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Glioblastoma (GBM) is one of the most malignant tumors of the central nervous system. The pattern of immune
checkpoint expression in GBM remains largely unknown. We performed snRNA-Seq and spatial transcriptomic
(ST) analyses on untreated GBM samples. 8 major cell types were found in both tumor and adjacent normal
tissues, with variations in infiltration grade. Neoplastic cells 6 was identified in malignant cells with high
expression of invasion and proliferator-related genes, and analyzed its interactions with microglia, MDM cells
and T cells. Significant alterations in ligand-receptor interactions were observed, particularly between Neoplastic
cells_6 and microglia, and found prominent expression of VISTA/VSIG3, suggesting a potential mechanism for
evading immune system attacks. High expression of TIM-3, VISTA, PSGL-1 and VSIG-3 with similar expression
patterns in GBM, may have potential as therapeutic targets. The prognostic value of VISTA expression was cross-
validated in 180 glioma patients, and it was observed that patients with high VISTA expression had a poorer
prognosis. In addition, multimodal cross analysis integrated SnRNA-seq and ST, revealing complex intracellular
communication and mapping the GBM tumor microenvironment. This study reveals novel molecular charac-
teristics of GBM, co-expression of immune checkpoints, and potential therapeutic targets, contributing to
improving the understanding and treatment of GBM.

1. Introduction approach for the treatment of malignant glioma[4-6]. Different immune

checkpoints have different mechanisms in cancer immunotherapy. Un-

Glioblastoma (GBM) is a typical heterogeneous tumor and the most
fatal primary malignant tumor of the central nervous system (CNS)[1].
The conventional treatment for GBM is surgical resection followed by
radiotherapy, combined with temozolomide chemotherapy; however
the treatment effect is still not ideal[2]. Intratumoral heterogeneity and
redundancy of signaling pathways may explain why traditional and
targeted therapies cannot achieve long-term remission. Therefore, new
therapies are urgently needed to improve the prognosis of glioma pa-
tients[3].

At present, cancer immunotherapy is a great breakthrough, with
immune checkpoint inhibitors leading the way. It has been shown to be
effective in melanoma and non-small cell lung cancer, providing a new
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like the cytotoxic effects of chemotherapy, immune checkpoints regulate
the immune system and induce cancer cell death[7]. However, depleted
T cells in the tumor microenvironment (TME) usually express multiple
immune checkpoints, and the blockade of a single checkpoint is not
sufficient to activate a suppressed immune response[8]. The low
mutational burden of GBM suggests that fewer neoantigens trigger an
antitumor immune response. Therefore, exploring alternative immune
checkpoints may provide new strategies for improving the clinical effi-
cacy of checkpoint blockades in GBM.

With the development of single-nucleus RNA sequencing (snRNA-
seq), our understanding of diseases at the genetic level has increased to
the single cell levels, which provides an important tool in the study of
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tumor heterogeneity[9,10]. Recently, snRNA-seq has revealed the sub-
type heterogeneity of GBM|[11,12], differences between blood-derived
tumor-associated macrophages (TAMs) and microglial TAMs[13],
cellular state of malignant cells, and their plasticity and gene-driven
regulation in GBM[14]. Nevertheless, snRNA-seq datasets lack spatial
location information and cannot reveal cell states. Therefore, we intro-
duced spatial transcriptomics (ST), which combines histological imaging
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and snRNA-Seq by retaining the positional information for each tran-
script through spatially immobilized and barcoded cDNA synthesis
primers[15,16]. It can provide quantitative gene expression data and
visualization of mRNA distribution in tissue sections, making new types
of bioinformatics analysis possible, and has crucial value in clinical
research and diagnosis. ST technology has been applied in studies on
melanomal[17], prostate cancer[18], pancreatic ductal
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Fig. 1. Single cell expression and cell typing in GBM and control samples. (A) Schematic of the experimental design and analysis. ‘GBM’ and ‘Ctrl’ represent
glioblastoma tissue and adjacent tissue, respectively. (B) Profiles of the t-SNE plots of 32,328 cells extracted from GBM-A (10,695 cells), Ctrl-A (7754 cells), GBM-B
(6115 cells) and Ctrl-B (7764 cells). (C) Expression levels of selected known marker genes across 32,328 unsorted cells illustrated from both normal and tumor tissue
in CRC patients. (D) Profiles of the UMAP plots of 32,328 cells extracted from GBM-A (10,695 cells), Ctrl-A (7754 cells), GBM-B (6115 cells) and Ctrl-B (7764 cells).

(E) The proportions of the 8 main cell types in different donors.
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adenocarcinomas[ 18], squamous cell carcinoma[19], breast cancer|[20,
217 and liver cancer[22,23].

