

encompassing

15 cases of endometrioid endometrial cancer and 5 cases of normal endometrial data (Appendix Table 1). To prepare files

for subsequent RNA velocity analysis, we downloaded the raw data and processed the raw sequencing reads of human
endometrial cells using the CellRanger software suite (10x Genomics Cell Ranger 4.0.0). We utilized the reference
genome refdata-gex-GRCh38-2020-A and mapped the reads to the human genome (GRCh38/hg38), generating a unique
molecular identifier (UMI) matrix."' The output data from CellRanger were loaded using the “Read10X” function in
Seurat.'? Each sample underwent individual filtering based on UMI counts and mitochondrial proportions as part of the
quality control process (Appendix Table 1). Following quality filtering, we selected a total of 147,438 cells from 20

subjects for subsequent analysis.

Dimensionality Reduction, Clustering, and Annotation

Post-normalization, we identified highly variable genes using the FindVariableGenes function in Seurat. These genes
were employed for principal component analysis (PCA).'? Subsequently, we created a two-dimensional representation of
the data using UMAP with the first 40 principal components (PCs). On the PCA-reduced expression data, we applied the
FindClusters algorithm in Seurat to identify clusters at a resolution of 0.3. This algorithm calculated the neighborhood
overlap between each cell and its nearest neighbors. The graph-based clustering results were visualized in the two-
dimensional space using UMAP.'* To mitigate batch effects, we conducted the harmony algorithm for batch correction
before clustering analysis,'> followed by applying FindNeighbors and FindCluster in Seurat to delineate cell subtypes.
We assigned known biological cell types to the cell clusters via marker genes reported in the literature and differential
expression analysis. The FindAllMarkers function in the Seurat package was utilized to analyze differences between
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clusters. A gene was classified as a marker gene if it was expressed in at least 25% of the cells and had a minimum log-
fold change threshold of 0.25.

Functional Enrichment Analysis

Gene set enrichment analysis was performed on differentially expressed genes using the Gene Ontology (BP, CC, and
MF) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database.'® The ClusterProfiler R package
was employed for GO and KEGG analyses.'” GSEA displayed enriched gene sets for each gene’s expression.'® The
Seurat built-in gene set scoring function AddModuleScore was utilized for scoring.'”

Estimation of Copy Number Variations (CNVs)
We utilized the R package InferCNV (https://github.com/broadinstitute/inferCNV) to calculate CNVs from single-cell
transcriptomic data of fifteen patients with endometrial cancer, using five samples from normal endometrial tissues as the

reference. We identified somatic large-scale chromosomal CNVs for each gene (cutoff = 0.1). Subsequently, we
generated a heatmap to visualize the CNV profiles of specific cell types and chromosomal segments. To assess CNV
variations across different cell types, we centered the Hidden Markov Model predicted matrix around zero and computed
the sum of squares to determine cell-based CNV levels.?

Pseudotime Analysis

We employed the Monocle 2.0 package (version 2.10.0) to analyze single-cell trajectories and infer the continuous
process of cell differentiation.?’ Genes expressed in fewer than three cells were excluded. Library size normalization was
executed using the “estimateSizeFactors” function, and the negative binomial dispersion for each gene was estimated
using the “estimateDispersions” function. Genes with an average expression greater than 0.5 and a variance larger than
the empirical dispersion (best-fit mean-dispersion trendline) were selected. We employed DDTree for the dimensionality
reduction of the selected genes and subsequently constructed the trajectory using the “orderCells” function.

RNA Velocity Analysis

RNA velocity analysis estimated the change in RNA abundance over time by measuring the ratio of mRNA before and
after splicing using standard single-cell sequencing data, which can be applied to study the dynamic differentiation of cell
gene expression. RNA velocity analysis was conducted using the Python package scVelo to investigate cell type
transitions.** Count matrices for unspliced (pre-mRNA) and spliced (mature mRNA) abundances were generated using
the “velocyto” package from the BAM files obtained from CellRanger, with the latter serving as input for scVelo.
Leveraging the dynamic model in scVelo, we projected the results back onto the UMAP generated by Seurat.

SCENIC Analysis

We performed SCENIC analysis using pyscenic (version 0.9.19) and the hg19-500bp-upstream-10species database with
RcisTarget, GRNboost, and AUCell. The input matrix comprised the normalized expression matrix from Seurat. To
compute the regulon activity scores (RAS) of cells, we utilized the pySCENIC Python package for SCENIC analysis.?
Initially, we used GRNBoost2 to infer co-expression modules between TFs and candidate target genes. Subsequently,
RcisTarget was employed to analyze the genes within each co-expression module to identify enriched motifs (defining
TFs and their potential direct target genes as regulons). Finally, we evaluated the activity of each regulon in every cell
using AUCell.

Cell Communication Analysis

We employed the CellChat tool** for quantitatively inferring cell-cell communication based on scRNA-seq data to
determine intercellular communication. CellChat was utilized to elucidate critical cellular pathways involved in cell
clustering. netVisual circles were used to depict the network of cell clusters relative to other cell clusters, whereas
netVisual bubble was employed to display interactions of ligand-receptor crosstalk between cell clusters.
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TCGA Data Analysis

The Transcripts Per Kilobase per Million mapped reads (TPM) data and clinical parameters of Uterine Corpus

Endometrial Carcinoma (TCGA-UCEC) was downloaded using the Bioconductor TCGAbiolinks package (version
2.10.5).> We included 409 samples with EC and 35 normal samples out of the 589 samples for downstream expression
level comparison. To assess the expression and prognostic value of genes, samples were further divided into “low
expression” and “high expression” groups based on the average gene expression level. Statistical analysis was performed
using the R package “survival” (version 3.1.8). Survival curves were fitted using the survfit function, and differences
between the high and low expression groups were tested using the survdiff test.

