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INTRODUCTION
Isocitrate dehydrogenase (IDH) wild-type glioblastoma 

(GBM) is the most common and aggressive type of brain 
tumor in adults. Due to the evolution of malignancy in the 
tumor, improving GBM prognosis remains challenging (1). 
Standard of care, debulking surgery followed by radiation 
combined with temozolomide, results in a median survival 
of around 15 months (2, 3). Most patients experience recur-
rence within 10 months of primary treatment (4). Currently, 
immune-checkpoint inhibitors improve the prognosis of 
many cancers (5, 6), but they have not yet delivered substantive 
clinical benefits to patients with GBM, likely due to the sig-
nificant immunosuppressive tumor environment in GBM (7).

Communication between tumor cells and immune cells 
plays a pivotal role in tumor progression (8). In particular, 
the infiltrating macrophages promote tumor angiogenesis, 

growth, and drug resistance (9) via various cytokine and 
chemokine release. Thus, it is crucial to systematically charac-
terize the natural progression of GBM and unravel the poten-
tial mechanism of immune microenvironment remodeling 
during disease progression.

Currently, several models have been constructed to explore 
GBM initiation and progression. For instance, Ozawa and 
colleagues (10) analyzed human GBM data and found that 
chromosome alterations may be an initiating factor for GBM. 
Additional studies (11–15) focused on longitudinal sample 
models to explore the spatiotemporal progression of GBM. 
The disease trajectory was projected from paired primary 
and recurrent samples and showed a genomic GBM land-
scape driven by treatment. Though these studies significantly 
improved our understanding of tumor evolution and therapy 
failure (11–13, 15), they mainly focused on genomic changes 

ABSTRACT Isocitrate dehydrogenase (IDH) wild-type glioblastoma (GBM) has a dismal prog-
nosis. A better understanding of tumor evolution holds the key to developing more 

effective treatment. Here we study GBM’s natural evolutionary trajectory by using rare multifocal sam-
ples. We sequenced 61,062 single cells from eight multifocal IDH wild-type primary GBMs and defined 
a natural evolution signature (NES) of the tumor. We show that the NES significantly associates with 
the activation of transcription factors that regulate brain development, including MYBL2 and FOSL2. 
Hypoxia is involved in inducing NES transition potentially via activation of the HIF1A–FOSL2 axis. High-
NES tumor cells could recruit and polarize bone marrow–derived macrophages through activation of 
the FOSL2–ANXA1–FPR1/3 axis. These polarized macrophages can efficiently suppress T-cell activity 
and accelerate NES transition in tumor cells. Moreover, the polarized macrophages could upregulate 
CCL2 to induce tumor cell migration.

SIGNIFICANCE: GBM progression could be induced by hypoxia via the HIF1A–FOSL2 axis. Tumor-
derived ANXA1 is associated with recruitment and polarization of bone marrow–derived macrophages 
to suppress the immunoenvironment. The polarized macrophages promote tumor cell NES transition 
and migration.
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after treatment. How tumor cells interact with the tumor 
microenvironment (TME) during natural disease progression 
remains unclear due to a lack of appropriate models and 
technology (16). Multifocal GBMs are defined as synchro-
nously occurring lesions in a patient. Although rare, these 
tumors are considered to be an excellent model for studying 
GBM natural evolution (17), because they may represent vari-
ous phases of tumor progression. Increasing evidence shows 
that most multifocal GBMs descend from a common tumor 
precursor cell clone in an early stage and undergo long-term 
parallel genetic evolution (17, 18). Here, we investigate tumor 
progression by applying single-cell RNA sequencing (scRNA-
seq) to multifocal IDH wild-type primary GBMs, allowing 
unprecedented high-resolution characterization of tumor 
natural evolutionary processes.

RESULTS
A Landscape of Primary Multifocal GBMs Based on 
scRNA-seq Data

We integrated 306,324 single cells, involving transcrip-
tome, epigenome, and proteome data, to investigate the rela-
tionships between tumor cells and the microenvironment 
under the natural evolution of primary GBMs (Fig.  1A). 
Specifically, we first enrolled four patients (i.e., NJ01, NJ02, 
TT01, and TT02) diagnosed with multifocal GBMs (two 
primary IDH wild-type lesions per case), of which the speci-
mens were subjected to scRNA-seq (NJ01: 21,518 cells; NJ02: 
21,715; TT01: 10,767 cells; TT02: 7,062 cells). Using the 
K-means clustering algorithm on scRNA-seq profiles, we 
classified the cells in each lesion into distinct clusters, which 
was followed by tumor cell inferring (see Supplementary 
Methods; Fig.  1B; Supplementary Fig.  S1A–S1D). We next 
explored the genomic features of these cases by inferring 
chromosome copy numbers for each tumor cell based on 
the single-cell mRNA expression profile using inferCNV 
(19). The resulting copy-number profiles revealed that two 
lesions in each of the four cases derived from the same ances-
tor reflecting shared copy-number alterations commonly 
found in GBM (refs. 20, 21; Supplementary Fig. S2A–S2D). 
A temporal order was implied for NJ01 and NJ02, in which 
one lesion harbored copy-number changes (e.g., chromo-
some 3 and 12q amplification, and chromosome 15 deletion 
in NJ01; chromosome 6 deletion in NJ02) not detected in 
the other lesion. This suggested that one lesion may have 
seeded the other. Whole-exome sequencing of tumor tissue 
corroborated the findings and was in accordance with those 
derived from scRNA-seq (Supplementary Fig. S2A and S2B; 
see Supplementary Methods). Besides, both lesions shared 
a high percentage of somatic mutations (clonal mutations, 
first lesion: 63%, second lesion: 55% for NJ01; first lesion: 
36%, second lesion: 26% for NJ02; Supplementary Fig. S2E), 
which further confirmed that the two lesions shared a com-
mon ancestor. To further substantiate the potential evolu-
tion sequence order between two lesions for each case, we 
performed RNA velocity analysis on tumor cells from the two 
lesions derived from the same patient (Fig. 1C; Supplemen-
tary Fig. S2F). The approach aims to predict the time deriva-
tive of gene abundance in cells by comparing the ratio of 
spliced to unspliced transcripts per gene. By enumerating the 

number of cells transiting to each group (the second or first 
lesion) based on the transition trajectory predicted by RNA 
velocity analysis, we performed a Fisher exact test analysis 
to evaluate such a transition tendency (see Supplementary 
Methods). Notably, we found that the four tumors all shared 
a potential transition tendency from the second to the first 
lesions. Moreover, we applied the stem-like, differentiated-
like, and proliferation stem-like gene sets from our earlier 
study (22) to tumor cells using the single-sample gene set 
enrichment analysis (ssGSEA) algorithm. By enumerating 
the tumor cells belonging to each phenotype according to 
the enrichment score, we found the tumor cells with stem-
associated features (combining stem-like and proliferating 
stem-like) were enriched in the younger lesions (one-tailed 
Student paired t test, P = 0.036). Of note, the tumor cells 
with both stem-associated and differentiated-like features 
showed a higher proportion in the older lesions (P = 0.045; 
Supplementary Fig.  S2G). Therefore, these results implied 
that tumor cells in the second lesion might act as new “bam-
boo shoots,” which may finally develop into the phenotype of 
tumor cells in the first lesion, suggesting that the first lesion 
may be older than the second lesion.