Here, we revealed the expression of immune checkpoints in GBM and
intratumoral heterogeneity via snRNA-seq and ST. We profiled the
transcriptome of 32,328 single cells from GBM and paracancerous
samples, and produced an atlas of the spatial tumor microenvironment
inside GBM tissues. By integrating snRNA-seq and ST via multimodal
intersection analysis (MIA), we also generated a potential cellular
interaction network of cell populations in the TME of GBM. Our study
will improve our understanding of the mechanism of GBM progression,
and may be potentially valuable in identifying novel targets for GBM.

2. Results
2.1. Single cell expression and cell typing in GBM and control samples

We performed parallel snRNA-seq and ST using the 10X Genomics
platform on two untreated GBM patients (GBM-A and GBM-B) (Fig. 1A).
Owing to the small number of adjacent tissues in patient A, only patient
B was subjected to spatial transcriptome analysis. We performed a sec-
ond filtering of the abnormal cells to remove low-quality cells. The
snRNA-seq data consisted of cells with less than 20,000 unique molec-
ular identifiers (UMIs), approximately 300-7000 uniquely expressed
genes, and the proportion of mitochondrial gene expression per cell (less
than 5%). The data volume statistics of the cells in each sample after
filtration were obtained (Supplementary Figure 1). The single-cell
transcriptomic profiles of 18,449 cells from patient A and 13,879 cells
from patient B were selected for analysis (Supplementary Table 1).

The t-distributed stochastic neighbor embedding (t-SNE) nonlinear
clustering method and unified manifold approximation and projection
(UMAP) method were used to further visualize the classification results
of a single cell subpopulation. Finally, we identified eight major cell
clusters (Fig. 1B&1D, Supplementary Figure 'E-'F). Cluster-specific
marker genes were generated by performing differential gene expres-
sion analysis to define the identity of each cell cluster, such as P2RY12
for microglia, ITGA4 for monocyte-derived macrophage (MDM), EGFR
for neoplastic cells, OLIG2 for oligodendrocytes, ESAM for endothelial
cells, CD3E for T cells, FN1 for fibroblasts, SYP for neurons and GFAP for
astrocytes[24] (Fig. 1C and Supplementary Figure 1 G). Although all
eight major cell types were presented in both tumor and adjacent normal
tissues from the two patients (Fig. 1E), the grade of infiltration for each
of these major cell types was different, possibly reflecting differences in
the stage of GBM progression.

2.2. Distinct functional composition of malignant cells in GBM

Malignant cells extracted from GBM-A, GBM-B, Ctrl-A and Ctrl-B
were further divided into sixteen subgroups by UMAP analysis and t-
SNE analysis (Fig. 2A-2B). By comparing the gene expression levels,
each subgroup expressed a specific set of genes that could be used to
distinguish these subgroups (Supplementary Figure 3). Different sub-
groups of tumor cells accounted for different proportions in the sample.
The proportion of the sixth subgroup cells in GBM samples was signifi-
cantly higher than that in Ctrl samples, and they had the most differ-
entially expressed genes (DEGs) by comparing the gene expression of
each other subgroup (Fig. 2C-2D, Table 3). In addition, Neoplastic
cells_6 widely expressed the highly invasive gene PTTG1, the cell cycle-
related genes CCNB1 and CENPF, and the proliferation-related marker
genes MKi67 and TOP2A (Fig. 2E). Infinite proliferation, migration, and
invasion are unique malignant biological behaviors of tumor cells.
PTTG1 was highly expressed in all glioma cell lines. Down-regulation of
PTTG1 expression can significantly reduce cell proliferation, migration,
and invasion; increase cell apoptosis; and reduce the deterioration de-
gree of glioma, which is expected to be a new strategy for the clinical
treatment of glioma[25,26]. Next, we conducted cell-to-cell interaction
using CellphoneDB to evaluate the ligand-receptor interactions of
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Neoplastic cells_6, microglia, MDM cells and T cells in the GBM micro-
environment[27]. We selected ligand-receptor pairs that were signifi-
cantly altered between cells from the cellular interaction network, and
Neoplastic cells_6 showed markedly altered interactions with other cell
types, especially microglia, which may be one of the methods of the cell
population to escape the attack of the immune system (Fig. 2F-2 G). The
30 most significant intercellular ligand-receptor pairs were further
screened and we found that malignant cells expressed high levels of
EGFR, whereas endothelial cells, T cells, and microglia expressed cor-
responding ligands, such as TGFB1, COPA, and GRN
(Fig. 2H&Supplementary Figure 2). It has been reported that EGFR is
overexpressed in cancer cells and activates fibroblasts and myeloid cells
through molecules such as AREG[28]. EGFR-associated feedback loops
promote the development of PASC from ductal cells to cancer cells[29].
In addition, we analyzed the effects of immune regulators on cellular
communication. VSIR IGSF11 was significantly expressed between ma-
lignant cells and other cells, whereas HAVCR2_LGALS9 was not signif-
icantly expressed, suggesting that the VISTA/VSIG3 signaling pathway
may play a crucial role in GBM (Fig. 2H).