Cell Culture
All EC cells were purchased from the American Type Culture Collection (ATCC). Ishikawa and KLE cells were cultured
in DMEM/F12 with 10% FBS, while AN3CA cells were maintained in EMEM with 10% FBS. HEC-1A cells were
grown in McCoy’s 5A medium supplemented with 100 mmol/L sodium pyruvate and 10% FBS. RL95-2 cells were
cultured in DMEM/F12 with 0.005 mg/mL insulin and 10% FBS. All cells were incubated at 37°C with 5% CO2.
When cells reached 80% confluence, they were incubated overnight in serum-free medium, then treated with various
concentrations of thMIF (MCE, HY-P7387) (0, 5, 10, 15, 25, and 50 ng/mL) for 24 hours before being harvested for
protein extraction.

Small Interfering RNA (siRNA) Transfection
All siRNAs, including the negative control siRNA (#1027281), were purchased from RiboBio, with the target sequences

for NFKB2 being stB0003825A/B/C. Transfection was performed according to the manufacturer’s protocols using
Lipofectamine RNAiIMAX (Invitrogen).

Western Blot

Western Blot analysis was performed as described in our previous work.”® The information and dilution rates of
antibodies in this study were NFKB2 (Proteintech, #10409-2-AP, 1:500), CD44 (Proteintech, #15675-1-AP, 1:2000),
and GAPDH (Proteintech, #60004-1-Ig, 1:10,000).

Immunofluorescence

To assess the cellular localization of MIF protein in EC tissues, immunofluorescence was employed to label conserved
markers. Tissue samples were fixed, dehydrated, and embedded following established protocols. The slides were then
incubated overnight at 4°C with primary antibodies, including those against MIF (Proteintech, #20415-1-AP, 1:100) and
E-cadherin (CST, #14472, 1:100). After three PBS washes, the slides were incubated with the appropriate fluorescent
secondary antibodies at room temperature for 1 hour. Nuclei were stained with DAPI solution, and the results were
observed and photographed using a fluorescence microscope (Olympus Corporation, Tokyo, Japan).

Statistical Analysis

Data were analyzed using GraphPad Prism software. For comparisons between two groups, statistical evaluation was
conducted using a two-tailed Student”s s #-test. For categorical data, chi-square tests were used to compare groups.
P-value < 0.05 was considered statistically significant.

Results

Single-cell Transcriptomic Profiling of Human Endometrial Cancer

After stringent filtering, a total of 147,438 single cells were retained for further bioinformatics analysis (Figure 1A). We
performed PCA and UMAP to reduce dimensionality based on gene expression normalization. Subsequently, graph-
based clustering was employed to classify cells into 16 clusters (Figure 1B), and specific marker genes were used to
annotate these clusters, resulting in the identification of nine cell types: lymphocytes (marked by PTPRC, CCLS,
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Figure | Provided a comprehensive overview of human endometrial cancer. (A) lllustrated the scRNA-seq analysis workflow. (B) lllustrated 16 cell clusters within 147,438
cells using UMAP plots. (C) Displayed marker genes for 7 distinct cell types through bubble plots. (D) Identified distinct cell types using marker genes. (E) lllustrated the
proportion of cell types through bar plots based on statistical analysis. (F) Depicted the proportion of cell types in each sample using bar plots. Levels of significance were

defined as *p < 0.05, **p < 0.01, and ***p < 0.001.

STK17B), macrophages (marked by LYZ, IL1B, CD14, HLA-DQA1, MS4A6A, CD68), stromal fibroblasts (marked by
LUM, DCN, COL6A3, PDGFRB), smooth muscle cells (marked by ACTA2, MCAM, BGN, NOTCH3, RGSS),
endothelial cells (marked by PECAMI1, PCDH17, VWF, ADGRLA4), ciliated epithelial cells (marked by FOXII1,
DYNLRB2, SNTN, C9orf24, CDHR3), and unciliated epithelial cells (marked by CDHI, EPCAM, KLF5, KRT7,
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KRTS8, PAXS8) (Figure 1C and D). The proportions of each cell type between different groups showed significant
differences after statistical analysis (Figure 1E). Notably, significant differences were observed in the proportions of
each cell type among different samples, indicating heterogeneity among tumors in endometrial cancer (Figure 1F).

Epithelial Cells in the Endometrial Microenvironment and Increase in the SOX9
+LGR5- Proportions

To gain a better understanding of the subtypes of epithelial cells, further analysis was conducted by performing re-
clustering and dimensionality reduction analysis on epithelial cells from both normal tissue and tumor samples. The
UMAP projection revealed that epithelial cells were divided into 9 clusters (Appendix Figure 1A). Using known markers

obtained from published literature, the cell clusters were assigned to six epithelial subtypes (Figure 2A). Pre-ciliated cells
and Ciliated cells showed high expression of the transcription factor FOXJ1, PGR, and PIFO, which are associated with
active cilia and ciliogenesis. Ciliated-LGR5+ cells additionally displayed high expression of LGRS5. Glandular secretory
cells exhibited high expression of GPX3, SLC26A2, PODXL, CLDN10, and PAEP (Appendix Figure 1B). There was
a significant increase in the proportion of SOX9+LGRS- cells within endometrial cancer tissues (Appendix Figure 1C).

Additionally, a notable increase was observed within the ciliated cell population (Figure 2B).