We further clustered nontumor cells based on scRNA-seq 
data. The cell type for each cluster was confirmed using cell-
specific markers, including FCGR1A (myeloid-like), COL1A1 
(fibroblast-like), CD3D (T-cell-like), CDH5 (endothelial-like), 
and MAG (oligodendrocyte-like; Fig. 1D and E). Notably, we 
observed that more than 45% of nontumor cells were myeloid-
like cells (mainly macrophages; Fig. 1E), which was consistent 
with our previous findings (23) that myeloid cells were the 
major nonneoplastic cell population in GBM. In GBM, tumor-
associated macrophages (TAM) may originate from either 
peripheral bone-marrow–derived macrophage (BMDM) or 
resident microglia (MG). By applying the signatures provided 
by Müller and colleagues (24), we identified BMDM and MG 
cells in scRNA-seq data across the four cases (see Supplemen-
tary Methods). We found that the ratio of BMDMs to MGs 
was higher in the first lesion than in the second lesion (Fisher 
exact test, odds ratio = 2.20, P < 0.001; Fig. 1F).

A Natural Evolution Signature Is Associated with 
Poor GBM Prognosis

Because we had confirmed the putative evolution order 
between two lesions (i.e., the first lesion was older than the 
second lesion) in four cases (i.e., NJ01, NJ02, TT01, and 
TT02), we asked what kind of transcriptional signatures 
could characterize such an evolution. To solve this prob-
lem, we first focused on NJ01 and NJ02 to determine dif-
ferentially expressed genes (DEG) between the tumor cells 
in the first and second lesions (i.e., the highly expressed 
genes derived from first vs. second and vice versa; see Sup-
plementary Methods; Fig. 2A). We found the percentage of 
DEGs expressed in the first lesion was significantly higher 
than in the second lesion, suggesting that GBM natural 
evolution may be accompanied by broad gene activation. 
We next iterated over all the tumor clusters to select ones 
expressing the top or bottom proportion of these DEGs 
(designated as the older and younger clusters; Fig. 2A). The 
top 20% of the older clusters in the first lesion and the bot-
tom 20% of the younger clusters in the second lesion were 
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further analyzed for differential gene expression. To ensure 
that the older GBMs ubiquitously expressed these genes, 
we applied a similar strategy as above to separately analyze 
TT01 and TT02 (see Supplementary Methods). Twenty-eight 
genes were retained through the overlap of DEGs in NJ01, 
NJ02, TT01, and TT02. These genes were further filtered for 

a signature of 11,529 genes intrinsically expressed in GBM 
(23) and subjected to STRING protein–protein interaction 
to obtain a module (Supplementary Fig.  S3A) consisting 
of 12 genes, including CD44, FOSL2, and ANXA1 (Supple-
mentary Table  S1). We labeled the genes in this module as 
a natural evolution signature (NES) and hypothesized that 

Figure 1.  Comparative characterization of multifocal GBMs and the TME by scRNA-seq. A, Schematic workflow for the construction of single-cell 
multifocal GBM transcriptomes. CGGA, Chinese Glioma Genome Atlas; cyTOF, cytometry by time of flight; pri., primary; rec., recurrent; scATAC-seq, single-
cell sequencing assay for transposase-accessible chromatin; TCGA, The Cancer Genome Atlas; WES, whole-exome sequencing. B, T-distributed stochastic 
neighbor embedding (t-SNE) plots of malignant (orange dots) and nonmalignant (blue dots) cells in the first and second lesions derived from the indicated 
cases. C, Top, RNA velocity illustrates the direction of tumor cell transition in the t-SNE plots between two lesions across the indicated cases. Bottom, the 
table shows the number of cells with a putative transition tendency to the center of each lesion. OR, odds ratio. (continued on next page)
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higher NES reflected a longer evolutionary history. As shown 
in Fig. 2B, the older lesions consist of a higher percentage of 
tumor cells expressing NES genes than the younger lesions 
(Wilcoxon paired rank-sum test, P  <  0.001). All NES genes 
showed a higher expression level in the tumor compared 
with nontumor samples across The Cancer Genome Atlas 
(TCGA) GBM dataset (Wilcoxon rank-sum test, P  < 0.01; 
Supplementary Fig. S3B). Moreover, we explored the single-
cell expression profile consisting of eight GBMs (6,148 cells 
in total) derived from Yu and colleagues (25). We enumer-
ated the number of NES genes expressed in each cell and 
found that, on average, the tumor cells expressed more NES 
genes than the nontumor cells (Wilcoxon paired rank-sum 
test, P = 0.039; Supplementary Fig. S3C). Notably, the tumor 
cells accounted for an average of 58% of all cells express-
ing NES genes, which was 2-fold higher than that of mac-
rophages (23%; Supplementary Fig.  S3D), suggesting that 
the tumor cells were the major source for expressing NES 
genes. We next used the ssGSEA algorithm (26) to construct 
a scoring algorithm based on NES genes (see Supplemen-
tary Methods). Trajectory analysis (see Supplementary Meth-
ods) showed that tumor cells with high NES (hNES) were 
enriched near trajectory branch points, indicating hNES may 
be a GBM evolution endpoint (Supplementary Fig.  S3E). 
Functional enrichment analysis using Enrichr (27) showed 
that these signature genes were associated with pathways 
including apoptosis, angiogenesis, and hypoxia (Fig. 2C).

To evaluate the performance of our algorithm, we first col-
lected two sectors (i.e., P1 and P2) from one patient tumor 
(TT03) and performed scRNA-seq for each sector (Sup-
plementary Fig.  S3F–S3H). We found that the two sectors 
shared copy-number alterations (CNA; inferred by inferCNV), 
including amplification of chromosome 7/18q and deletion 
of chromosome 6p/10p. Furthermore, P2 harbored private 
CNAs, including amplification of chromosome 3p and dele-
tion of chromosome 13q/19q (Supplementary Fig. S3I), sug-
gesting that P2 was a younger sector compared to P1. By 
performing the ssGSEA algorithm combined with a permuta-
tion analysis, we found that P1 showed a significantly higher 
percentage (8.8%) of NES-high tumor cells than P2 (3.7%; 
Fisher exact test, odds ratio = 2.53, P < 0.001; Supplementary 
Fig. S3J). A similar result was also observed by analyzing the 
dataset derived from a GBM (i.e., GS5) with two sectors (i.e., 
P1 and P3), provided by Yu and colleagues (ref. 25; see Sup-
plementary Methods; Supplementary Fig.  S3K–S3M). How-
ever, for those multisector GBMs without definitive genetic 
evolutionary order, the NES showed no significant difference 
between the two sectors (Supplementary Fig. S3N). We next 
applied the NES algorithm to analyze a dataset derived from 
patient-derived explants (PDE; ref.  28). We found that the 
samples from the third generation have a high percentage of 
NES-high tumor cells (one-tailed Wilcoxon rank-sum test,  
P  = 0.048; Fig.  2D; Supplementary Fig.  S4A for dataset of 
patient-derived GBM organoid). We also explored a dataset of 
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Figure 1. (Continued) D, t-SNE plot of nonmalignant cells in the first and second lesions derived from the indicated cases. E, Comparison of the 
percentages of different nonmalignant cell types between the first and second lesions across the indicated cases. F, Comparison of percentages of cells 
identified as BMDMs and MGs in the first and second lesions across the four cases (NJ01, NJ02, TT01, and TT02).

