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Purpose: Monocytes and macrophages are recognized as predominant immune populations in human glioblastoma, where they play
vital roles in tumor progression. Despite their established significance, the heterogeneity of these cells—particularly within the
monocyte compartment—remains incompletely characterized.

Methods: We comprehensively used scRNA-seq, spatial transcriptome sequencing combined with immunofluorescence and T cell co-
culture assays to illuminate the heterogeneity and function of monocyte in glioblastoma.

Results: In this study, from the perspective of ligand-receptor networks, we have identified and characterized three distinct
glioblastoma subtypes. Single-cell RNA-seq analysis further revealed that the C3 subtype with bad prognosis exhibited a higher
proportion of S100A9"#" monocytes. Spatial transcriptomics combined with immunofluorescence assays demonstrated that these
S100A9™E" monocytes were spatially adjacent to M2 macrophages, exhausted CD8+ T cells, and endothelial cells. In vitro T cell co-
culture assays revealed S100A9"€" monocyte produced elevated levels of the immunosuppressive cytokine IL-10, reactive oxygen
species (ROS) and inducible nitric oxide synthase (iNOS), all of which might impair T cell function and immune response. Notably,
elevated abundance of S100A9"€" monocyte correlated with poor patient prognosis.

Conclusion: In summary, our results deciphered the heterogeneity of monocytes in glioblastoma and identified a novel poor prognosis-
associated monocyte subset, SI00A9™€" monocytes, which foster an immunosuppressive, pro-tumorigenic microenvironment.
Keywords: tumor associated monocyte, glioblastoma, immune environment, sCRNA-seq, spatial transcriptome sequencing

Introduction

Glioma are the most common primary tumors in the brain and spinal cord and remain incurable. In 2007, the World
Health Organization (WHO) classified tumors of the central nervous system into four WHO classes I to IV."! Of these,
glioblastoma multiforme, or glioblastoma (GBM), is the most heterogeneous and malignant type of glioma, and even
with aggressive treatment, the median survival of patients is currently only about 15 months.

The suppressive tumor microenvironment (TME) of glioblastoma is an important cause of malignant progression and
treatment resistance, and the suppressive TME is mainly composed of immunosuppressive immune cells such as tumor
associated myeloid cells and regulatory T cells.”> They promote T cell apoptosis and exhaustion, and induce an
immunosuppressive microenvironment, which in turn contributes to glioblastoma progression. However, due to current
technical limitations, the understanding of the characteristics of the immune microenvironment of glioblastoma remains
relatively limited. Deciphering the complex immune microenvironment and intertumoral heterogeneity in glioblastoma is
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critical not only for understanding the mechanisms underlying tumorigenesis and progression, but also for identifying
novel immunotherapeutic targets and developing therapeutic approaches.

In recent years, the advent and rapid evolution of single-cell multi-omics technologies have revolutionized the dissection
of immune cell heterogeneity under both homeostatic and disease conditions, providing unprecedented molecular
resolution.> > New glioblastoma markers have been identified with the help of single-cell transcriptome sequencing, and
these new targets provide an important rationale for clinical therapeutic strategies and drug target development.® Importantly,
using single-cell transcriptome sequencing and bioinformatics analysis, we are able to more precisely resolve the hetero-
geneity of the immune microenvironment cells of glioblastoma at single-cell resolution and delineate the key molecular
signaling pathway as well as gene regulatory networks in play, which paves the way for a more systematic and precise
understanding of heterogeneity of glioblastoma patients.”* In addition, single-cell transcriptome sequencing further provides
unprecedented resolution to dissect intercellular crosstalk within the tumor microenvironment and delineate its underlying
molecular circuitry, thereby advancing our mechanistic comprehension of glioblastoma pathophysiological evolution and
informing the development of next-generation multimodal therapeutic regimens.>*"'°

Collectively, in this study, we identified the novel immunosuppressive monocyte sub-population as well as the
potential signaling pathway of their immunoregulatory function. These findings are expected to provide new ideas and
theoretical basis for the precision treatment of glioblastoma.

Materials and Methods

Acquisition and Processing of TCGA Data

RNA-seq data for glioblastoma as well as survival-related data were obtained from the UCSC Xena database (https://xena.
ucsc.edu/), which contains survival data for 649 patients as well as gene expression data for 173 patients, and patients with
only both expression data and survival data were retained for subsequent analysis, with a total of 167 patients were finally
used for subsequent analysis.