Together, our results predicted that the interaction of malignant cells
with microglia, MDM cells, and T cells through multiple receptor-ligand
signals may have a profound impact on the development of GBM.

2.3. The expression of TIM-3, VISTA, PSGL-1 and VSIG-3 in GBM

Despite the promise of immunotherapy in the field of cancer treat-
ment, most glioma patients do not respond significantly to the blockage
of routine immune checkpoint pathways[30,31]. To explore the com-
bined strategy for GBM, we evaluated the expression of the co-inhibitory
molecules in all cell populations. TIM-3, VISTA, and PSGL-1 (an acidic
pH-selective receptor of VISTA) were mainly expressed in microglia and
MDM, whereas VSIG-3 (the ligand of VISTA) was mainly expressed in
neoplastic cells and oligodendrocytes (Fig. 3A&3 C). Although clinical
trials of immune checkpoint inhibitors in GBM mainly focused on
monoclonal antibodies against PD-1, PD-L1, and CTLA-4, conventional
immune checkpoints (PD-1, PD-L1, CTLA-4, LAG-3 and TIGIT) are not
significantly expressed in GBM (Fig. 3A). Furthermore, snRNA-seq and
immunofluorescence also demonstrated that VISTA was expressed in
microglia (Fig. 3B) and it was highly expressed in GBM tissues compared
to adjacent tissues (Supplementary Figure 4). By subdividing microglia
into clusters, microglia cells were subdivided into 13 subgroups
(Fig. 3D). Due to the difference of communication between Neoplastic
cells_6 and microglia between Ctrl and GBM, the expression pattern of
common immune checkpoints in microglia cells was analyzed, and the
results showed that VISTA was expressed in most microglia cell sub-
groups, CD58, TIM3, LILRB4 and SIRPA were similar to VISTA expres-
sion pattern. TIM3 was highly expressed in microglia (Fig. 3E).

In conclusion, the results suggest that VISTA is highly expressed in
microglia, with similar expression profiles to TIM-3 and PSGL-1, and
that its ligand VSIG-3 is highly expressed in tumor cells, which may
serve as a potential chemotherapy target for GBM.

2.4. MIA of snRNA-seq and ST display the expression of TIM-3, VISTA,
PSGL-1 and VSIG-3

ST was applied to analyze patient B samples. A total of 4813 spots of
the transcriptome were obtained from the two sections, with an average
depth of 5270 UMIs/spots and 2604 genes/spots. Each ST spot captured
approximately 1-10 cells, we first normalized the data of expression,
then performed principal component analysis (PCA) analysis and
grouped the spots to obtain 7 types of subgroups, and finally mapped the
spots back to hematoxylin and eosin (H&E) staining tissues, checked the
distribution of each subgroup in the tissues[8] (Supplementary
Figure 6E). After clustering the points of each ST array according to the
principal component scores, we found that the clustering results were
consistent with independent histological annotations, supporting the
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Fig. 2. Distinct functional composition of malignant cells in GBM. (A) Profiles of the UMAP plots of malignant cells extracted from GBM-A, GBM-B, Ctrl-A and
Ctrl-B, 16 cell clusters were successfully classified. (B) Profiles of the t-SNE plots of malignant cells extracted from GBM-A, GBM-B, Ctrl-A and Ctrl-B, 16 cell clusters
were successfully classified. (C) Proportion of 16 major cell types showing in bar plots in different donors. (D) Total cell number of each cell type. (E) The expression
level of representative novel identified markers across the main malignant cell types. (F) Heatmap show number of potential ligand-receptor pairs between cell
groups predicted by CellphoneDB in GBM (left) and Ctrl (right). (G) Circle plots displaying the number of ligand-receptor interactions between distinct cellular
components, the circle size is proportional to the number of cells in each cluster, the edge width represents communication probability in GBM (up) and Ctrl (down).
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Fig. 3. The expression distribution of immune checkpoints in GBM. (A) Expression of immune checkpoint genes in all cells from patient A and B. (B) Immu-
nofluorescence staining (n = 3) of IBA1 (FITC, green) and VISTA (CY3, red) in GBM. Scale bar, 25 um. (C) Expression of immune checkpoint genes with high
expression in microglia in all cells from patient A and B. (D) Profiles of the UMAP plots of malignant cells extracted from GBM-A, GBM-B, Ctrl-A and Ctrl-B, 13 cell
clusters were successfully classified. (E) Violin plot show expression of immune checkpoint genes in the microglia cell types from patient A and B.
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ability to individually identify different spatial regions within the frag-
ment based on ST gene expression (Fig. 4A& Supplementary Figure 6 A).
Furthermore, we defined four main areas in tumor and adjacent tissue
sections of patient B: cancer, necrosis, stroma and normal brain tissues.
In the two sample datasets, we observed that the spatial expression of
many variable-expression genes matched the annotated histological
regions (Supplementary Figure 7).