Figure 2.  The NES characterizes tumor progression. A, Schematic diagram of the identification of the GBM NES. B, Bar plot demonstrates the 
percentage of tumor cells expressing the indicated genes between the first and second lesions across four multifocal GBMs. C, Functional enrichment 
analysis of the 12 NES genes. MSigDB, Molecular Signatures Database. D, Comparison of the percentage of NES-high tumor cells between the indicated 
groups. E, A bar plot demonstrates the distribution of NES-high tumor cells across the samples after treatment for 2, 5, and 7 weeks. OR, odds ratio. 
F and G, Hexagonal plots depict different cellular state or subtype signature scores for malignant cells in the first and second lesions. Each data point 
corresponds to a single cell and is positioned along three axes according to its relative scores for the indicated cellular states. The size of the data point 
reflects the NES score of the cell. AC, astrocyte-like; CL, classic-like; MES, mesenchymal-like; NPC, neural progenitor–like; PN, proneural-like. H, Survival 
analysis of IDH wild-type GBMs (tumor purity >0.2) between NES-high and NES-low groups across the indicated datasets. CI, confidence interval.
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the RCAS-TVA glioma mouse model (GSE76184) and found 
the percentage of NES-high tumor cells in the sample col-
lected after radiation for 7 weeks was more than 4-fold higher 
than that after 2 or 5 weeks (odds ratio  =  4.6, P  <  0.001; 
Fig. 2E). Finally, we collected two specimens from a patient 
diagnosed as primary and recurrent GBM (occurred from the 
primary site) only treated with surgical resection due to the 
medical treatment limitation. We found 10 of 12 (83.3%) NES 
genes showed a higher expression in the recurrent sample 
(permutation, P = 0.030; Supplementary Fig. S4B).

A previous study (29) demonstrated that GBM mainly con-
sists of four cellular states, including neural progenitor–like 
(NPC), oligodendrocyte progenitor–like (OPC), astrocyte-like 
(AC), and mesenchymal-like (MES) cells and that the cellu-
lar state exhibits plasticity. Therefore, we explored the NES 
change among the cellular states at the scRNA-seq level in 
the first and second lesions from NJ01. The gene signatures 
for each cellular state were derived from Neftel and col-
leagues (29) and were used to construct a prediction model 
with the ssGSEA algorithm (26). We focused on tumor cells 
with at least one significant cellular state (permutation, P < 
0.01; see Supplementary Methods). By mapping cells into a 
hexagonal plot according to cellular state signature scores, we 
observed a definite cellular state transition along the NPC/
OPC–AC–MES axis with a proportional stepwise NES increase 
(Fig. 2F; Supplementary Fig. S4C), consistent with the transi-
tion direction reported by Neftel and colleagues (29). A similar 
trend was observed in the relationship between the NES and 
GBM subtypes reported in our previous work [e.g., proneural-
like (PN), classic-like (CL), and MES; ref.  23], in which NES 
showed a stepwise increase and transition direction from 
the PN-to-MES subtype (Fig. 2G). Analysis of tumor samples 
from a different independent dataset (e.g., TCGA) also showed 
that the MES subtype had higher NES scores than CL, which 
increased relative to the PN subtype (MES vs. CL, P < 0.001; 
MES vs. PN, P < 0.001; Supplementary Fig. S4D). We found 
that NES, to some extent, showed an association with MES-
like features. However, when performing the hypergeometric 
distribution analysis (30) on NES- and MES-state genes, we 
found that there was no significant enrichment association 
between NES and MES states (NES–MES1: P = 0.38; NES–
MES2: P = 1.00), suggesting that NES acts with distinct bio-
logical functions from MES states.

We next explored the relationship between NES and clini-
cal outcomes in GBM IDH wild-type patients. We categorized 
samples with tumor purity  >0.2 (predicted by ESTIMATE; 
ref. 31) from TCGA into low NES (lNES) and hNES groups 
(classified by median NES, the samples whose NES score was 
greater than the median NES score were labeled as hNES, 
otherwise lNES) and compared their overall survival. The 
lNES group showed longer overall survival than hNES [high 
vs. low NES, hazard ratio = 1.30; 95% confidence interval (CI), 
1.03–1.65; log-rank test, P  =  0.027; Fig.  2H; Supplementary 
Fig.  S4E for all IDH wild-type GBMs]. We further validated 
this result using data from the Chinese Glioma Genome Atlas 
(CGGA; ref.  32; hazard ratio =  1.38; 95% CI, 1.00–1.92; log-
rank test, P = 0.053; Fig. 2H; Supplementary Fig. S4E). Mul-
tivariate analysis controlling for age suggested that NES was 
an independent prognostic factor (based on TCGA dataset, 

hazard ratio = 1.2; 95% CI, 0.98–2.3; log-rank test, P = 0.071; 
Supplementary Fig. S4F; Supplementary Table S1).

Hypoxia Involves in NES Transition Potentially by 
the HIF1A–FOSL2 Axis

We next investigated the potential transcriptional regula-
tion during NES transition. Using the RABIT algorithm (33) 
to search for tumor-associated transcription factors (TF) 
across TCGA IDH wild-type GBMs, we found four TFs whose 
regulatory activity scores were significantly positively cor-
related with increased NES (designated as hNES-related), 
including CEBPB, FOSL2, SPI1, and ZBTB7A (Spearman cor-
relation test, adjusted P  <  0.2; Fig.  3A). The NES genes 
CEBPB and FOSL2 have been reported as critical regulators 
in promoting tumor progression (34). MYBL2, FOXM1, NRF, 
and E2F1 TFs were significantly activated in the samples with 
low NES (Fig. 3A). Among these TFs, both E2F1 and MYBL2 
participate in the regulation of cell proliferation and growth 
(35, 36). These TFs also showed a distinct expression pattern 
in brain development (Fig.  3B), in which hNES-related TFs 
were more likely to express in the later developmental stages, 
which was different from the observation in the development 
of other tissue types (Supplementary Fig.  S5). Additionally, 
we analyzed GBM single-nuclei sequencing assay for trans-
posase-accessible chromatin (snATAC-seq) and scRNA-seq 
datasets provided by Wang and colleagues (ref. 37; see Supple-
mentary Methods). By performing motif enrichment analysis 
for the open regions using Homer (38), we observed that the 
open chromatin regions associated with TFs such as FOSL2 
were prone to enrich in hNES tumor clusters (Supplementary 
Fig. S6), which was consistent with the findings above.

Many studies demonstrated that tumor evolution is orches-
trated by various factors, including the microenvironment 
(39). To identify the potential factors promoting NES state 
transition, we first tested the correlation between NES and a 
set of microenvironment-related pathways, including hypoxia 
response, immune response, and pH reduction [gene set col-
lected from GSEA Molecular Signatures Database (MSigDB); 
Fig.  3C]. The hypoxia response showed a significant asso-
ciation with NES (Spearman correlation test, rho = 0.60, P < 
0.001). By comparing the change of NES between glioma cells 
cultured with different oxygen levels (i.e., 5% and 20%), we 
found that tumor cells under hypoxia exhibited a higher NES 
(20% vs. 5%, Wilcoxon rank-sum test, P  =  0.0049; Fig.  3D). 
Knocking down hypoxia-inducible factor (e.g., HIF1A) on the 
tumor cells under hypoxia condition showed a significant 
decrease in NES (P < 0.05; Fig. 3E), indicating that hypoxia 
played an important role in accelerating the NES transition. 
Moreover, the tumor cells treated with siHIF1A dramatically 
reduced the FOSL2 mRNA level (P < 0.05; Fig. 3F). Chromatin 
immunoprecipitation sequencing (ChIP-seq) analysis based 
on ChIP-Atlas (https://chip-atlas.org) and ENCODE (https://
www.encodeproject.org) showed a sharp HIF1A peak in the 
upstream region (chr2:28,618,500–28,618,900) of the FOSL2 
promoter across various cancer types (Fig. 3G). A similar find-
ing was also observed in our recent study (22), in which FOSL2 
binding sites demonstrated increased DNA methylation dis-
order under stress conditions (e.g., hypoxia), which may be 
associated with response to stress stimuli. Taken together, 
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these findings suggested that hypoxia may be involved in NES 
transition potentially through the HIF1A–FOSL2 axis.