Hierarchical Clustering Analysis

First, we obtained ligand and receptor genes from published data, then we utilized the “hclust” function to perform
hierarchical clustering analysis with setting cluster method as “ward.D2”, and ultimately identified three glioblastoma
subgroups with significant differences in ligand and receptor gene expression patterns.''

Survival Analysis

Survival analysis was performed using the “Surv” function in the survival package in R. The “ggsurvplot” function in the
survminer package was used to visualize the data. For the prognostic analysis of S100hi_Mono, the top 50 signature
genes of S100hi_Mono were got following differentially expressed genes(DEGs) analysis, which were further subjected
to gsva scoring analysis. Then all the patients were further divided into high and low groups based on the S100hi_Mono
score and used for survival analysis.

Principal Component Analysis (PCA) and T-Distributed Stochastic Neighbor
Embedding (T-SNE) Analysis

To visualize the three glioblastoma groups, PCA and t-SNE analysis were performed. Firstly, we screened the top
2000 high variable genes that were significantly different between patients based on the variance of the genes, and then
we used princomp package to perform PCA and the Rtsne package to perform t-SNE analysis, and then we used ggplot2
to visualize the results of the PCA and t-SNE analysis.

Differential Expression Analysis

DEGs among the three groups of patients were calculated using the limma package using “one vs all” method. P values
were corrected using FDR, and all genes with adjusted P-values less than 0.05 were used for subsequent visualization and
further enrichment analysis. DEGs were visualized using the “pheatmap” function in the Pheatmap package.
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Functional Enrichment Analysis
We utilized the clusterProfiler package for GO enrichment analysis for the DEGs, Go terms with P values less than 0.05
were retained and subjected to visualization using ggplot2 package in R.'?

Gene Sets Scoring
Firstly, thirteen tumor state related gene sets were downloaded from CancerSEA database, HALLMARK gene sets were
downloaded from Msigdb database (https://www.gsea-msigdb.org/) and myeloid derived suppressive cells (MDSC)

related gene sets were obtained from published literature.* Secondly, the gene sets scores were obtaining using ssgsea
method in GSVA package in R."® Finally, the result were visualized using heatmap via pheatmap package or box and
violin plot using ggplot2 package.

Immune Microenvironment Deconvolution Analysis

In order to infer the infiltration of immune cells in the each glioblastoma patient, the deconvolution method based on
transcriptomic dataset was performed using “deconvo_tme” function in the IOBR package in R with setting the method
as “cibersort”.'"* And the predicted cell percentage of immune cells infiltrated in different groups were visualized using
the “VInPlot” function.

Acquisition and Processing of Single-Cell Transcriptome Data

Firstly, we obtained the single-cell transcriptome data of glioblastoma from the published literature.'> The following
downstream single cell RNA-seq data analysis was performed using Seurat package in R, which mainly including the
quality control of the data, normalization, HVGs detection, dimensionality reduction, and clustering analysis. The
populations obtained from unsupervised clustering were subsequently annotated based on the expression of marker
genes reported in previous literature and differential genes between cell clusters. DEGs detection was performed using
the “FindAllMarkers” function (method = “wilcox™) in Seurat.

Cell-Cell Interaction Analysis

We used CellChat software to analyze the interactions between immune cells. The main process of the analysis included
the construction and initialization of CellChat objects, the inference of cellular communication networks, and the
visualization of cellular communication networks.'® We used “netVisual circle” function to visualize the emphasis of
interactions between different populations, “netAnalysis computeCentrality” and “netAnalysis_signalingRole network”
function to analyze and visualize the roles that different cell types play in signaling. Ligand and receptor pairs screened
for statistical differences between groups were visualized using the “netVisual bubble” function.

Immunofluorescence Assay

The collected GBM samples were isolated, fixed with 4% paraformaldehyde for 2 h at 4 °C, embedded in paraffin, and sectioned
at 6-8 um with Leica RM2235. Sections were deparaffinized with ethanol of gradient concentration, then blocked in blocking
solution (Zhongshan golden bridge) for 30 min at room temperature, followed by incubation with primary antibodies overnight at
4 °C. After 3 washes (3 min each) in PBS, sections were incubated with corresponding secondary antibodies (Zhongshan golden
bridge) for 30 min at room temperature. After 3 washes in PBS, sections were stained with DendronFluor TSA (Histova, NEON
4-color IHC Kit for FFPE, NEFP450, 1:100, 20—60 s). The primary and secondary antibodies were thoroughly eluted by heating
the slides in citrate buffer (pH 6.0) for 20 min at 95 °C using microwave. Serially, each antigen was labeled by distinct
fluorophores. After all the antibodies were detected sequentially, the slices were finally stained with DAPI. Images were collected
by confocal microscope (Nikon Ti-E A1/ ZEISS LSM 880). The primary antibodies: CD31 (Abcam, ab182981), S100A9 (CST,
D5060), CD8 (Abcam, ab237709), PD1 (Abcam, ab237728), MARCO (Abcam, ab239369), MANNOSE (Abcam, ab64693).
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Fluorescence Activated Cell Sorting