MIA was used to integrate the snRNA-seq and ST[20]. We suggested
that neoplastic cells were enriched in all regions except the normal brain
tissue regions, showing extensive tumor infiltration of GBM. Normal
brain tissue areas were significantly enriched in neurons, astrocytes, and
oligodendrocytes. Interestingly, we found that endothelial cells were
significantly enriched in stroma. These results supported the widespread
application of MIA, providing spatial and functional annotations for the
cell population defined by snRNA-seq (Supplementary Figure °B—"C). In
addition, we scored the cell type for each spot. The cancerous region was
enriched in neoplastic cells, while the normal brain tissue was enriched
in neuron, which is in line with our expectations (Fig. 4C). ST analysis
revealed that TIM-3, VISTA, PSGL-1 and VSIG-3 were highly expressed
in GBM, which was consistent with the results of the snRNA-seq datasets
(Fig. 4B). TIM-3, VISTA, PSGL-1 and VSIG-3 expression in tumor area
was higher than that in normal brain tissue (Fig. 4E). Correlation anal-
ysis between VISTA and other immune checkpoints showed that VISTA
was positively correlated with TIM-3 or PSGL-1 but negatively corre-
lated with VSIG-3, which means the expression pattern of VISTA was
similar to those of TIM-3 and PSGL-1 (Fig. 4D). At the protein level,
VISTA expression was significantly associated with TIM-3 and PSGL-1
by multi-immunofluorescence (Fig. 4F). Gene correlation analysis of
GBM in TCGA database was performed by GEPIA2 (Interactive gene
expression profile analysis, http://gepia2.cancer-pku.cn). The results
showed that VISTA (C100RF54) was positively correlated with TIM-3
(HAVCR2) and PSGL-1 (SELPLG) (Fig. 4G). Analysis of the CGGA
dataset (http://www.cgga.org.cn) also showed that VISTA was posi-
tively correlated with TIM-3 and PSGL-1 and negatively correlated with
IGSF11 (Fig. 4H). This result is consistent with our sequencing results.

Taken together, the results elucidate that VISTA, TIM-3, and PSGL-1
may have synergistic effects on GBM through the combined analysis of
single cell sequencing and spatial transcriptomics, and were validated in
clinical samples, providing reasonable reference for drug combination.

2.5. Subgroup analyses to compare the protein expression and assess the
prognostic value of VISTA

VISTA is a novel immune checkpoint that was discovered in 2011,
and belongs to the B7 family. The structure of the variable region of
extracellular immunoglobulin is similar to that of PD-1 and is also called
PD-1 homologue (PD-1 H)[32,33]. A recent meta-analysis evaluating
the prognostic value of VISTA in ten types of solid tumors found that
high VISTA expression was associated with prolonged overall survival
and CD8" tumor-infiltrating lymphocytes, suggesting that VISTA is a
potential biomarker for solid tumor prognosis[34]. VISTA knockout
mice were more resistant to tumor growth than wild-type mice in a
radiotherapy mouse glioma model, suggesting that VISTA has the po-
tential to act as an immunomodulatory target in the treatment of glioma
[35]. Therefore, we focused on analyzing VISTA to determine the rela-
tionship between VISTA and GBM.

We analyzed 180 glioma patients from a tissue microarray (TMA)
and 37 patients from Nanjing Drum Tower Hospital, including 4 patients
with epilepsy as control samples. Supplementary material showed the
clinicopathological characteristics of these patients (Supplementary
Table 2). Performed immunohistochemical (IHC) staining of all tissues
to determine the correlation between VISTA expression and clinico-
pathological characteristics. The results showed that the expression
profiles of VISTA were associated with age (p < 0.0001), which means
VISTA expression is higher in older patients; there was no significant
correlation with sex (p =0.188) or WHO classification (p = 0.584)
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(Table 1, Fig. 5A,C&5E). Univariate analysis revealed a significant
correlation between overall survival (OS) and age (p = 0.009), WHO
stage (p < 0.0001), and VISTA expression (p = 0.006). WHO stage
(p < 0.0001) and VISTA expression (p = 0.007) were identified as in-
dependent prognostic factors in the multifactorial analysis (Table 2). We
also compared the effects of different WHO stages, gender, and age
groups on VISTA expression and OS, the results showed that patients
with low VISTA expression had a better prognosis than those with high
VISTA expression in all groups (Figs. 5B,5D&5 F).

In conclusion, the expression of VISTA is likely to be a relatively
independent indicator used to evaluate the prognosis of patients in
various stages of GBM, providing sufficient evidence for VISTA as a
therapeutic target for GBM.