Tumor Cells with hNES Associate with 
BMDM Infiltration

Our single-cell analysis showed that BMDMs were enriched 
in the older (the first) lesion. To confirm such a finding, 
we associated NES with the BMDM and MG signatures in 

TCGA IDH wild-type GBMs using ssGSEA. We found that 
the BMDM signature (24) was positively correlated with NES 
(Spearman correlation test, rho = 0.67, P < 0.001), whereas the 
MG signature showed no correlation with NES (rho = −0.095, 
P  = 0.068; Fig.  4A). Cytometry by time of flight (CyTOF) 
analysis (see Supplementary Methods and Supplementary 
Table  S2 for the mass cytometry antibodies) based on two 
GBM biopsies (NJ03 and NJ04) also showed that hNES-like 

Figure 3.  Microenvironment remodeling is associated with NES transition. A, Scatter plot of the Spearman correlation between NES score and 
regulatory activity across TCGA IDH wild-type GBMs. The x-axis and y-axis represent the correlation coefficient (rho) and log-transformed P value, 
respectively. TFs whose regulatory activity is positively and negatively correlated (adjusted P < 0.2) with NES score (red and blue, respectively). 
B, mRNA expression of indicated TFs across different stages of brain development from 4 weeks post-conception (wpc) to advanced age. C, Correlation 
between the NES and indicated pathways across TCGA IDH wild-type (WT) GBMs. Spearman correlation; **, P < 0.01; *, <0.05. D, Comparison of NES 
scores between tumor cells under hypoxic and normoxic conditions. Wilcoxon rank-sum test; **, P < 0.01; *, <0.05 (P values here also apply to E and F). 
E, Comparison of NES scores between tumor cells in the indicated groups. F, Comparison of the mRNA level of the indicated gene between tumor cells in 
the indicated groups. ns, not significant. G, Left, ChIP-seq analysis of HIF1A across various cancer types. The representative Integrative Genomics Viewer 
tracks at the FOSL2 locus show the distribution of peaks upstream of the transcription start site (<5 KB). Right, binding motif of HIF1A (from JASPAR).
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GBM (NJ04, with a high percentage of CD44+CD45− cells) 
had a higher ratio of number of BMDMs to MGs (Fisher exact 
test, odds ratio = 4.5, P < 0.001; Fig. 4B).

To further investigate the potential relationship between 
BMDM/MG and NES, we analyzed GBM mRNA expression 
profiles of MRI-localized biopsies (dataset from GSE59612). 
We observed that BMDMs and NES both showed higher 
enrichment scores in the contrast-enhancing region (contrast- 
enhancing vs. nonenhancing, Wilcoxon rank-sum test, P  < 
0.001; Fig.  4C), suggesting that BMDM and hNES tumor 
cells were prone to enrich in the core region of tumor tis-
sues. Furthermore, we focused on the analysis of the dataset 
derived from IVY GAP (ref.  40; see Supplementary Meth-
ods). In this dataset, biopsies were collected from various 
regions of GBMs, including the cellular tumor region (CT), 
the infiltrating tumor region (IT), the leading-edge region 
(LE), the microvascular proliferation region (MP), and the 
pseudopalisading cell region (PC; a region associated with 
tumor necrosis and located in the center of the tumor). We 
found that hNES samples were significantly enriched (PC 
vs. other regions; Wilcoxon rank-sum test, P < 0.001) in the 
PC region (Fig. 4D). BMDMs and MGs were enriched mainly 
in the MP and LE regions, respectively (Wilcoxon rank-sum 
test, P < 0.001; Fig. 4D). Intriguingly, BMDMs and NES both 
showed a similar enrichment tendency in MP and PC regions 
(Fig. 4D). Such a finding was partially confirmed by an image 
of in situ hybridization derived from IVY GAP (W3-1-1-B.1.05), 
in which FOSL2 and CD163 were observed colocalizing in 
the PC region (Fig.  4E). Taken together, these findings sug-
gested that BMDM infiltration may associate with hNES 
tumor cells.

We also integrated and reclustered all the myeloid cells 
from four cases (eight lesions, 16,051 cells) to further dis-
sect the myeloid subclusters potentially associated with 
hNES tumor cells. Specifically, we identified 17 subclusters 
and named these clusters (e.g., mac_CD69; Supplementary 
Fig.  S7A and S7B; Supplementary Methods). We used the 
ssGSEA algorithm to calculate the M2-like and BMDM-like 
signature scores for each subcluster. We found that mac_
PLIN2, mac_IL32, and mac_FCN1 showed a high propor-
tion of cells significantly enriched with BMDM- and M2-like 
features. When analyzing the IVY GAP dataset, we found 
that the BMDM-associated subclusters were prone to be 
enriched in the MP and PC regions (Supplementary Fig. S7C). 
Furthermore, we analyzed links between the molecule mark-
ers of those BMDM-associated subclusters (e.g., mac_FCN1, 
mac_IL32, mac_PLIN2, mac_F13A1, mac_CCNB2, and mac_
MANF) and NES based on the mRNA profile of TCGA IDH 
wild-type GBMs. We found that 83% of the markers were 

positively correlated with the NES score across TCGA IDH 
wild-type GBMs (Supplementary Fig. S7D).

By exploring cell–cell communication using CellphoneDB 
(41) based on scRNA-seq data from the second lesion of NJ01 
(see Supplementary Methods), we found that the “tumor 
cell–myeloid–T cell” communication axis was a significant 
part of the cellular communication network (Fig.  4F; Sup-
plementary Fig. S8A for other cases). Notably, myeloid cells 
(mainly macrophages) were likely to act as intermediaries 
between tumor cells and T cells, suggesting an essential 
role in promoting immune microenvironment remodeling 
alongside tumor progression. To unravel the potential inter-
action axis between BMDMs and hNES tumor cells, we ana-
lyzed cell–cell communication between tumor clusters and 
BMDMs based on the ligand–receptor interactions predicted 
by CellphoneDB (41). In general, the older (the first) lesion 
showed more ligand–receptor interactions than the younger 
(the second) lesion (Fig.  4G; Supplementary Fig.  S8B for 
NJ02, TT01, and TT02). Specifically, we identified 59, 45, 35, 
and 78 pairs of ligand–receptor interactions in NJ01, NJ02, 
TT01, and TT02, respectively (Supplementary Fig.  S8C). 
Furthermore, we took the intersection among the ligand/
receptors mainly on tumor cells in the older lesion (older 
lesion: ≥50% of tumor clusters; younger lesion: <50%) derived 
from four samples and observed that only ANXA1 was shared 
by four samples (Supplementary Fig. S8C). The ANXA1 func-
tions as a ligand in tumor clusters that interact with FPR1/3 
receptors on BMDMs, mainly in the first lesion (Fig. 4G and 
H; Supplementary Fig. S8B and S8D). Such ligand–receptor 
interactions were also observed in the integration analysis 
of the other four scRNA-seq GBMs derived from Tiantan 
Hospital [Supplementary Fig.  S8E; Supplementary Fig.  S8F 
and S8G for the t-distributed stochastic neighbor embed-
ding (t-SNE) plot of four integrated GBMs]. Especially, we 
observed that the frequency of ANXA1–FPR3 interaction in 
tumor–BMDM communication was increased compared 
with tumor–MG communication, in which the percentage 
of BMDMs expressing FPR3 was 5-fold higher than that in 
MGs (Supplementary Fig.  S9A and S9B). A similar expres-
sion bias was also observed in nontumor samples (reference) 
or combined samples (reference coupled with IDH wild-type 
glioma) from datasets provided by Brain TIME (https://
joycelab.shinyapps.io/braintime/; Supplementary Fig.  S9C). 
Finally, by exploring mRNA expression of TCGA IDH wild-
type GBMs, we found ANXA1 expression was significantly 
correlated with the BMDM signature (24) score (Spearman 
correlation test, rho = 0.38, P < 0.001; Fig. 4I) but not the MG 
signature score, suggesting that ANXA1 may associate with 
BMDM infiltration.