CD45-BV421 (BD, 563879), CD14-BV786 (BD, 561712), CD300e-PE (Invitrogen, PA5-53324 and CD11c-APC-Cy7
(Biolegend, 337217) antibodies were used to label the digested GBM cells. Cells were incubated at 4°C with antibodies
in the dark for 20 to 30 minutes. After staining, cells were washed and resuspended in PBS with 1% BSA and 2% 7-AAD
(eBioscience, 2238457). The CD45'CD11¢"'CD14'CD300e” and CD45"CD11¢'CD14°CD300e" population were simul-
taneously sorted with Aria 3 Flow Cytometer (BD Bioscience). The detailed sorting strategy was shown in results. Data
were analyzed using FlowJo V10 software.

T Cell Suppression Assay

We first isolated CD8" T cells from PB of healthy donors using the T cell isolation kit according to the manufacturer’s
instructions. T cells were stained with 10 pmol/ L proliferation dye eFluor™ 450 and cultured in RPMI 1640 medium
containing 10% FBS, 100 IU/mL penicillin and 100 mg/mL streptomycin, 1 mM sodium pyruvate and 55 uM B-
mercaptoethanol for mixed leucocyte reaction. Sorted CD300E" or CD300 monocyte were co-cultured with eFluor™
450-labeled T cells at a 1:1 ratio in 96-well plates. After 72 h of incubation, CD8" T cell proliferation was assessed by
eFluor™ 450 dilution and flow cytometry. Supernatants of co-cultures were collected to measure supernatant cytokine
levels by ELISA. ROS measurements were determined using the Reactive Oxygen Species Assay Kit (Beyotime
Biotechnology, China).

Enzyme-Linked Immunosorbent Assays

The culture supernatant was collected to detect the IL-2, IL-10, IFN-ylevels. The quantification of cytokines in the
supernatant was performed using a human ELISA detection kit in accordance with the instructions provided by the
manufacturer.

Results
|dentification of Novel Immunosupressive Glioblastoma Subtype Based on Ligand and

Receptor Network

Ligand and receptor genes have been reported to be key components for cell communication in tumor environment. On
basis of the reported ligand and receptor genes, we perform unsupervised cluster analysis on the RNA-Seq data of
glioblastoma patients in TCGA database. Hierarchical clustering revealed that these ligand and receptor genes were
categorized into three gene modules, and based on the expression of these three modules, the glioblastoma patients were
categorized into three groups, namely C1, C2, and C3 (Figure 1A). C1 lowly expresses all the ligand and receptor genes
in all three gene modules. C2 highly expresses the ligand and receptor genes of gene module3, while C3 highly expresses
the ligand and receptor genes of gene modulel. Compared to C1, C2 and C3 highly expresses the ligand and receptor
genes in gene module2 (Figure 1A).

By performing a survival analysis of the three newly identified subtypes of glioblastoma patients, we found that the
three GBM subtypes exhibited significant survival differences, with C3 having the worst prognosis, whereas C1 and
C2 had comparable prognoses (Figure 1B). To further investigate the differences in the transcriptomic profile of the three
GBM subtypes, we performed GO enrichment analysis using the ligand and receptor genes enriched in the three gene
modules. The results showed that gene module 1 was mainly enriched for GO terms related to cell adhesion, leukocyte
chemotaxis, cell proliferation, myeloid cell migration, and organization of extracellular matrix. Gene module 2 was
enriched for the JAK-STAT signaling pathway and neuropeptide signaling pathway. Gene module 3 was enriched for the
neuron development-associated signaling pathway, including terms related to axon formation, axon guidance, and trans-
synaptic signaling (Figure 1C).