Increase in CNVs in SOX9+LGR5- and Specific Programs ldentified Through NMF
Algorithm

Endometrial cancer originates from epithelial cells. Therefore, it can be assumed that tumor cells undergoing malignant
transformation are present within the epithelial tissue. To distinguish the malignant status of cells, we calculated large-
scale chromosomal CNVs for each cell type based on the average expression patterns of the genome. We found that the
CNV levels in SOX9+LGRS5- epithelial cells were significantly higher than those in other cell types. The heatmap
revealed extensive amplifications or deletions in SOX9+LGRS5- cells (Figure 2C). Considering that the proportion of
SOX9+LGRS5- cells exhibited the greatest variation among all epithelial cell subtypes, this study posits that this cluster
played a crucial role in the development of endometrial cancer (Appendix Figure 1C and Appendix Table 2). Therefore,

GSEA analysis was conducted to investigate its biological functions. The results showed that the upregulated genes in
this cluster of cells in tumor samples mainly identified significant activation of the NFKB signaling pathway, indicating
a malignant state (Figure 2D). Considering that various subtypes of epithelial cells in tumor tissues exhibited a certain
degree of malignancy in the aforementioned results (Figure 2E), NMF analysis was performed on epithelial cells from
tumor tissues. It revealed the clustering of malignant epithelial cells into six distinct programs (Figure 2F). It can be
observed that epithelial cells may play specific roles in the regulation of cell adhesion, cell growth, cilium movement,
RNA processing, and signal transduction, among other related functions (Figure 2G). In conclusion, malignant epithelial
cells in endometrial cancer may exert different roles in tumor progression. In our study, we examined the metagenes
within the programs and identified several genes, such as LCN2, which have been previously reported to be highly
expressed in carcinogenic subgroups in studies conducted by Ren et al (Appendix Table 3). Additionally, genes like

CD44 and CD74 were also identified. These findings serve as evidence of the applicability of this method in uncovering
biological features and further understanding the gene characteristics of carcinogenic subgroups.

Trajectory Analysis Revealed the Lineage and Dynamics of Epithelial Cells

Monocle trajectory and RNA velocity analysis were performed on epithelial subtypes to establish their developmental
trajectories. Pseudotime analysis revealed that different subtypes formed a relative developmental trajectory, starting
from glandular secretory cells and gradually differentiating into SOX9+LGRS- and SOX9+LGR5+ cells, ultimately
differentiating into ciliated cells (Figure 3A and Appendix Figure 2A). In SOX9+LGRS5- cells, there was high expression

of genes recognized in other literature as a cancerous subcluster marker (Appendix Figure 2B). These cells also exhibited

high expression of markers associated with glandular epithelium, indicating that this cluster of cells is in a transitional
state between the two, playing an important role in the occurrence and development of endometrial cancer. In the overall
cells of the three clusters SOX9+LGR5+, SOX9+LGRS-, and Pre-ciliated, the proportions of spliced mRNA and
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Figure 2 Examined the cell population landscapes of epithelial cells in the endometrial microenvironment. (A) UMAP projection revealed the division of epithelial cells into
9 clusters. (B) Noted significant changes in the proportion of epithelial cells in the normal and tumor groups. (C) Identified extensive amplifications or deletions in SOX9
+LGR5- cells through a heatmap. (D) Demonstrated a high degree of malignancy in 9 clusters through CNV scoring. (E) Identified significant activation of the NFKB signaling
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specific roles of epithelial cells in the regulation of cell adhesion, growth, cilium movement, RNA processing, and signal transduction. Levels of significance were defined
as *p < 0.05, *p < 0.01, and ***p < 0.001.
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Figure 3 Established the trajectory lineage of epithelial cells and identified epithelial subtype-specific gene regulatory transcription. (A) Revealed a relative developmental
trajectory formed by different subtypes through pseudotime analysis. (B) Identified the top five TFs with high activity specific to the SOX9+LGR5- subtype of endometrial
cancer using the SCENIC algorithm. (C) Displayed the activity of the top five TFs within six epithelial cell subtypes through a heatmap. (D) Showed significantly enhanced
activity of the NFKB2 transcription factor in endometrial cancer through functional enrichment scoring. (E) Revealed significant enrichment of NFKB signaling pathways in
SOX9+LGRS5- cells from tumor samples through GO functional enrichment analysis. Levels of significance were defined as *p < 0.05, **p < 0.01, and ***p < 0.001.

unspliced mRNA were 53% and 46%, 55% and 44%, and 57% and 42%, respectively. Additionally, 1% represented
ambiguous mRNA. Overall, the spliced mRNA was more abundant than unspliced mRNA in accordance with biological
expectations (Appendix Figure 2C). It revealed a similar evolutionary trajectory, which could be clearly observed that
glandular secretory cells differentiated towards SOX9+LGRS- and SOX9+LGR5+ directions. (Figure 3A).
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Identification of Epithelial Subtype-Specific Gene Regulatory Transcription

We attempted to identify TFs to better understand the establishment and maintenance of epithelial subtypes in the
endometrial cancer tumor microenvironment. To achieve this, we applied the SCENIC algorithm to identify the top five
TFs with high activity specific to cell clusters within the epithelial subtypes of endometrial cancer (Figure 3B and C,
Appendix Figure 2D). We observed distinct patterns of highly expressed TFs in epithelial cells. MAFG belongs to the
MAF family, while FOSL1 belongs to the FOS family. Additionally, NFKB2, a member of the NFKB family of
molecules involved in regulating immune and inflammatory responses, and SMAD3, a key member of the TGFB family,

are also implicated. Through functional enrichment scoring using addModuleScore on the NFKB2 transcription factor
and its target genes, it was observed that their activity was significantly enhanced in endometrial cancer (Figure 3D). GO
functional enrichment analysis was conducted on the SOX9+LGR5- cells, revealing significant enrichment in common
cancer-related pathways such as the NFKB and TNF signal pathways (Figure 3E).