Figure 4.  Associations between NES and immune microenvironment. A, Correlation between NES score (x-axis) and signature scores (y-axis) of 
MGs (blue points) and BMDMs (red points) in TCGA IDH wild-type GBMs. The density plot on the right represents the distribution of MG and BMDM 
signature scores. B, Left, distribution of CD45 overlaid on the 2D t-distributed stochastic neighbor embedding (t-SNE) plot of the GBM sample derived 
from NJ03 (top) and NJ04 (bottom) patients. Distribution of combination of gene markers overlaid on the 2D t-SNE plot of GBM samples derived from 
NJ03 (top) and NJ04 (bottom) patients. Right, comparison of percentages of indicated cell types between two samples (NJ03 and NJ04). OR, odds 
ratio. C, Comparison of indicated signature scores between samples in contrast-enhancing and nonenhancing regions. Wilcoxon rank-sum test;  
**, P < 0.01. D, The distribution of indicated signatures (top: NES; middle: BMDM; bottom: MG) among different GBM regions. E, Image of in situ 
hybridization and tumor feature annotation (derived from IVY GAP, W3-1-1-B.1.05) for FOSL2 and CD163 expression among different regions (top: 
PC; bottom: CT). F, Interaction among different cell types. The width of links represents the number of significant ligand–receptor interactions 
between the indicated cell types. G, A heat map for ligand–receptor interactions between indicated cell types across the first and second lesions of 
NJ01. NS, not significant. H, Distribution of the indicated genes (ANXA1 and FPR3) overlaid on the 2D t-SNE plot of the first lesion of NJ01. The pie 
plot demonstrates the percentage of the indicated cells highly expressing ANXA1. I, Correlation between ANXA1 mRNA expression (x-axis) and MG 
(blue) and BMDM (red) signature scores across TCGA IDH wild-type GBMs.
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ANXA1 Associates with Recruiting and Polarizing 
BMDMs to Induce Immunosuppression

We next searched for potential regulators of ANXA1 using 
the ChIP-Atlas. We found that the transcript factor FOSL2, one 
of the NES signatures, showed a sharp peak in the upstream 
region (chr9:75,764,500–75,764,700) of the ANXA1 promoter 
across three neural progenitor cells (Fig. 5A). A similar peak 
was also observed in the upstream region (chr9:75,764,001–
75,764,962) of the ANXA1 promoter across GBM cells in an 
analysis performed on a previously published snATAC-seq 
dataset (Supplementary Fig. S10A; see Supplementary Meth-
ods). The ANXA1 expression was positively correlated with 
FOSL2 expression across TCGA IDH wild-type GBMs (FOSL2 
high vs. low, Wilcoxon rank-sum test, P < 0.001; Fig. 5B).

To confirm the influence of ANXA1 derived from tumor 
cells on monocytes (see Methods), we performed transwell 
migration assays based on monocytes and U251MG GBM 
cell lines. In these assays, the tumor cells were treated by 
knocking down ANXA1 (siANXA1) or not (siNC, control; see 
Methods; Supplementary Fig.  S10B). We observed that the 
monocytes were more likely to migrate toward tumor cells 
in the control group (Fig.  5C). After 72 hours, the mono-
cytes in the control group showed characteristics of M2-like 
macrophages compared with those in the siANXA1 group 
(Fig. 5D), suggesting that ANXA1 induces monocytes to dif-
ferentiate into an immunosuppressive state. Therefore, we 
next compared the activity state of CD8+ T cells cocultured 
with macrophages derived from the transwell assays (see 
Methods). Notably, the IFNγ level and proliferation rate of 
T cells in the control group were significantly lower than 
those in the other groups (siANXA1 group; Wilcoxon rank-
sum test, P < 0.05; see Methods; Fig. 5E). A similar result was 
observed in the T cells in coculture with macrophages only 
treated with the supernatant from the transwell assay of the 
control group (Fig. 5E). These findings were also confirmed in 
the mRNA expression of IVY GAP, where cytotoxicity-related 
molecules, such as IFNG, were rarely observed in the NES-
enriched regions (Fig. 5F).

Because ANXA1 could profoundly remodel the immune 
environment of tumor tissue, we next asked whether ANXA1 
may help tumor cells take advantage of survival. By comparing 
mice intracranially injected with GL261 murine GBM cell lines 
with Anxa1 knockdown versus controls (Fig.  5G and H), we 
found the mice in the control group had significantly larger 
tumor sizes than the other group [P = 0.0131; Fig.  5I and J 
for shAnxa1#1 (short hairpin RNA of ANXA1, or shANXA1); 
Supplementary Fig. S10C and S10D for shAnxa1#4]. Consist-
ent with this observation, mice in the shAnxa1 group showed 
a significantly longer median survival time compared with 
controls (log-rank test, P = 0.0084; Fig. 5K). IHC analysis using 
the M2-like macrophage marker F4/80/CD163 further showed 
that M2-like macrophages showed a higher percentage in 
the control group (shSC) compared with the shAnxa1 group 
(Student t test, P  <  0.05; Supplementary Fig.  S10E). Clini-
cal survival analysis based on multiple datasets (e.g., TCGA) 
also showed that patients with highly expressed ANXA1 
showed a shorter survival time than the other patients (hazard 
ratio = 1.34; 95% CI, 1.12–1.62; log-rank test, P = 0.0014; Sup-
plementary Fig.  S10F). Additionally, we explored our mouse 
transplant model injected with the macrophage-depleting 

agent clodronate (Supplementary Fig. S10G). We utilized the 
IVIS Spectrum In Vivo Imaging System to quantify the tumor 
size (growth) in mice bearing 2-week-old gliomas. Notably, 
the samples treated with shAnxa1 showed a significantly 
smaller tumor size than those treated with clodronate alone 
(P  =  0.0016; Supplementary Fig.  S10H). Taken together, the 
findings above suggested that ANXA1 played an important role 
in suppressing immune activity and promoting tumor progres-
sion, which may be a potential target for GBM treatment.