Differences in Transcriptomic Profiles Among the Three GBM Subtypes
To comprehensively understand the difference among the three GBM subtypes, we further performed differential
expression analysis. Consistently, we found that C2 highly expressed genes associated with synapse organization and
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Figure | RNA-seq analysis on basis of ligand and receptor genes identified three GBM subtypes. (A) Heatmap show the expression of three gene modules in the three GBM
subtypes. (B) Survival analysis of the three GBM subtypes. (C) GO terms enriched in the three gene modules.

assemble, including SPTBN2, BSN, GDAP1, and PTPN4. C3 exhibited high expression of genes associated with
neutrophil activation (PLAUR, TNFRSF1B, C5AR1, LAIRI1, and ALOXS5), T-cell activation (RAC2, TGFBR2, and
IL4R), and neutrophil degranulation (SIGLEC9 and DOK3), as well as cell adhesion-related genes such as ITGB2,
ICAM1, and ITGAM. (Figure 2A and B). These GO terms derived from DEGs among the three GBM subtypes showed
high consistency with those from ligand and receptor gene modules in Figure 1. Intriguingly, C3 also displayed high
expression of genes associated with leukocyte chemotaxis (CCRS, CXCR4, CCR1, S100AS, IL16, C3AR1, IL6R, CCR2,
and CXCL16), and immunosuppression (IL4R, IL1I0RA, HAVCR2, ARG1, and IL10) (Figure 2A-D), indicative of its
immunosuppressive characteristics. Given that C3 highly expresses GO terms related to myeloid cells, we further
investigated the expression of signature genes of the major myeloid cell lineages in the three groups. We found that
C3 highly expressed the monocyte signature genes CSFIR, CD14 and FCGR3A (encoding CD16), the macrophage
signature gene C1QA, and the granulocyte signature gene CSF3R (Figure 2E), which suggests an high enrichment of
myeloid immune cells in C3 group.

Differences in Tumor Cell State Among the Three GBM Subtypes

In order to resolve the differences in tumor cells states of the three GBM subtypes, we evaluated fourteen functional
states of the tumors using gene sets from CancerSEA database.'” We found that the C3 group showed enhanced
expression of signaling pathways associated with apoptosis, hypoxia, angiogenesis, quiescence (Figure 3A).
Furthermore, C3 also highly expressed signatures related to tumor invasion, epithelial-mesenchymal transition, and
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Figure 3 The difference in tumor cell state of the three GBM subtypes. (A) Heatmap showing the expression of |3 CancerSEA tumor cell states. (B) Heatmap showing the
difference in expression of HALLMARK gene sets. (C) Box plots show the expression of angiogenesis related genes in the three GBM subtypes. (D) Violin plots showing the
cell proportion derived from deconvolution analysis. (E) Box plots displaying the expression of curated immunosuppressive gene sets. (F) Heatmap showing the expression
of immune checkpoint and exhaustion related genes. (G) Box plots exhibiting the expression of MDSC, and tumor associated macrophage related genes.

metastasis (Figure 3A), suggesting the highly invasive and metastatic characteristics of C3 group tumors. Next, we
explored the differences in important signaling pathways among the three GBM subtypes using the classical Hallmark 50
gene sets, and our results showed that C3 exhibited higher expression of feature genes associated with glycolysis, which
might attribute to the enrichment of hypoxia signaling pathway in C3 (Figure 3B). The C3 group was also enriched for
angiogenesis-related pathway and genes such as VEGFA/C/D, ANGPT1 and ANGPT2, NRP1, EFNB2 and EPHB4,
suggesting that C3 GBM subtype had more active angiogenesis (Figure 3B and C), which supported rapid tumor growth,
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strong invasion and metastasis properties. Moreover, the C3 group expressed exhibit higher levels of P53 signaling,
hedgehog signaling, and KRAS signaling (Figure 3B), all of which have reported to play roles in tumorigenesis. It is
noteworthy that C3 was also enriched for TGFB signaling pathway as well as reactive oxygen species production-related
signaling pathways (MPO, NQOI1, SOD2, and LSP1), which have all been reported to play important roles in
immunosuppression function (Figure 3B and C).'®2° All these results suggest a immunosuppressive microenvironment
of patients in C3 subtype glioblastoma.

Differences in the Immune Microenvironment Among the Three GBM Subtypes
We further delineated the differences in the tumor immune microenvironment between the three GBM subtypes using
deconvolution method, and we found that the C3 group have higher percentages of CD8" T cells, resting NK cells while
lower percentages of CD4" memory T cells and activated NK cells (Figure 3D). Furthermore, the C3 group have higher
proportion of macrophages with M2 characteristics and a smaller proportion of macrophages with M1 characteristics
relative to the C1 and C2 groups (Figure 3D). All these results further confirmed the immunosuppressive microenviron-
ment of the C3 group. Previous studies have shown that a greater proportion of regulatory T cells (Treg), myeloid-derived
suppressive cells (MDSC), as well as exhausted cytotoxic immune cells, are key features of the immunosuppressive
tumor microenvironment.?'*?