2.6. VISTA was a potential therapeutic target for GBM

Recently, Ghouzlani et al. found that VISTA mRNA expression was
significantly associated with glioma grade, histological type, and mo-
lecular subtype in TCGA[36]. Kaplan-Meier analysis showed that pa-
tients with low VISTA expression had longer survival than those with
high VISTA expression. Li-Chong Wang et al. also obtained this conclu-
sion from CGGA and its self-built clinical GBM sample bank[37].
Consistently, our results showed that VISTA was highly expressed in the
clinical samples of GBM and positively correlated with glioma grading
by analyzing the location of VISTA expression in clinical IHC samples,
Pathological staining showed that VISTA was expressed in the mem-
brane and cytoplasm of microglia, macrophages, and lymphocytes but
not in tumor cells. Positive staining was also observed in the blood
vessels, which were not counted in the pathology score (Fig. 6A-6D). By
analyzing the relationship between VISTA OS or disease-free survival
(DFS) in glioma patients, we observed that patients with low VISTA
expression had a better prognosis than those with high VISTA expression
(Fig. 6E). Using bivariate correlation analysis, we observed that the
expression of VISTA and EGFR (p < 0.0001, r=0.309) or PD-L1
(p < 0.05, r = 0.197) was positively correlated, while the expression
of VISTA was not correlated with Ki67 (p > 0.05, r = 0.08) (Fig. 6F).

In summary, our results suggest that VISTA expression was closely
related to the molecular pathology of glioma. Therefore, VISTA is a
promising target for immunotherapy in GBM. Blocking VISTA may
provide an alternative therapy for gliomas that are resistant to PD-1,/PD-
L1 antibody treatment.

3. Discussion

It is traditionally believed that the blood-brain barrier (BBB) pre-
vents normal immune function in the CNS. However, recent studies have
shown that astrocytes, microglia, and macrophages are potential
antigen-presenting cells. The BBB increases microvascular permeability
under inflammatory conditions, which can promote the entry of immune
cells into the CNS[38,39]. In view of the immune characteristics of gli-
oma, immunotherapy is expected to become a new treatment option for
gliomas. We generated a single-cell spatial transcriptome map using
snRNA-seq and ST to reveal the landscape of the microenvironment in
GBM, summarized the expression profiles of common immune check-
points in GBM and observed that TIM-3, VISTA, PSGL-1, and VSIG-3
were the most highly expressed in GBM at single-cell and spatial
levels. We demonstrated that the expression patterns of TIM-3, VISTA,
and PSGL-1 were almost the same, showing a significant positive cor-
relation, mainly expressed in microglia, whereas VSIG-3 was highly
expressed in neoplastic cells. TIM-3 was found to be mainly expressed in
GBM, and its expression was significantly up-regulated in mesenchymal
gliomas[24]. Kaplan-Meier analysis was used to analyze the prognosis of
1024 glioma patients, and the expression of TIM-3 was negatively
correlated with the patient prognosis. Qing guo et al. also found that
TIM-3 was positively correlated with GBM grading and negatively
correlated with patient prognosis[40]. Jennifer E. Kim et al. used TIM-3
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Table 1
Correlation between the expression of VISTA and clinicopathological
characteristics.

Variables VISTA expression Total $ p value
Low High

Age (year) 17.057 < 0.0001
<41 56 32 88
> 41 25 54 79

Sex 1.735 0.188
Male 46 58 104
Female 35 29 64

Grade 0.3 0.584
s 49 49 98
/v 32 38 70
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few trials have reported preliminary results[43,44]. Scientists are
dedicated to finding new immune checkpoints or biomarkers, and
considering their combination with radiotherapy, temozolomide or
bevacizumab may be useful for the treatment of glioma. Youngmi Kim
et al. combined with NanoString GeoMx digital spatial profile (DSP)
analysis and single-cell RNA-seq (scRNA-seq) technology characteriza-
tion archive formalin-fixed paraffin-embedding (FFPE) Glioblastoma
specimens identified VSIR as a potential target for high-grade gliomas
(n = 3)[45]. Stine Asferg Petterson et al. found that VISTA is
down-regulate in the presence of reduced T cells through digital spatial

Table 2
Univariate and multivariate analyses of the factors correlated with Overall
survival of glioma patients.