Macrophages in the Endometrial Microenvironment and Increase of the M2-like2

Proportions

To delve deeper into macrophage subtypes and enhance comprehension, we conducted a re-clustering analysis of
macrophages in both normal tissue and tumor samples. The UMAP projection unveiled the subdivision of macrophages
into 14 clusters (Appendix Figure 3A and B). Subsequently, using established markers from the literature, we categorized

the cell clusters into nine subtypes (Figure 4A and Appendix Figure 3C). Monocyte cells exhibited heightened expression

of S100A12 and S100A9, while one of the M2-like macrophages, M2 likel, displayed increased expression of genes
such as MAF, TNF, and the M2 like2 subtype specifically expressed genes like RAB13, DAB2, TXNIP, PDK4, and
C1QC. M1 _likel macrophages showcased elevated expression of genes such as FCER1A, CD1C, CLERI1A, and PLD4,
whereas M1_like2 macrophages demonstrated heightened expression of genes like FYN, TENTS5C, RORA, and ETSI.
M_remodeling cells exhibited elevated expression of genes including TPM2, MYL9, ADIRF, and MGP. DCs cells
demonstrated high expression of genes such as CCDC126, CLEC9A, and CPNE3. Mast cells displayed increased
expression of genes like TPSAB1, CPA3, and MS4A2, while neutrophils exhibited high expression of CD24. An overall
increase in the expression of M2 _macrophages and a decrease in M1_macrophages were observed in endometrial cancer.
Particularly, there was a notable rise in the proportion of M2 _like2 within endometrial cancer tissues (Figure 4B).

Increase of CNVs in Myeloid Cells and Identification of Specific Programs Through
NMF

The heatmap revealed extensive amplifications or deletions of M2 like2 cells in these cells (Figure 4C). Given the
significant variation in the proportion of M2 _like2 cells among all macrophage subtypes, this study suggested that this
cluster played a pivotal role in the development of endometrial cancer (Appendix Table 4). Enrichment analysis indicated

that the upregulated genes in M2 like2 of tumor samples primarily pointed towards a significant activation of the
Oxidative phosphorylation signaling pathway, suggesting a state of high energy consumption (Figure 4D).

Considering that various subtypes of epithelial cells in tumor tissues exhibited a certain degree of malignancy in the
aforementioned results (Figure 4E), NMF analysis was conducted on myeloid cells from tumor tissues, revealing the
clustering of myeloid cells into six distinct programs (Figure 4F). It was evident that myeloid cells may have specific
roles in inflammatory responses, fluid shear stress, atherosclerosis, NF-KB signaling pathway, and other related functions
(Figure 4G). We scrutinized the metagenes within the programs and identified the presence of the previously recognized
drug resistance gene MIF, as reported in studies by Hu et al (Appendix Table 5).

Trajectory Analysis Reveals the Lineage and Dynamics of Macrophages

Pseudotime analysis disclosed that different subtypes followed a relative developmental trajectory, commencing from
monocyte cells, progressively differentiating into M1-like cells, polarizing into M2-like macrophages, and ultimately
differentiating into M_remodeling cells, contributing to cellular remodeling functions. Macrophages were notably
abundant in tumors and displayed a continuum of macrophage activation states. Compared to normal tissues, monocyte
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Figure 4 Examined the cell population landscapes of macrophages in the endometrial microenvironment. (A) The UMAP projection revealed macrophages divided into nine
subtypes. (B) Significantly increased the proportion of M2_like2 within endometrial cancer tissues. (C) The heatmap revealed extensive amplifications or deletions in
M2_like2 cells. (D) CNV scoring of macrophages demonstrated a high degree of malignancy in 14 clusters. (E) GO functional enrichment analysis revealed significant
activation of the Oxidative phosphorylation signaling pathway in M2_like2 cells from tumor samples. (F) NMF analysis revealed clustering of malignant myeloid cells into six
distinct programs. (G) Myeloid cells played specific roles in regulating the inflammatory response, fluid shear stress, atherosclerosis, and the NF-KB signaling pathway. Levels
of significance were defined as *p < 0.05, **p < 0.01, and ***p < 0.001.
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differentiation into macrophages appeared to be less efficient, along with two subtypes of M2 macrophages, differen-
tiated into M_remodeling cells (Figure 5SA and Appendix Figure 3D). RNA velocity analysis showcased a similar

evolutionary trajectory, supporting the ongoing process of macrophage differentiation. Specifically, monocyte cells
initially differentiated into M1-like2 cells, gradually transitioning towards M2-likel type. M2-like cells also underwent
a transformation towards M2-likel type (Figure 5B). Regarding the ratio of spliced to unspliced mRNA within cells,
spliced mRNA was observed to be more abundant than unspliced mRNA (Appendix Figure 3E).

Identification of Myeloid Subtype-Specific Gene Regulatory Transcription

To better comprehend the establishment and maintenance of Myeloid subtypes, we proceeded to identify TFs using the
SCENIC algorithm. This analysis aimed to identify the top five TFs with high activity specific to cell clusters within the
Myeloid subtypes of the endometrial cancer tumor microenvironment (Figure 5C and D, Appendix Figure 4A). Distinct

patterns of highly expressed TFs were observed in each subtype. For example, the M2-like2 subtype exhibited high
activity of transcription factors such as CEBPA, STAT1, IRF9, MXI1, and MAX (Figure 5C).