We therefore further evaluated these immunosuppressive characteristics in the three GBM subtypes and found that the
C3 group exhibited higher levels of T cell exhaustion signatures, suggesting a low response status of T cells in the C3
group (Figures 3E). In addition, the C2 and C3 groups had lower levels of immune activation and inflammation-related
signaling pathways compared to the C1 group, such as type I interferon responses and the IFNG signaling pathway
(Figure 3E). In addition to lower percentage of inflammatory immune cells and lower expression of inflammatory
signaling pathway, the C3 group was also enriched for anti-inflammatory associated immune cell populations such as
Treg and MDSC (Figure 3E). We further examined the expression of key genes associated with tumor-associated
macrophages (TAM) (SPP1, APOE and TREM2), MDSC (OLRI1, IL10, ARGl and IDO1), as well as immune
checkpoint molecules (TIGIT, PDCDI1, CTLA4, LAG3, and HAVCRZ).23 We found that all these molecules showed
higher expression levels in C3 group relative to C1 and C2 groups (Figure 3F and G). Taken together, our results revealed
the significant and complex immunosuppressive microenvironment in the newly identified C3 GBM subtype.

|dentification of Monocyte and Macrophage Heterogeneity in Human Glioblastoma
To further understand the immunosuppressive microenvironment of glioblastoma, we integrated and reanalyzed the
single-cell transcriptomic data of 4 newly diagnosed glioblastoma patients.'> By using a graph clustering-based com-
munity detection algorithm, we identified sixteen cell types, among which eight immune cell types were identified
namely monocyte (CD14, FCN1 and LYZ), macrophage and microglia (C1QB and P2RY12), conventional dendritic cell
(cDC) (CLEC10A, HLA-DPA1 and HLA-DPB1), plasmacytoid dendritic cells (pDC) (IRF8, CLEC4C and IL3RA),
natural killer cells (NK) (NCR1, KLRD1 and NKG7), T cell (CD3D, CD2 and CD7), and B cell (CD19, CD79A and
JCHAIN) (Figures 4A-D).

We further focused on monocyte and macrophage populations, by unsupervised clustering analysis two monocyte
clusters and seven macrophage sub-populations were recognized (Figure 4E). The two monocyte sub-clusters,
CD52 Mono and S100hi_Mono, shared the expression of monocyte signature genes such as LYZ, FCNI1 and LSP1,
with the former showing higher expression of CD52 and the latter highly expressing SI00A9 and S100A8. Notably, the
S100hi_Mono also expressed high levels of angiogenesis gene VEGFA and epidermal growth factor ligand genes such as
AREG and EREG, which have been reported to promote cell proliferation of tumor cells and induce immunosuppressive
microenvironment, suggesting its important roles in occurrence and progress of glioblastoma (Figure 4F and G).
Additionally, we also identified microglia and six macrophage sub-populations, including two inflammatory macrophage
clusters (IFIT Mac and Cycling Mac) and four anti-inflammatory macrophage populations, namely AREG Mac,
MARCO_ Mac, SEPP1 Mac and CCL4 Mac. GO analysis showed that anti-inflammatory macrophage clusters enriched
terms associated with response to hypoxia and S100hi_Mono exhibited the enrichment of chemotaxis and immune response
regulation-related terms (Figure 4H).
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Figure 4 Monocyte and Macrophage heterogeneity in human glioblastoma. (A) UMAP visualization of major cell types in scRNA-seq data of human glioblastoma patients.
(B) UMAP visualization of cells in panel with patient information mapped onto. (C) Dot plot showing the expression of indicated genes. (D) Dot plot showing the expression
of top 3 DEGs for each cluster in panel A. (E) UMAP plot showing nine monocyte and macrophage sub-clusters with cell identities mapped onto. (F) Dot plot showing the
feature genes used to defined cell clusters in panel E. (G) Dot plot showing the top 5 DEGs for cell clusters in panel E. (H) Dot plot showing the results of GO enrichment
analysis.
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The immune regulatory characteristics of S100hi_Mono inspired us to investigate the immunosuppressive role of these
monocyte and macrophage clusters. To this end, we examined the expression of TAM signatures and immunosuppressive
genes in these monocyte and macrophage sub-populations. We found that all the seven macrophage clusters highly expressed
TAM-related genes such as SPP1, APOE and TREM?2 as well as high M2 macrophage score (Figure SA and B). Intriguingly,
despite the low expression of TAM signature, S100hi_Mono showed high expression of MDSC associated genes such as
OLRI and IL1B, implying its immunosuppressive roles (Figure 5A). As expected, S100hi_Mono exhibited highest MDSC
score related to other monocyte and macrophage clusters and high level of anti-inflammatory score (Figure 5B). In addition,
S100hi_Mono showed high expression of angiogenesis score, suggesting its crucial role in promoting angiogenesis in tumor
(Figure 5C).