monoclonal antibody in combination with PD-1 monoclonal antibody Variables  Univariate analysis Mullﬁ"f’riate
and radiotherapy to completely cure an in situ glioma model mouse[41]. _ nayes
The expression of the IGSF11 (also called VSIG-3) gene in high-grade p value HR 95%CL p value
glioma was found to be significantly up-regulated compared with that Lower  Upper
in low-grade glioma[42]. Increased IGSF11 expression in advanced expression 0.006 2188 1.245  3.844 0.007
human gliomas is associated with poor overall survival. Age g';’gg é'gzg (1);3; ??:i 0.078
Currently, clinical trials of glioma immune checkpoint inhibitors i;r); de <0.0001 13502 635 28.711 < 0.0001
(mainly monoclonal antibody studies against PD-1/PD-L1 and CTLA-4) stage
are in the early stages, and most trials are still recruiting or in progress. A
A B Age<=41 Age>41
L 150 — 1.0 . — 1.0
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Fig. 5. Subgroup analyses to compare the protein expression and assess the prognostic value of VISTA. (A-B) Comparison of VISTA protein level in glioma
patients with different age and Kapla-Meier analyses of OS in patients with age< 41 (left) and age> 41 (right). (C-D) Comparison of VISTA protein level in glioma
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analysis[46]. In this study, we demonstrated that VSIR IGSF11 was
extensively involved in intercellular communication in GBM (Fig. 6),
Wang et al. showed that the interaction between VSIG-3 and VISTA
expressed on activated human T cells is a poorly regulated pathway that
leads to reduced T cell proliferation, decreased production of
pro-inflammatory cytokines (IFN-y, IL-2, and IL-17) and chemokines
(CCL3, CCL5, and CXCL11), and decreased production of proin-
flammatory cytokines (IFN-y, IL-2, and IL-17). The infiltration of im-
mune cells (namely monocytes, DC, and TAM) into TME was reduced
[47]. VSIG3 protein is mainly expressed in the brain and testis, and
VISTA protein is expressed in many cancers. Ghouzlani et al. reported
that increased expression of VSIG-3 in glioma tissue is associated with
high infiltration of immune cells (especially CD4" and CD8™T cells), in
addition, the expression of IL-10 and TGF-f increases with increased
VISTA expression[42]. Xi Yang Tang et al. have speculated that VISTA
may interact with IGSF11 for immune regulation in other tumors,
including non-small cell lung cancer, ovarian cancer, gastric cancer,
colorectal cancer, soft tissue sarcoma, and oral squamous cell carcinoma
[48]. The Vista-targeting antibody HMBD-002 can effectively block the
interaction between VISTA and IGSF11, further inhibiting
IGSF11-mediated T cell production of IFN-y[49]. Our group has reported
that M351-0056, a novel compound modulating VISTA, can amelio-
rated imiquimod-induced psoriasis-like dermatitis in mice, and the
crystal structure of VSIG3 protein and its regulator K284-3046[50,51].
This evidence shows this pathway is expected to become an important
therapeutic target for GBM.

Taken together, our GBM transcription map provided a framework
for understanding the TME and characterizes tumor-associated subsets.
Moreover, we described the immunosuppressive state of GBM in several
aspects, which are potential targets for the development of immuno-
therapy for GBM and other cancers. The combination of single-cell data
with spatial information allowed us to summarize spatial and cellular
information in GBM. Finally, although we have obtained key interaction
networks in the GBM tumor microenvironment through bioinformatics
analysis, further functional experiments are needed to explore the bio-
logical consequences and potential mechanisms.

4. Material and methods
4.1. Tissue sample source and ethics statement

GBM tissue and patient-matched adjacent para-cancer tissue samples
for single-cell sequencing and spatial transcriptome were obtained from
Nanjing Gulou Hospital. This study obtained the informed consent of 2
patients and was approved by the Ethics Committee of Nanjing Gulou
Hospital. The tissue chips used in this study were purchased from
Shanghai Xinchao Biotechnology Co., LTD., and contained samples from
180 patients with grade I-IV brain gliomas. All patients underwent
surgery between 2008 and 2011 and were followed up until July 2017.
This study was carried out in accordance with the Declaration of Hel-
sinki and was approved by the Medical Ethics Committee of Shanghai
Core Biotech Co., LTD., in accordance with institutional guidelines (No.
YB M-05-02). In addition, we collected tissues from 37 fresh brain gli-
omas and control epileptic patients from Nanjing Gulou Hospital. Our
study was approved by the Ethics Committee of Nanjing Gulou Hospital,
and all included patients received full informed consent.

4.2. snRNA-seq

Cellular suspensions were loaded on a 10X Genomics GemCode
Single-cell instrument that generates single-cell gel bead-in-emlusion
(GEMs). Libraries were generated and sequenced from the cDNAs with
Chromium Next GEM Single Cell 3' Reagent Kits v3.1. Silane magnetic
beads were used to remove leftover biochemical reagents and primers
from the post GEM reaction mixture. Full-length, barcoded cDNAs were
then amplified by Polymerase Chain Reaction (PCR) to generate
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sufficient mass for library construction. First, DNA fragments were
broken into 200-300 BP fragments by Biorupter Ultrasound Fragmen-
tation Instrument. Next, DNA library was amplified by PCR with
sequencing connector P5 and sequencing primer R1. Finally, prepared
samples were subjected to the 10X single-cell sequencing analysis
platform.