Lymphocytes in the Endometrial Microenvironment

We conducted a re-clustering of lymphocytes to investigate the inherent heterogeneity of the immune microenvironment.
The lymphocytes were categorized into 17 clusters, representing 12 cell types, including CDS8 exhausted, CD4 naive,
CDS8 naive, CD4 cytotoxic, CD8 cytotoxic, Proliferation T, NK cells, Treg, ILC3, B cells, plasma cells, and NKT
(Figure 6A, Appendix Figure 5A and B). The exhausted cell type was characterized by PDCD1 and CD8A. Naive T cells
were identified by CD3D and IL7R. Cytotoxic T cells were marked by GZMA and GZMB. Regulatory T cells were
distinguished by FOXP3 and TNFRSF4. Proliferation T cells were labeled with MKI67, PCNA, and STMNI. NK cell
markers included NCAMI1, NKG7, and FCGR3A, while NKT cell markers were FGFBP2 and CX3CR1. B cell markers
were CD78B, MS4A1, and TCLI1A. Plasma cells, a specialized type of B cells, were identified by MZB1 and SDC1
(Appendix Figure 5C). Analysis of cell subtype proportions revealed significant alterations in lymphocyte ratios in

endometrial cancer tissue compared to the normal group, except for CD4 cytotoxic cells. Notably, Treg, CD4 naive, CD8
exhausted, CD8 cytotoxic, Proliferation T, plasma cells, and B cells were markedly increased (Figure 6B).

Stromal Fibroblasts in the Endometrial Microenvironment

Intense stromal reactions are commonly observed in various malignant tumors such as cervical cancer and colorectal cancer.
We re-clustered stromal fibroblasts and categorized them into 12 clusters, representing 9 cell types (Figure 6C, Appendix
Figure 5D and E). eS exhibited elevated expression of genes such as COL1A1, COL3A1, and PCOLCE. Activated fibroblasts
(Matrix FB) displayed specific gene expressions like LUM, DCN, and VCAN, while pericytes showed high expression of
RGSS and GJA4 genes. Myofibroblast markers were ACTA2, CNNI1, and FAP. Fibro C7 cells exhibited high complement C7
and OGN expressions. MKI67+FB represented a proliferating cell cluster with elevated MKI67 and PCNA expression.
Antigen-presenting fibroblasts (Ap FB) showcased high immune-related gene expressions such as CD74 and HLA-DRA.
Lipid fibroblasts (Lip FB) displayed significant FAB1 and FABP4 expressions. Furthermore, there was a cluster of endo-like
fibroblasts (Endo-like FB) with notable VWF, PECAM1, and other gene expressions (Appendix Figure 5F). The proportion of
9 different cell types within stromal fibroblasts showed a significant change between the two groups (Figure 6D). Pseudotime

analysis unveiled a relative developmental trajectory where distinct subtypes progressed from eS to activated fibroblasts
(Matrix FB), followed by differentiation into myofibroblasts and pericytes (Figure 6E, Appendix Figure 5G and H). In

endometrial cancer tissue, pericytes underwent pericyte-fibroblast transition (PFT) to differentiate into terminal FBs, con-
tributing to ECM deposition and possibly promoting tumor invasion and metastasis (Figure 6E, Appendix Figure 5G and H).

Cell Communication in the Endometrial Microenvironment and Experimental
Validation

In endometrial cancer epithelial cells, SOX9+ cells displayed significant segmental amplifications or deletions, indicating
a high level of malignancy. While current research on endometrial cancer focuses on myeloid cells at a preliminary
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Figure 5 Established the trajectory lineage of myeloid cells and identified subtype-specific gene regulatory transcription. (A) Pseudotime analysis revealed different subtypes
forming a relative developmental trajectory of myeloid cells. (B) RNA velocity analysis showcased different subtypes forming a relative developmental trajectory of myeloid
cells. (C) Identified the top five TFs with high activity specific to M2_like2 in endometrial cancer using the SCENIC algorithm. (D) The heatmap displayed the activity of the
top five TFs with high activity specific to nine myeloid subtypes.
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Figure 6 Examined the cell population landscapes of lymphocytes and stromal fibroblasts in the endometrial microenvironment. (A) The UMAP projection revealed
lymphocytes divided into 12 subtypes. (B) Significantly changed the proportion of lymphocytes in the normal and tumor groups. (C) UMAP projection revealed stromal
fibroblasts divided into nine subtypes. (D) Significantly changed the proportion of stromal fibroblasts in the normal and tumor groups. (E) Pseudotime analysis revealed
different subtypes forming a relative developmental trajectory of stromal fibroblasts. Levels of significance were defined as *p < 0.05, **p < 0.01, and **p < 0.001.

annotation stage and differentiation trajectory, this study concentrated on myeloid cells in the immune microenvironment
to offer fresh insights. M2 like2 macrophages were identified as terminally differentiated cells, with their proportion
significantly heightened in the tumor microenvironment. CNVs and gene enrichment analysis suggested a potential pro-
cancer role for these cells, leading to their inclusion in the cell communication analysis. Matrix FBs within the stromal
fibroblast population exhibited notable changes in the cell evolutionary trajectory, representing the largest proportion of
stromal fibroblasts in tumor tissues and significantly increased compared to the normal group. Consequently, this cluster
was also included in the cell communication analysis.
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In this study, we utilized the R package CellChat to conduct a systematic cell communication analysis focusing on
SOX9+LGRS5-, SOX9+LGR5+, M2 like2, M2 likel, and Matrix FBs, with a specific emphasis on receptor-ligand
interactions. Initially, we visualized the overall interaction between the cell groups. Subsequently, through chord plots
and heatmaps, we displayed the level of interaction between different cell groups. Figure 7A illustrated a lower number
of cell communications in the Tumor group, with higher intensity, indicating an intriguing phenomenon. Our primary
focus was on the strength of cell-to-cell communication, revealing that SOX9+LGRS5- cells and M2 _like2 in the Tumor
group engaged in particularly strong communication (Figure 7B), suggesting their critical role in the tumor microenvir-
onment. Similar conclusions were drawn from the cell-receiving and cell-signaling graphs (Figure 7C). The tumor group
exhibited a robust outgoing interaction strength of SOX9+LGRS- and Matrix FB, along with a potent incoming
interaction strength of M2 _like2 (Figure 7C, Appendix Figure 6A and B), indicating a heightened level of communica-

tion between malignant epithelial cells and the entire microenvironment in endometrial cancer development.