To further investigate the relationship between these monocyte-macrophage sub-clusters and aforementioned poor
prognostic C3 GBM subtype. We examined the expression of C3 highly expressed ligand and receptor genes (Figure 2)
in these nine monocyte and macrophage clusters. We found that S100hi_Mono displayed higher expression of C3-related
ligand and receptor genes, which was similar to the gene set scoring analysis (Figure 5D and E). Moreover, we further
checked the expression of top 50 DEGs of S100hi_Mono in the three different GBM subtypes shown in Figure 1. The
result indicated that the expression levels of these genes were higher in C3 GBM subtype, implying higher proportion of
S100hi_Mono in C3 might be associated with poor prognosis of C3 GBM subtype (Figure 5F).
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Figure 5 Immunosuppressive characteristics of the monocyte and macrophage sub-clusters. (A) Dot plot showing expression of TAM and MDSC related genes in nine
monocyte and macrophage sub-clusters. (B) Violin plots showing the gene set score of Type | interferon response, anti-inflammatory, MDSC and M2 macrophage. (C)
UMAP plot showing the angiogenesis score in all the nine monocyte and macrophage clusters. (D) Violin plots showing the gene set score of C3 highly expressed ligand and
receptor genes. (E) Heatmap showing the expression of ligand and receptor genes highly expressed in C3 group. (F) Heatmap showing the expression of top 50 signature
genes of S100hi_Mono in the three GBM subtypes.
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S100hi_Mono Promote Angiogenesis and M2 Polarization in GBM

In order to understand the cellular and molecular basis by which S100hi_Mono exerts immunosuppressive effects, we
performed cell-cell interaction analysis using CellChat, and we found that the S100hi_Mono showed strong interactions
with T cells, especially with CD8+ exhausted T (Figure 6A). Additionally, S100hi Mono also exhibited strong cell
communications with anti-inflammatory macrophage such as AREG Mac and SEPP1 Mac (Figure 6A). Specifically,
S100hi_Mono might recruit TAMs and CD8+ exhausted T cells via chemotaxis-related ligand and receptor pairs such as
CCL3-CCR1, CCL3L3-CCRI and CXCL16-CXCR3 (Figure 6B).

Furthermore, S100hi Mono highly expressed M2 macrophage polarization-related ligand genes, which interacted
with receptor genes expressed on the surface of TAMs. These M2 macrophage polarization associated ligand and
receptor pairs include ANXAI1-FPR1/FPR2/FPR3, SPP1-CD44, SPP1-(ITGAV+ITGB1), IL10-(ILI0ORA+IL10RB) and
TGFB1-(TGFBR1+TGFBR?2), all of which have been reported to be involved in M2 polarization (Figure 6B).

We further analyzed 10X Visum platform based spatial transcriptomic data of 18 newly diagnosis GBM patient
samples. Cell distribution and co-location analysis revealed that the S100A9"™" monocyte was close to TAMs
(MACRO_Mac), entholial cells and CD8+ exhausted T cells (Figure 6C and D). Survival analysis further revealed
that patients with a high proportion of S100hi Mono had a worse prognosis (Figure 6E). All of these indicated the
immunosuppressive role of S100hi_Mono in GBM, which might induce an immune microenvironment conducive to
tumors through promoting angiogenesis and M2 macrophage polarization.

T Cell Suppression Assay Validate the Immunosuppressive Function of SI00hi_Mono
Next, we further investigated the immunosuppressive function of S100hi_Mono cells using a T-cell co-culture system.
Differential gene expression analysis revealed that S100hi Mono exhibited elevated surface expression of CD300E
compared to other monocyte and macrophage subsets (Figure 7A). Using flow cytometry, we sorted S100hi_Mono cells
(CD45+CD11c+CD300E+) and CD45+CD11c¢+CD300E™ control cells for in vitro T-cell co-culture experiments
(Figure 7B). The CD300E+ group (S100hi_Mono) significantly inhibited T-cell proliferation, demonstrating a lower
proliferation index than positive controls (P<0.0001)(Figure 7C and D). Intriguingly, the CD300E " group also exhibited
T-cell suppression, indicating the presence of other immunosuppressive myeloid cells in it (Figure 7C and D).