4.3. ST

The Visium Spatial Tissue Optimization Slide kit is used to fit the
time for permeabilization by generating fluorescently labeled cDNA
tissue prints. A timer gradient is set for each capture area. Fluorescent
cDNA synthesis is performed and fluorescent print of spatial positions
where the cDNA reaction took place. The fluorescent print is imaged
using fluorescence microscope with tissue removed. The section with the
strongest fluorescence signal, minimum diffusion and longest time for
permeabilization will be chosen as the fit time for permeabilization.

Sample fixing and imaging have been done in sample preparing and
section permeabilization will be performed as follow. Permeabilization
processes for the time determined by tissue optimization. The first
strand of cDNA is synthesized via reverse transcription and the second
strand of cDNA is synthesized via PCR. Then the cDNA is denaturation,
making the second strand of cDNA dissociated from slide. The spatially
barcoded, full-length cDNA is amplified via PCR to generate sufficient
mass for library construction. Enzymatic fragmentation and size selec-
tion are used to optimize the cDNA amplicon size. P5, P7, i7 and i5
sample indexes, and TruSeq Read 2 (read 2 primer sequence) are added
via End Repair, A-tailing, Adaptor Ligation, and PCR. The final libraries
contain the P5 and P7 primers used in Illumina amplification. The Vis-
ium Spatial protocol produces Illumina-ready sequencing libraries. A
Visium Spatial library comprises standard Illumina paired-end con-
structs which begin and end with P5 and P7. The Visium Spatial 16 bp
spatial barcode and 10 bp UMI are encoded in Read 1, while Read 2 is
used to sequence the cDNA fragment. Sample index sequences are
incorporated as the i7 index read. Read 1 and Read 2 are standard
[llumina® sequencing primer sites used in paired-end sequencing.

4.4. CNV analysis

InferCNV calculated a baseline expression level from the level of
gene expression in a normal sample, then subtracted the level of each
gene in the cell from the baseline to obtain the relative expression level.
Subsequently, a window of 100 genes was set up on the chromosome,
and CNV events in single cell chromosome region were predicted by
relative gene expression levels. Heatmaps are drawn by relative gene
expression levels, but ultimately reflect CNV events in large gene seg-
ments. In tumor samples, the red squares in the heat map represent
increased gene expression relative to baseline, and the corresponding
chromosome segment may have increased copy number. The blue
squares represent genes with reduced expression relative to baseline,
corresponding to chromosome segments with possible copy number loss.
In normal samples, there are red and blue squares, but they are caused
by abnormal expression of the gene. A subset of 500 randomly selected
neuron cells was removed as a negative control for the analysis.

4.5. TMA

TMA of 180 glioma patient (HBraG180SuOl, Shanghai Outdo
Biotech Co.Ltd) was applied to explore the expression of VISTA and its
impact on the survival of glioma patients. The study was conducted in
accordance with the Declaration of Helsinki, and the protocol was
approved by the Medical Ethics Committee of the Shanghai Outdo
Biotech Company and performed according to institutional guidelines
(No. YB M-05-02). All patients underwent surgery from 2008 to 2011
and were followed up until July 2017.
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4.6. IHC

Tris-EDTA buffer (pH 9.0) was used to recover antigen from tissue
sections under high temperature and high pressure. Then, TMA were
incubated with anti-VISTA rabbit monoclonal antibody (Cell Signaling
Technology, Cat#64953) overnight. Perform immunohistochemical
staining on TMA samples according to the manufacturer’s instructions,
and observe and analyze under a microscope (Leica Biosystems, Aperio
ImageScope). The level of VISTA protein in the TMA was semi-
quantitatively analyzed by two experienced pathologists using a
scoring system based on staining intensity and and degree of staining.
According to the positive staining ratio of immune cells, the percentage
of immunohistochemical positive staining cells is 0-100%. The staining
intensity scores are as follows: “Negative” received a score of 0, “0.5 + ”
ascore of 0.5, “1 + ”ascoreof 1, “2 + ”ascore of 2 and “3 + ” a score of
3. Multiply the positive staining rate score and the staining intensity
score to get the total score (0-300%). Samples with scores less than 6%
are considered to be the low expression group, while samples with scores
greater than 6% are considered to be the high expression group.

4.7. Statistical Analysis

To analyze the association between VISTA expression and clinico-
pathological features, chi-square test was adopted. Kaplan-Meier sur-
vival analysis along with log-rank test was applied to evaluate the
impact of VISTA expression on glioma patients’ OS and DFS. Man-
n-Whitney U-test was used to compare VISTA expression in different
groups. Univariate and multivariate Cox regression analyses were
employed to identify independent prognostic factors for glioma OS from
variables including VISTA expression, age, gender. All statistical ana-
lyses were conducted using Prism GraphPad 7 software and R software.
Student’s t-test was applied in analyzing our fresh tissue samples. A two-
sided P < 0.05 was regarded as statistically significant.