By progressively narrowing down our focus to the most intense communication, we centered on M2_like2 and SOX9
+LGRS- cells. Further ligand analysis unveiled that these cells generated robust signals through MIF-(CD74+CD44)
interactions (Figure 7D and Appendix Figure 6C). Immunofluorescence co-localization revealed that MIF is co-expressed

with the epithelial cell marker E-cadherin in EC tissues, suggesting a high level of MIF expression in EC epithelial cells
(Figure 7E). In our previous study, we identified the highly active transcription factor NFKB2 in the SOX9+LGRS5- cell
subset through SCENIC analysis. Additionally, GSEA analysis on the NFKB2 transcription factor indicated a significant
enhancement of its activity in endometrial cancer. Notably, our investigation revealed that NFKB2 regulates the target
gene CD44, which was highlighted in bold in Appendix Table 6. We hypothesized the interaction between MIF and
CD44 was mediated by NFKB2. There appeared to be robust crosstalk between the M2 _like2 and SOX9+LGRS5- cells,
where the highly active transcription factor NFKB2 in the SOX9+LGRS5- cells modulates CD44 by interacting with MIF
on the M2 _like2 cells. To explore whether NFKB2 mediates MIF’s regulation of CD44 in epithelial cells, we conducted
cell-based experiments. We first evaluated NFKB2 and CD44 protein expression across five EC cell lines, finding that
CD44 was highly expressed in RL95-2 and KLE cells but lower in Ishikawa, HEC-1a, and AN3CA cells. Conversely,
NFKB?2 levels were low in Ishikawa cells and higher in the other four lines (Figure 7F and Appendix Figure 7A). We
then observed that recombinant human MIF (thMIF) enhanced NFKB2 and CD44 expression in Ishikawa cells
(Figure 7G and Appendix Figure 7B). siRNA knockdown of NFKB2 reduced rhMIF-induced CD44 upregulation
(Figure 7H and Appendix Figure 7C-E).

Gene Expression and Survival Analysis
TCGA Data Analysis observed that the mRNA expression levels of MIF and NFKB2 in endometrial cancer tissues were
significantly higher than those in the Normal group, whereas the opposite was true for CD44 (Figure 8A). Furthermore,
single-cell sequencing data revealed substantially increased expression levels of MIF, NFKB2, and CD44 in endometrial
cancer compared to the normal group (Figure 8B).

By analyzing publicly available endometrial cancer data from TCGA (https://cancergenome.nih.gov/), we delved into

the clinical significance of these genes. Survival analysis unveiled a significant statistical variance in patient survival time
between high and low CDA44 expression levels. These findings underscored that high expression of CD44 served as
a negative prognostic indicator for EC patients (Figure 8C). Combining NFKB2 and CD44 into a gene panel, where high
expression of either gene denoted high expression, our study demonstrated that this gene panel also correlated with
unfavorable survival outcomes (Appendix Figure 7F).

Discussion

The tumor microenvironment comprises various components that intricately interact to propel the malignant transforma-
tion and progression of endometrial epithelial cells. Single-cell transcriptome analysis has emerged as a pivotal tool for
exploring the tumor microenvironment, unraveling its multidimensional intricacies, and delving into the pathogenesis,
diagnosis, and treatment of tumors. In this study, we conducted a comprehensive integration analysis of publicly
available scRNA-seq data on EC, aiming to restructure the microenvironment at a single-cell resolution. In addition to
insights gleaned from existing literature on single-cell analysis of EC, this study also referenced markers linked to normal
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Figure 7 Cell Communication in the Endometrial Microenvironment and Experimental Validation (A) Bar plots indicated fewer cell communications in the Tumor group,
with a higher intensity of cell communication. (B) NetVisual chord plots illustrated strong communication between SOX9+LGR5- cells and M2_like2 in the Tumor group. (C)
Cell-receiving and cell-signaling plots displayed the strong outgoing interaction strength of SOX9+LGR5- and Matrix FB, and the strong incoming interaction strength of
M2_like2. (D) Receptor-ligand plots showed strong interactions between M2_like2 and SOX9+LGR5- mediated by the ligand-receptor pair MIF-(CD74+CD44) expression
of MIF, NFKB2, and CD44. (E) Immunofluorescence co-localization revealed that MIF was co-expressed with the epithelial cell marker E-cadherin in EC tissues. (F) NFKB2
levels were low in Ishikawa cells and higher in the other four lines. (G) rhMIF enhanced NFKB2 and CD44 expression in Ishikawa cells. (H) siRNA knockdown of NFKB2
reduced rhMIF-induced CD44 upregulation. -: indicated the absence of rhMIF treatment; +: indicated the presence of rhMIF treatment; NC: negative control siRNA; #1, #2,
#3: represented three different siRNA sequences targeting NFKB2.
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Figure 8 Gene Expression and Survival Analysis. (A) mRNA expression levels of MIF, NFKB2, and CD44 in EC tissues. (B) mRNA expression levels of MIF, NFKB2, and
CD44 of single-cell sequencing data in EC tissues were significantly higher than those in the normal group. (C) Survival analysis revealed differences in patient survival time
between high and low mRNA expression levels of MIF, NFKB2, and CD44. Levels of significance were defined as *p < 0.05, **p < 0.01, and ***p < 0.001.

menstrual cycles and other markers specific to endometrial cells.>’>° Consequently, we provided detailed annotations of
subtypes within epithelial cells, macrophages, lymphocytes, and stromal fibroblasts.