We next quantified inflammatory and immunosuppressive cytokines in co-culture supernatants. While both groups
secreted comparable levels of pro-inflammatory cytokines such as IL-2 and IFN-y, the CD300E+ group produced
significantly higher levels of the immunosuppressive cytokine IL-10 (P<0.05; Figure 7E), consistent with prior cell-
cell interaction data in Figure 6B. This elevated IL-10 likely contributed to suppressed T-cell cytotoxicity and promoted
M2 macrophage polarization. Notably, the CD300E+ group showed enhanced generation of reactive oxygen species
(ROS) and inducible nitric oxide synthase (iNOS), both of which have been reported to be involved in T-cell suppression
(Figure 7F).

Collectively, these in vitro findings demonstrate that S100hi Mono cells establish an immunosuppressive micro-
environment through IL-10 production while directly impairing T-cell function via ROS and iNOS.

Discussion
Gliomas are a group of malignant tumors of the central nervous system with high heterogeneity and very poor prognosis.
Classically, gliomas are classified into different subtypes according to the type of mutation in the tumor, and the most
common mutations are TP53 (tumor protein 53), PTEN (phosphatase and tensin homolog), IDH1, EGFR, NF1, PIK3CA,
and PIK3R1, and the clinical features and prognosis of patients harboring the different mutations are also different.
Additionally, the poor prognosis of gliomas is also closely linked to its severely and complexly immunosuppressive
microenvironment. Despite the vital importance of immune environment in gliomas, the current understanding of the
immune ecology of gliomas is still very limited.

In recent years, the rapid development of the single-cell transcriptome as well as the spatial transcriptome have
provided important technical supports and opportunities for the systematic elucidation of immune environment and
signaling communication between tumor and niche cells.>”’***> Due to the presence of the blood-brain barrier, tissue-
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Figure 6 Cell-cell interaction analysis identified cellular and molecular basis of immunosuppressive function of SI00hi_Mono. (A) The network showing the intensity of cell-
cell interaction between different immune cell types. (B) Dot plot showing the differentially expressed ligand-receptor pairs in different cell type combination. (C) The
images showing the cell proportion of indicated cell type in each spot of representative slice. (D) The network showing the cell co-location relationship between each cell
type. The width of lines indicate intense of co-location. (E) Immunofluorescence assay showing the co-location between S100hi_Mono, TAM, CD8+ exhausted cells and
endothelial cell. (F) Survival analysis of SI00hi_Mono in GBM data of TCGA.

1222 https: OncoTargets and Therapy 2025:18



Li et al

CD52+
CD36

Percent
Expressed

CD48 -
BST1 A
CLEC12A-
> CD300E
ANPEP
CD44 o
PLAURA
CD55
CXCR4-
ATP1B3-
SLC7A5 o
CD86
CSF2RA- ®
ADAM8
CD109-
SLAMF9-
SDC2-
IL7RA -
MRC1-
CD68
CD163
MSR1
CD72-
CD83 -
TNFSF9-
MS4A7
ICAM4- . °
BST2- )
TNFSF13B- °
TNFSF10
IFITM1
1SG20
HMMR -
NCAM1
PDGFRA
THY1
€D320
CSF1RA
IL6ST °
TLR10 - -

o 25
: : ® 50

® 5
L ]

® Average
Expression

olz
L ]
1

CD11¢c-APC-CY7

St

CD300E-PE

[ X

B o

CD45-BV421

Blank control

Positive control CD300E+ CD300E-

0

-

400 4

300 4

@00
(XX ]
—
o
o
E
-
o
E

200 4

100 4

Number

4 0 10 1ot
Channels(APC)