4.8. Immunofluorescence staining of FFPE tissue

FFPE tissues were cut at 4 um thickness and dried overnight. After
deparaffinizing the slides, antigen retrieval was carried out by boiling
the samples for 10-20 min in Tris-EDTA (pH 9.0) in a microwave oven.
Primary antibodies (VISTA, Cell Signaling Technology, Cat#64953;
TIM, abcam, Cat#ab241332; PSGL1, abcam, Cat#ab227836; IBA-1,
invitrogen, Cat#MA5-29012) were diluted in goat serum according to
the manufacturer’s instructions and incubated with slides overnight in a
wet chamber kept at 4 °C. Secondary antibodies (PanoPANEL mIHC
Kits, Cat#0079100020) were diluted 1:100 in amplification buffer and
incubated with slides for 10 min at room temperature before mounting
and imaging. After mounting the slide with anti-fluorescence quenching
mounting solution (Beyotime, Cat#P0126), take pictures under a laser
scanning confocal microscope (Olympus, Cat#FV3000).

4.9. Integrated snRNA-seq and ST by MIA

We integrated our ST data and snRNA-seq data by introducing MIA
as previously reported[20]. This analysis proceeds by first delineating
sets of cell type-specific and tissue region-specific genes and then
determining whether their overlap is higher (enrich ment) or lower
(depletion) than expected by chance. In the snRNA-seq data, we defined
the gene sets by identifying for each cell type those genes whose
expression is statistically higher in the cells annotated to that cell type in
comparison with expression in the remaining cells (P < 10>, two-tailed
Student’s t-test; see Methods). For the ST data, we then identified genes
with significantly higher expression in each spatial region relative to the
others (P < 0.01, two-tailed Student’s t-test). With the gene sets
extracted across the snRNA-seq and ST modalities, MIA next computes
the overlap between each pair of cell type-specific and region-specific
gene sets and performs a hypergeometric test to assess significant
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enrichment or depletion. Extending this analysis to all pairs of cell types
and tumor regions produces an ‘MIA map’.

4.10. Enrichment analysis

GO enrichment analysis provides all GO terms that significantly
enriched in differentially expressed genes comparing to the genome
background and filter the differentially expressed genes that correspond
to biological functions. Firstly, all peak related genes were mapped to
GO terms in the Gene Ontology database (http://www.geneontology.
org/), gene numbers were calculated for every term, significantly
enriched GO terms in differentially expressed genes comparing to the
genome background were defined by hypergeometric test.

Genes usually interact with each other to play roles in certain bio-
logical functions. Pathway- based analysis helps to further understand
genes biological functions. KEGG is the major public pathway related
database. Pathway enrichment analysis identified significantly enriched
metabolic pathways or signal transduction pathways in differentially
expressed genes comparing with the whole genome background. The
calculating formula is the same as that in GO analysis.

4.11. SCENIC analysis

To carry out transcription factor network inference, analysis was
performed on the SCENIC R package. In brief, log-normalized expression
matrix generated using Seurat was used as input, and the pipeline was
implanted in three steps. First, we identified gene co-expression network
via GENIE3. Second, we pruned each module based on a regulatory
motif near a transcription start site via RcisTarget. Precisely, networks
were retained if the TF-binding motif was enriched among its targets,
while target genes without direct TF-binding motifs were removed. The
retained networks were called regulons. Third, we scored the activity of
each regulon for each single cell via the AUC scores using AUCell R
package. Gene regulatory network (GRN) plots of all regulons were done
using the cytoscape software.

4.12. Cell-cell communication analysis

We used cellphoneDB, which contains ligand-receptor information,
to analyze expression abundance of ligand-receptor interactions be-
tween two cell types on the basis of expression of a receptor by one cell
type and a ligand by another cell type. Among them, only receptors and
ligands expressed in more than a user-specified threshold percentage of
the cells in the specific cluster were considered for the analysis (default
is 10%). Based on the above analysis of the expression abundance of
ligand-receptor, we obtained the number of ligand-receptor interactions
between two cell types, which can make a preliminary assessment of the
communication relationship between cells. To identify biological rele-
vance, we used cellphoneDB software to perform pairwise comparisons
between all cell types in the dataset, and analyze the number of signif-
icantly enriched ligand-receptor interactions between two cell types.
First, we randomly permuted the cluster labels of all cells (1000 times by
default) and determined the mean of the average ligand expression level
in a cluster and the average receptor expression level in the interacting
cluster. In this way we generated a null distribution for each ligand-
receptor pair in each pairwise comparison between two cell types. We
obtained a P value for the likelihood of cell-type enrichment of each
ligand-receptor complex by calculating the proportion of the means that
are as high as or higher than the actual mean. We defined P value less
than 0.05 as a significant enrichment. Based on the analysis of the
number of significant enriched ligand-receptor pairs between cell types,
we constructed a cell interaction network diagram, which can show the
regulation relationship between cells more intuitively.
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