In this study, we consulted multiple studies on the endometrium and furnished detailed annotations of epithelial cells,
encompassing the SOX9+ cell types (SOX9+LGRS5- and SOX9+LGR5+), glandular secretory epithelial cells, and
ciliated epithelial cells. This study serves as the comprehensive report on epithelial cell annotations in EC research.
Our study unveiled that the menstrual cycle in EC deviated from normal conditions, leading to the manifestation of
characteristics of both glandular secretory epithelial cells and ciliated epithelial cells in SOX9+ cell types. In essence,
these cells transitioned from glandular secretory epithelial cells.

Guo et al® postulated that stem cell-like epithelial cells differentiate into glandular secretory epithelial cells, which
subsequently transform into ciliated cells. Another study® suggested that glandular secretory non-ciliated epithelial cells
act as the source of EC and progress through carcinogenic subgroups to evolve into ciliated epithelial cells. Our research
complemented the findings of these studies. Specifically, SOX9+LGRS5- represented a cluster of aggressively prolifera-
tive epithelial cells with a high expression of the SOX9 gene, originating from glandular secretory epithelial cells.
According to the inferred copy number results, SOX9+LGRS- exhibited a higher degree of malignancy, while SOX9
+LGRS5+ also demonstrated copy number alterations. These findings align with existing literature, indicating a significant
correlation between SOX9+LGR5+ or SOX9+LGRS5- cells and poor prognosis in EC.*°
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A prior study identified LCN2+/SAA1/2+ cells as a distinct subgroup associated with endometrial tumor
development.®*! In our study, NMF analysis of malignant epithelial cells unveiled six programs, with the feature
genes of program four encompassing LCN2, SAA1, and SAA2. This implies that the NMF algorithm may serve as
a suitable tool for uncovering biological processes, effectively simplifying large and complex matrices into a few
interpretable gene programs. This methodology proves particularly useful for highly heterogeneous tumor cells, with
potential for further in-depth exploration in the future.*?

This study corroborated the previous findings, illustrating the phenomenon of macrophage polarization from M1 to
M2. Macrophages adhered to the continuum activation model. However, our research indicated that M_remodeling cells
represented the terminal differentiation state, potentially influencing extracellular matrix remodeling.*®> Functional
enrichment analysis pinpointed M2 _like2 cells as the predominant subset of macrophages, actively engaging in NFKB
signaling pathways. M2-like2 subtype exhibited high activity of transcription factors such as CEBPA, STATI, IRF9,
MXI1, and MAX. CEBPA likely plays a role in promoting the activation and maturation of M2-like macrophages,
leading to the production and release of cytokines and molecules involved in interacting with the tumor microenviron-
ment. STAT1, as a signaling transducer, may be associated with anti-tumor immunity. IRF9 is an interferon regulatory
factor involved in regulating the interferon signaling pathway. MXI1 and MAX are both MY C-interacting proteins, and
their activation may contribute to tumor development by activating the MYC pathway. These findings shed light on the
gene regulatory networks that support Myeloid plasticity by identifying key TFs responsible for regulating or maintaining
the gene expression programs within the identified Myeloid subtypes.

Cell communication analysis suggested that M2 _like2 cells exert varying degrees of influence on non-immune cells,
underscoring their pivotal role in the tumor immune microenvironment. Through the evolution of macrophages,
functional enrichment analysis, and the heightened expression of specific marker genes, the M2 like2 cells delineated
in this study likely corresponded to the same cluster as the C1QC+ macrophages mentioned in Guo et al’s research.

Beyond published research, this study identified a cell cluster, M2 likel, characterized by elevated expression of TNF
and MAF genes.*® Within the Tumor group, this subtype transitioned into M_remodeling alongside M2 _like2 in the
terminal phase of macrophage differentiation. Given the inefficient initiation of monocytes in trajectory differentiation
within the Tumor group, yet their swift differentiation into two M2 subtypes at the culmination of differentiation, it
appears to represent an adaptive response to M2 polarization, further evolving into M_remodeling. Further investigation
is warranted to comprehend the functional significance of this rapid transition in EC. Guo’s study noted that activated
macrophage populations exhibited low expression of IL-1B, indicating their anti-inflammatory characteristics. Building
on these insights, steering macrophage transcriptomes toward the M1 phenotype could emerge as a potential therapeutic
avenue for EC. Our study reached similar conclusions, suggesting that impeding macrophages from polarizing into M2
and M_remodeling subtypes, or promoting the differentiation of more monocytes into M1 macrophages, could constitute
promising anti-cancer strategies.