¢

O
m

Proliferation Index of CD8+T cells
o

Figure 7 The immunosuppressive function of S100hi_mono. (A) Dot plot showing Top 5 differently expressed surface marker for each monocyte and macrophage sub-cluster. The
red arrow indicates the gene CD300E was selected as a signature gene for S100hi_Mono and used for subsequent sorting. (B) Representative flow sorting graphs for SI00hi_Mono. (C)
eFluor450 proliferation exhibitions of CD8+ T cells in co-culture system. (D) Comparative analysis of T cell proliferation index among groups. (E) Bar plots showing the levels of
indicated cytokine. (F) Bar plots showing the levels of ROS and iNOS. Among which, the statistical significance symbols in panels D, E, and F are defined as follows: *P < 0.05; **P < 0.01;
P < 0.001; ¥¥¥P < 0.0001; NS: P > 0.05.

resident or skull-derived myeloid immune cells have been demonstrated to be the predominant immune cells in glioma.
Tumor-associated microglia, tumor-associated macrophages, and myeloid-derived immunosuppressive cells have been
confirmed to play important roles in inducing the immunosuppressive microenvironment of glioma.?®*” However, the
heterogeneity of these myeloid-derived immunosuppressive cells remains to be precisely delineated.

In this study, on the basis of the expression of ligand and receptor genes, we have classified patients with gliomas into
three subtypes. The C1 group displayed low expression of both ligand and receptor signaling, representing a glioma
subtype with limited communication with tumors. The C2 sub-type is mainly enriched in signals related to neuron
development, mightly representing a favourable communicating tumor. Intriguingly, the C3 group is enriched in
immunosuppressive and angiogenesis-promoting signals, representing a nonfavourable communicating tumor type.
Previous molecular classifications of glioma have mostly been based on genomic, epigenomic, and transcriptomic
levels.”® This is the first time that intercellular communication has been used alone to stratify glioma patients,
emphasizing that the tumor and microenvironment function as an integrated whole. Tumor progression depends not
only on the evolution of the tumor itself but also on the cooperation of the tumor microenvironment.

In addition to the high proportion of myeloid immune cells, T cells and NK cells in C3 exhibit obvious immune
hyporesponsiveness state, suggestive of its immunosuppressive environment.?*® Through precise analysis of single-cell
transcriptomic data, we discovered that the immunosuppressive microenvironment of the C3 subgroup may be closely
associated with S100A9™E" monocytes. Although S100A9 has been reported to be highly expressed in tumor-associated
macrophages and neutrophil-like MDSCs, its expression and role in monocytes remain relatively poorly understood.?”'
Therefore, this study expands our understanding of immunosuppressive myeloid cells in glioma. The high expression of
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S100A9 may prevent monocytes from differentiating into mature macrophages, instead causing them to remain in an
immature monocyte state or transform into monocyte-like MDSCs.>*> We also found that these immunosuppressive
monocytes specifically express CD300E, an important feature of immune activation, highlighting the diverse roles of
CD300E and its potential as a new therapeutic target. Mechanistically, we observed that this group of immunosuppressive
monocytes highly secretes immunosuppressive cytokines such as IL10 and iNOS but does not exhibit high expression of
ROS, suggesting that their immunosuppressive function may primarily rely on the former.>” These cytokines have
previously been reported to play important roles in inducing the generation of immunosuppressive macrophages and
regulatory T cells, as well as in the exhaustion of cytotoxic T cells.**** However, whether S100A9"£" monocytes depend
on IL10 and iNOS to exert their effects requires further validation in future studies. Furthermore, through cell-cell
interaction analysis, we found that ST00A9"€" monocytes may promote tumor progression through multiple pathways. In
addition to releasing immunosuppressive cytokines to construct an immunosuppressive microenvironment, they may also
facilitate the generation of tumor-associated endothelial cells. Inhibiting tumor angiogenesis and reversing the immuno-
suppressive microenvironment are critical strategies for glioma treatment. Bevacizumab plays a significant role in anti-
angiogenic therapy by targeting VEGF. Given the multiple roles of SI00A9™E" monocytes in promoting tumor progres-
sion, particularly their important functions in inducing the immunosuppressive microenvironment and generating tumor-
associated endothelial cells, targeting the S100A9"€" monocyte population in the future may achieve the effect of
“killing two birds with one stone”.** Additionally, despite the critical role of SI00A9"€" monocytes in promoting tumor
development, the origin of these immunosuppressive monocytes remains unclear. Elucidating their origin and transfor-
mation pathways is not only of great significance for understanding the developmental origins of tumor-associated
myeloid cells but also holds practical importance for identifying new approaches for early tumor intervention. The rapid
development of single-cell genomic technologies, along with advancements in lineage tracing technologies represented
by mitochondrial genome mutations, will undoubtedly provide essential technical support for deciphering the cellular

origins and evolutionary patterns of these critical cell populations.®* 3
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