BMDM Infiltration Accelerates Tumor NES 
Transition and Migration

By analyzing the mRNA profile of primary and recurrent 
GBMs derived from The Glioma Longitudinal AnalySiS 
(GLASS; 13), we found that the difference in the BMDM-
normalized signature score (i.e., BMDM vs. MG signature 
score calculated by the ssGSEA algorithm) between recur-
rent and matched primary GBMs was significantly corre-
lated with the increase of surgical interval time (Spearman 
correlation test, rho  =  0.19, P = 0.046; Fig.  6A), which was 
consistent with the finding reported by Pombo Antunes and 
colleagues (42), suggesting that BMDM infiltration is asso-
ciated with tumor progression. Next, we performed RNA-
seq on tumor cells cocultured with M2-like macrophages 
(induced from monocytes) or in monoculture for 24, 48, and 
72 hours (see Methods; a total of six samples). Cocultured 
tumor cells showed a higher NES score than those in the 
monoculture condition (fold change  =  1.80; Fig.  6B), sug-
gesting that BMDMs contribute to accelerating the NES 
transition. A similar result was further confirmed by com-
paring the expression profile of GBM stem cells (GSC) 
derived from the 3D triculture (in culture with astrocytes 
and neural progenitor cells) and tetra-culture (in culture 
with astrocytes, neural progenitor cells, and macrophages) 
GBM tissue models provided by Tang and colleagues (43), in 
which 75% of NES genes showed a higher expression level in 
the GSCs cocultured in the tetra-culture model (P = 0.008; 
Supplementary Fig.  S11A). Moreover, enrichment analysis 
of MSigDB hallmark gene sets via the ssGSEA algorithm 
showed that the epithelial–mesenchymal transition (EMT) 
pathway was significantly correlated with NES (Spearman 
correlation test, rho  =  0.94, P = 0.017) and highly upregu-
lated in the coculture condition (one-tailed Student paired 
t test, P = 0.042), exhibiting a stepwise increase with culture 
time (Fig. 6C; Supplementary Fig. S11B for 3D culture). It 
has been reported that FOSL2 is an important TF promot-
ing EMT. The mRNA of FOSL2 showed a higher expression 
level in tumor cells cocultured with macrophages (one-tailed 
Student paired t test, P  = 0.035; Fig.  6D; Supplementary 
Fig. S11C). Moreover, the enrichment of EMT also suggested 
that these tumor cells may acquire invasion capacity after 
coculture. Previous studies have summarized that tumor 
metastasis mainly undergoes a cascade, including local 
invasion and intra-/extravasation, which involves gene sets 
such as TWIST, ZEB2, COX2, and VEGFs (designated as the 
metastasis-like gene set; see Supplementary Table S3). Using 
the ssGSEA algorithm, we found that tumor cells in the 
coculture condition showed a higher enrichment of these 
genes (one-tailed Student t test, P = 0.040; Fig. 6E; Supple-
mentary Fig. S11D). Additionally, the analysis based on the 
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data provided by Miyai and colleagues (ref. 44; GSE126725) 
showed that the diffuse glioma cells with high migration 
ability showed a higher NES score compared with the con-
trol group (Student t test, P < 0.001; Fig. 6F).

We further investigated whether BMDMs interact with 
GBMs and could promote tumor migration. The analysis 
based on the TCGA IDH wild-type dataset showed that 
metastasis-like signatures were significantly correlated with 
BMDM (Spearman correlation test, rho  =  0.43, P  < 0.001)  

and monocyte (rho = 0.40, P < 0.001) signature scores (Fig. 6G 
for BMDM; Supplementary Fig.  S11E for monocyte and 
MG). An increasing number of studies have demonstrated 
that TAMs might promote tumor metastasis and progression 
by secreting cytokines, including CCL2 and CCL20 (45, 46). To 
further determine which cytokine was associated with such a 
migration ability during the NES transition, we applied cor-
relation analysis to these cytokines and NES across TCGA 
IDH wild-type GBMs. Notably, CCL2 (rho = 0.62, P < 0.001) 

Figure 5.  ANXA1 is associated with recruiting and polarizing macrophages to suppress CD8+ T cells. A, Top, ChIP-seq analysis of FOSL2 across three 
neural progenitor cells. The representative Integrative Genomics Viewer (IGV) tracks at the ANXA1 locus show the distribution of peaks upstream of the 
transcription start site (TSS; <5 KB). Middle, snATAC analysis of GBM cells. The representative IGV tracks at the ANXA1 locus show the location with 
significant peaks upstream of the TSS (<5 KB). Bottom, binding motif of FOSL2 (from JASPAR). B, Comparison of ANXA1 mRNA expression between 
TCGA IDH wild-type GBMs classified by the expression of FOSL2. Wilcoxon rank-sum test; **, P < 0.01; *, <0.05. C, Comparison of the migration ability of 
monocytes between the indicated groups (siANXA1 or siNC) based on transwell assay (microscope at ×100 magnification). D, mRNA level of indicated 
genes measured by qRT-PCR using the delta-delta Ct method. E, Comparison of IFNγ level (left) and proliferation percentage (right) of CD8+ T cells among 
indicated groups. F, A heat map for expression of indicated genes and signature scores among different regions. qRT-PCR (G) and immunoblot (H) analysis 
of Anxa1 mRNA expression in GL261 cells transduced with lentiviral vectors carrying five shRNAs. I, Representative MRI from mice after intracranial 
injection of GL261 with lentiviral vectors carrying scrambled shRNA or shAnxa1. T2 sequences demonstrate infiltrative tumors in the mouse brain (yellow 
line). J, Tumor volume was measured by the T2 MRI scan. K, Survival analysis of cases treated with shSC or shAnxa1.
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Figure 6.  BMDM infiltration is associated with tumor progression. A, Correlation analysis of surgical interval time and the difference in normalized 
BMDM signature score between primary and recurrent GBMs based on the GLASS dataset. B, Comparison of NES scores between tumor cells in mono-
culture and coculture with macrophages. C, Comparison of indicated MSigDB hallmark pathways between tumor cells in monoculture and coculture with 
macrophages for 24, 48, and 72 hours. D, Comparison of the FOSL2 mRNA level between tumor cells in monoculture and coculture with macrophages. 
E, Comparison of metastasis-related gene expression between tumor cells in monoculture and coculture with macrophages. Top bar colors from white 
to green represent the enrichment score of metastasis-related genes from low to high. F, Comparison of NES scores between glioma cells with high and 
low (control) migration ability. Enrich., enrichment. G, Correlation between the NES score and metastasis-like signature (sig.) score across TCGA IDH 
wild-type GBMs. H, Correlation between the mRNA level of the indicated gene and NES score across TCGA IDH wild-type GBMs. I, The ratio of the number 
of macrophages expressing CCL2 to that expressing CCL20. J, Distribution of the indicated genes (CCL2 and CCR10) overlaid on the 2D t-SNE plot of 
the first lesion. The pie plot demonstrates the percentage (percent.) of the macrophages (red) highly expressing CCL2. K, Comparison of the CCL2 mRNA 
level between TAMs and monocytes. Wilcoxon rank-sum test; **, P < 0.01. L, qRT-PCR analysis of CCL2 mRNA expression in macrophages with lentiviral 
vectors carrying shRNAs. M, Comparison of migration ability of tumor cells between the indicated groups (shCCL2 or shNC) based on transwell assay 
(microscope at a ×200 magnification).

and CCL20 (rho = 0.62, P < 0.001) showed a high correlation 
with NES score (Fig.  6H). When comparing the percent-
age of macrophages expressing these two genes across four 
pairs of multifocal GBMs, we found that CCL2 was prone 
to express among macrophages broadly (Fig.  6I). Further 
analysis showed that CCL2 was mainly expressed in mac-
rophages (Fig.  6J; Supplementary Fig.  S11F and S11G). By 

analyzing the data provided by Gabrusiewicz and colleagues 
(47), we found that CCL2 mRNA levels were higher in tumor-
infiltrating macrophages than in monocytes in the periphery 
(Wilcoxon rank-sum test, P < 0.01; Fig. 6K), suggesting that 
the upregulation of CCL2 was only the phenotype of the mac-
rophages infiltrating into the tumor. Inspired by these find-
ings, we performed a transwell migration assay in shCCL2 or 

rho = 0.19, P = 0.046
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shNC (control) conditions for 48 hours (Fig. 6L). As expected, 
the tumor cells in the control group were more likely to 
migrate toward the lower compartment of the transwell 
apparatus (where macrophages were; Fig.  6M), confirming 
that CCL2 could promote tumor cell migration. Moreover, 
by analyzing TCGA IDH wild-type GBM samples, we found 
that patients classified as CCL2–high level showed a poor 
prognosis compared with other patients (hazard ratio = 1.25; 
95% CI, 1.08–1.45; log-rank test, P = 0.0033; Supplementary 
Fig. S11H).