Macrophage Migration Inhibitory Factor (MIF) serves as a versatile protein with dual roles as a pro-inflammatory
cytokine and a chemotactic factor, regulating the expression of other pro-inflammatory factors.***> MIF promotes the
expression of a(v)B(3) integrin and vascular endothelial growth factor in EC cells.>® Besides, knocking down MIF
in vitro can suppress the proliferation and migration of EC cells.’**” Notably, a recent publication in study highlighted
MIF as a key drug resistance factor in EC.*® Targeting MIF could prove pivotal in combating the onset and drug
resistance mechanisms of EC. CD44, a gene associated with tumor metastasis, belongs to the cell adhesion molecule
family®® and serves as a marker for tumor stem cells. Dysregulated CD44 expression has been observed across various
cancers such as ovarian, breast, pancreatic, gastric, and colorectal cancers. The level of CD44 expression closely
correlates with tumor proliferation capacity, differentiation status, and patient prognosis. A previous study indicated
that NF-kB regulates CD44 expression, impacting the proliferation and invasiveness of breast cancer cells.***' Our
findings suggest that communication between the M2 _like2 macrophage cluster and the SOX9+LGRS5- cell cluster within
TAMs of EC may be mediated through the MIF-(CD74+CD44) signaling axis. Transcriptional regulatory analysis
indicates that this interaction may be controlled by the transcription factor NFKB2. Further immunofluorescence co-
localization revealed that MIF was co-expressed with the epithelial cell marker E-cadherin in EC tissues. In vitro, MIF
stimulation enhances the expression of NFKB2 and CD44 proteins in EC epithelial cells, while NFKB2 knockdown

International Journal of Women’s Health 2025:17 hetps: 3309



Zhang et al

inhibits MIF-induced CD44 expression. An important consideration arising from our survival analysis was that while
high expression of CD44 was significantly associated with poor patient prognosis, a similar correlation was not observed
for its upstream regulators MIF and NFKB2 at the bulk transcriptomic level. This apparent discrepancy highlighted the
intricate nature of tumor biology and can be interpreted through several lenses. First, the biological functions of MIF and
NFKB2 are primarily dictated by post-translational modifications and protein activity, not just mRNA abundance.
Second, our single-cell data revealed that this signaling axis was specific to the interaction between M2 _like2 macro-
phages and SOX9+LGRS5- epithelial cells; this context-specific effect was likely diluted and masked in bulk tissue
analyses. Finally, CD44 acts as a downstream convergence point for multiple oncogenic pathways, making its expression
a more robust, integrated marker of tumor progression.

Our investigation into lymphocytes corroborated existing research, revealing a notable increase in Treg cells in EC.®
In a study by Chen et al, there was only a trend towards increased CD4 naive, CD8 exhausted, and B cells in EC;
however, our research identified statistically significant differences, underscoring the advantage of a larger sample size in
enhancing research robustness. Moreover, a study found that specific tumor-infiltrating lymphocyte subtypes correlated
with improved overall survival. Interestingly, our results indicated a contrasting role for Treg cells, aligning with findings
from a previous study. Notably, FOXP3+ CD4 Treg lymphocytes associated with immune suppression were notably
enriched in EC samples, hinting at potential immune evasion mechanisms in EC. Ligand-receptor pairs like CD74-MIF,
CD74-COPA, and CD74-APP may facilitate interactions between cytotoxic CD8 cells, Treg cells, and other cells,
suggesting avenues for further exploration into the communications between SOX9+LGRS5- and M2-like2 cells in
cellular escape mechanisms.

Our study delved into the evolutionary trajectory of stromal fibroblasts, where activated stromal fibroblasts differ-
entiated into myofibroblasts and pericytes. Myofibroblasts play a crucial role in tissue repair by producing collagen in
response to damage.*> However, prolonged activation can lead to excessive collagen deposition, scar formation, or
fibrosis, as seen in EC studies. Other research focused on the crosstalk between stromal fibroblasts and malignant
epithelial cells, categorizing fibroblasts into mCAF, iCAF, vCAF, and apCAF subtypes.® The vCAFs, termed pericytes in
our study, were associated with aggressive EC progression and poor prognosis, exhibiting high expression of RGS5 and
GJA4, in line with findings from Ren et al’s article.*** The previous article also noted that this cluster differentiated
relatively late, and our study suggested that pericytes may continue to differentiate into terminal fibroblasts through the
PFT process. Targeting the “pericyte-fibroblast transition” process could offer novel therapeutic avenues for preventing
and treating EC metastasis.** While the proportion of CAFs decreased in EC samples, studies have indicated their role in
enhancing endometrial epithelial cell proliferation. Our findings suggest that the Normal group may harbor a higher
proportion of quiescent stromal fibroblasts, while the Tumor group exhibits a shift towards activated stromal fibroblasts.
The late-stage differentiation process of PFT may remodel the extracellular matrix and support malignant cell growth.

The primary strength of this study lied in its comprehensive, integrated analysis of multiple single-cell datasets, which
allowed for a detailed annotation of the EC microenvironment. Critically, we moved beyond computational prediction by
providing experimental validation for the key identified MIF-NFKB2-CD44 signaling axis. We acknowledged, however,
certain limitations and nuances. For instance, while high CD44 expression was prognostic in bulk survival data, its
upstream regulators MIF and NFKB2 were not. This highlighted a broader limitation of retrospective data and under-
scores that many of our other findings remain predictive. Therefore, future work is essential to validate these interactions
and explore their therapeutic potential. A key clinical application lies in refining patient selection for Fertility-Sparing
Treatment, where understanding the tumor’s “molecular fingerprint” is paramount for success.*> Our work contributed to
this goal by identifying potential biomarkers for better risk stratification. Furthermore, future therapeutic strategies
targeting this axis could be complemented by considering the role of metabolic health and nutraceuticals, such as
inositols and alpha-lipoic acid, which are gaining attention in gynecological oncology.*®

In conclusion, our study unveiled a detailed transcriptomic landscape of human EC, shedding light on the EC
microenvironment and emphasizing the significant communication between the M2 _like2 macrophage subpopulation and
the SOX9+LGRS- epithelial cell subpopulation. NFKB2 was identified as a mediator of MIF activity through the CD44

receptor in EC, providing deeper insights into cancer initiation and progression.
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