DISCUSSION
Multifocal tumors, especially those lesions that origi-

nated from a single ancestor, are an excellent model for 
investigating natural tumor evolution because the noise 
of initial genetic alteration and microenvironment are well 
controlled between different lesions. We characterized GBM 
evolution through an in-depth analysis of four pairs of mul-
tifocal GBMs. We defined an NES to recapitulate molecular 
changes during untreated tumor evolution. The validity 
of the NES was corroborated by its significant correlation 
with tumor development, clinical outcome, and tumor 
cellular states. These findings collectively reveal that the 
NES characterized the molecular change of GBM’s natural 
evolution history.

Tumor evolution is considered to be associated with many 
factors (hypoxia, etc.). Our study integrated scRNA-seq of 
multifocal GBMs to identify that FOSL2 was one of the 
signatures highly expressed in the older lesions, suggesting 
it was potentially involved in tumor evolution. Besides, our 
study demonstrated that hypoxia could promote NES transi-
tion potentially by activating the HIF1A–FOSL2 axis (Fig. 7). 
FOSL2 regulated ANXA1, which may subsequently recruit 
and induce monocyte polarization to M2-like macrophages 
(Fig.  7). These polarized BMDMs showed an immunosup-
pression phenotype that significantly reduces the prolifera-
tion and IFNγ production of CD8+ T cells, posing a challenge 
to developing immunotherapy for GBM. A similar study 
was recently reported by Yeo and colleagues (48), in which 

BMDMs were observed with an increased proportion at the 
advanced stage of GBMs. Intriguingly, we found that knock-
ing down ANXA1 significantly decreased the suppression 
effect of macrophages on CD8+ T cells, and tumor pro-
gression in GL261-derived syngeneic glioma mouse models, 
implying that ANXA1 could be a potential target for GBM 
treatment. Taken together, the “HIF1A–FOSL2–ANXA1” 
regulatory axis offers us a new perspective to understand 
natural tumor evolution and its association with immune 
microenvironment remodeling.

Our findings also show that tumor cells cocultured with 
the polarized macrophages tend to increase NES, which 
may be associated with the activation of multiple transcript 
factors (e.g., FOSL2) and pathways (e.g., EMT). Such progres-
sion was also coupled with an enhancement of migration 
capacity, which is associated with the CCL2 produced by the 
polarized macrophages (Fig. 7). These findings may together 
help explain our previous observation, in which macrophage 
enrichment was significantly correlated with rapid relapse of 
GBM after treatment (23). Because CCL2 is mainly expressed 
in macrophages that infiltrate tumor tissues, targeting CCL2 
might be a potential therapy for slowing tumor progression.

Increasing evidence has now emerged indicating that GBM 
does not follow a unidirectional hierarchical stem cell model 
(49). Our study revealed that the NES-high tumor cells 
tended to express stem- and differentiating-like signatures 
simultaneously. This phenotype suggests that NES is asso-
ciated with high plasticity, which could help tumor cells 
respond to different stressors in the microenvironment.

While introducing the natural evolution of GBMs, we 
recognize that the current study has not fully established 
the causality between the NES transition and microenviron-
ment remodeling. This is limited by the technical challenges 
to precisely capturing the full stages of GBM evolution. 
Therefore, additional studies are needed to explore the rela-
tionship between tumor cells and the microenvironment 
during tumor evolution. In addition, this study focused 
only on the influence of the ligand on the target cells (e.g., 
ANXA1) rather than cell receptors (e.g., FPR1/3). This is 
mainly because these ligands showed abnormal expression 

Figure 7.  Schematic representation of tumor 
natural evolution and interaction with macrophages. Normoxia Hypoxia
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levels in tumors compared with those receptors, which may 
be more suitable for targeting. It is also worth pointing out 
that the mechanism of the NES transition of tumor cells 
under coculture with macrophages is unclear. The coculture 
assay based on the cytokine-polarized (e.g., IL4) macrophages 
is oversimplistic and could not completely reflect the features 
of macrophages in vivo. Further research should be conducted 
to systematically evaluate the influence of TAMs on the 
tumor cells.

In conclusion, our study provides an unprecedented high-
resolution characterization of natural tumor evolution followed 
by immune environment remodeling and tumor migration. 
The frequent interaction between tumor cells and macrophages 
may enhance our understanding of GBM progression.

METHODS
Human Tumor and Peripheral Blood Specimens

The scRNA-seq data were derived from 12 samples, including 
four pairs of multifocal GBMs and four other GBMs. In detail, all 
patients at the Neurosurgery Department of The First Affiliated 
Hospital of Nanjing Medical University and the Beijing Tiantan 
Hospital preoperatively consented to participate in the study. All 
tumor specimens were collected after written informed consent was 
obtained from the patients and in accordance with the institutional 
review board–approved protocols of The First Affiliated Hospital 
of Nanjing Medical University or Beijing Tiantan Hospital, Capital 
Medical University. Two pairs of fresh brain tissue samples (NJ01 
and NJ02) were preserved using tumor storage solution (MACS, 
130-100-008) immediately after surgical resection. The tumors were 
located in the frontal and parietal lobes. At the same time, paired 
peripheral blood samples were collected into EDTA anticoagulant 
tubes. Nine fresh brain tissue samples from six patients (two pairs 
of multifocal samples, TT01 and TT02; one pair of multisector 
samples, TT03; and four GBMs) at the Beijing Tiantan Hospital 
were collected and snap-frozen in liquid nitrogen immediately after 
surgical resection.

The fresh brain tissue samples were washed with prechilled phos-
phate-buffered saline (PBS; BBI Life Sciences, E607008-0500). Tissue 
digestion was performed with a Human Tumor Dissociation Kit 
(MACS, 130-095-929), and the tissue slurry was passed through a 
70-μm cell strainer. Red blood cell lysis and debris removal were per-
formed after filtering the single-cell suspension (MACS, 130-094-183 
and 130-109-398). Then, the samples were washed and resuspended 
in PBS with 0.04% bovine serum albumin (BSA; BBI Life Sciences, 
A600332-0005). Finally, the cell suspensions were filtered using a 
40-μm cell strainer.

Single-Cell Library Preparation and Sequencing
Cells from the samples collected from The First Affiliated Hospital 

of Nanjing Medical University were counted using a Countess instru-
ment (Thermo) and diluted to 700 to 1,200 cells/μL. Cells were pro-
cessed according to the Chromium single-cell RNA 3′ kit protocol 
(10X Genomics V2.0 chemistry) to capture 10,000 cells/chip posi-
tion. All the remaining procedures, including library construction, 
were performed according to the manufacturer’s protocol. Libraries 
were quantified using an Agilent high-sensitivity DNA chip on a 
Bioanalyzer 2100 system (Agilent). Single-cell libraries were then 
sequenced on an Illumina HiSeqXTen instrument (PE150).

The cells collected from Beijing Tiantan Hospital were loaded into 
Chromium microfluidic chips with 3′ (10X Genomics V2.0) chemis-
try and barcoded with a 10X Chromium Controller (10X Genomics). 
RNA from the barcoded cells was subsequently reverse-transcribed, 

and sequencing libraries were constructed with a Chromium single-
cell RNA 3′  v2 reagent kit (10X Genomics). The libraries were 
sequenced with an Illumina HiSeq 2000 (Illumina).

The single-cell sequencing data were analyzed using Cell Ranger 
(version 2.2.0, 10X Genomics) with default parameters. The data 
quality was assessed using the Seurat package (version 2.3.4).

Whole-Exome Sequencing
Single-cell suspensions and paired peripheral blood of NJ01 

and NJ02 were processed for whole-exome sequencing. Massively 
Parallel Sequencing Exome capture was performed using an Agilent 
SureSelect Human All Exon V6 kit. All exome–genome sequenc-
ing was performed on an Illumina NovaSeq 6000 platform. The 
sequencing data were aligned to the human reference genome build 
hg19 with bwa (v0.7.15). Aligned reads were sorted by genome coor-
dinate using Picard Tools (v2.18.12) after marking duplicate reads. 
Alignment quality was further improved by local realignment around 
insertions and deletions and base quality score recalibration. Somatic 
single-nucleotide variants were identified using Mutect (v.1.1.17). 
Then, variants in dbSNP build 138 or whose mutation allele fre-
quency (MAF) was >0.7 were filtered. Allelic copy numbers in exome 
sequencing data were estimated using Sequenza with the default 
options. MAF was adjusted by tumor purity estimated from scRNA-
seq (NJ01: first lesion: 0.7, second lesion: 0.9; NJ02: first lesion: 0.6, 
second lesion: 0.8). The scaled MAF was calculated by integration 
analysis of MAFs from two lesions.

Sample Collection and Processing for CyTOF
Tumor specimens were obtained from patients (NJ03 and NJ04) 

diagnosed with GBM at the Department of Neurosurgery of The 
First Affiliated Hospital of Nanjing Medical University. The fresh 
tumor tissue was mechanically cut into small pieces and enzymati-
cally digested with RPMI 1640 containing 2 mg/mL collagenase, 
250 μg/mL hyaluronase, and 20 μg/mL DNase I.

Antibodies were purchased, purified, and conjugated in-house 
using MaxPar X8 Polymer kits (Fluidigm). The mass cytometry anti-
bodies used are shown in Supplementary Table S2. First, 1–3 × 106 
cells from each sample were washed with protein-free PBS, stained 
with 1 μmol/L cisplatin for 5 minutes at room temperature, and 
stained for cell-surface markers in staining media (PBS containing 
0.5% BSA and 0.02% NaN3) for 30 minutes at 4°C. Then, cells were 
fixed and stained with DNA Intercalator-Ir overnight. Finally, cells 
were stained with a Foxp3/TF staining buffer (eBioscience) for 30 
minutes at 4°C and washed. Cells were stored at 4°C until analysis.

Cells were washed twice with deionized water before adding EQ 
normalization beads containing Ce140, Eu151, Eu153, Ho165, and 
Lu175 (Fluidigm). Data were acquired with a Helios instrument. 
After normalizing and randomizing values near zero using Helios 
software, FCS files were obtained. Data generated from different 
batches were normalized using the bead normalization method. To 
get accurate immune subset information, we analyzed all samples 
with the FLOWSOM algorithm. All cell events in each sample were 
pooled and included in this analysis. t-SNE visualization was based 
on 50,000 CD45+ cells randomly selected from all cells.

Transwell Coculture Assay for Examining Macrophage 
Migration and Polarization

According to the manufacturer’s instructions, peripheral blood 
(20 mL) was collected from healthy individuals, and peripheral 
blood mononuclear cells were extracted using the Ficoll separa-
tion method (GE Healthcare Life Sciences). Mononuclear cells were 
obtained by CD14 magnetic bead separation according to the manu-
facturer’s instructions (Life Technologies) and cultured in 20% FBS 
RPMI 1640 medium (GM-CSF; 50 ng/mL, PeproTech) for 5 days to 
induce M0-like macrophages. T cells were obtained by CD3 magnetic 
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bead separation according to the manufacturer’s instructions (Life 
Technologies) and cultured in 10% FBS RPMI 1640 medium (IL2; 
10 ng/mL, PeproTech).

Human glioma cells U251MG (RRID:CVCL_0021) were obtained 
from the Cell Bank of Shanghai Institutes of the Chinese Academy 
of Sciences and cultured in a 10% FBS DMEM high-glucose medium. 
siRNA (e.g., siANXA1; Supplementary Table S4) was transfected with 
Lipofectamine RNAIMAX transfection reagent according to the man-
ufacturer’s instructions (Life Technologies). After 48 hours, the cells 
were collected for protein extraction. The interference efficiency was 
detected by Western blotting.

Transwell cells (Millipore) were placed in a 24-well plate. A total 
of 105 U251MG cells (RRID: CVCL_0021) with different treatments 
(siANXA1 or siNC) were added to the lower chamber and 500 μL of 
10% FBS DMEM high-glucose medium. M0 macrophages (100 μL) 
were added to the upper compartment and 10% FBS RPMI 1640 
medium. After 48 to 72 hours of coculture, the upper chamber was 
fixed with methanol, and the cells inside the membrane were wiped 
off with a cotton swab (Beyotime). The cells outside the membrane 
were stained with crystal violet (Beyotime) and photographed under 
a microscope.

To examine the phenotype of macrophages under different culture 
conditions, total RNA was extracted from the macrophages using 
the TRIzol method according to the manufacturer’s instructions 
(Takara) and then subjected to reverse transcription [HiScript II 
First-Strand cDNA Synthesis Kit (+  gDNA wiper), Vazyme] and an 
SYBR Real-Time PCR assay (AceQ qPCR SYBR Green Master Mix, 
Vazyme; Supplementary Table S5 for primers).

Examination of Immune Activity of T Cells
To examine the influence of cocultured macrophages on the activ-

ity of T cells, 104 T cells and 1 mL of 10% FBS RPMI 1640 medium 
were added to the bottom of 12-well plates coated with 1 μg/mL anti-
CD3 and 5 μg/mL soluble anti-CD28 (BioLegend). After 48 hours, 
the macrophages or the supernatant from the coculture in the above 
transwell experiment was also added. After 48 hours of culture, 20 
ng/mL PMA and 1 M ionomycin (Beyotime) were added. After 72 
hours of culture, the supernatant was collected and tested using the 
IFNR assay kit (see kit instructions for details). T cells in the ELISA 
experiment were collected, and 103 T cells were added to each well of 
the 96-well plate, followed by 100 μL of 10% FBS RPMI 1640 medium 
and 10 μL CCK8 solution (CCK8 kit, Beyotime). The culture was 
continued for 2 hours, and the absorbance was measured at 450 nm.

Intracranial Xenograft Tumor Models and MRI
All mouse experiments were performed under the guidelines 

of and were approved by the Animal Care and Use Committee 
of Nanjing Medical University. Female and male C57BL/6J mice 
(RRID:IMSR_JAX:000664; 6–8 weeks of age) were purchased from 
The Jackson Laboratory. The intracranial xenograft tumor models 
were established as previously described (50), and 1 × 105 cells in 5 
μL PBS of the murine GBM cell line GL261 (RRID:CVCL_Y003) with 
shRNA scramble control (shSC) or ANXA1 knockdown (shANXA1) 
were injected. To make the GL261 lines (RRID:CVCL_Y003) bearing 
shSC or shANXA1, lentivirus containing respective sequences were 
used to infect the cells that were subjected to puromycin selection 
for 1 week, followed by confirmation with real-time PCR (ANXA1 
primer: Qiagen, cat. # QT00145915) and western blotting (Anti-
Annexin A1 Ab, Abcam, cat. # ab214484). For lentivirus production, 
the pLKO.1 target gene set for the mouse ANXA1 gene was pur-
chased from Sigma-Aldrich. The packaging system from Invitrogen 
including plasmids pCMVR8.74 (RRID:Addgene_22036), pMD2.G 
(RRID:Addgene_12259), and pRSV-Rev (RRID:Addgene_12253) was 
used to generate lentiviruses in HEK293T cells (KCB, cat. # KCB 
200744YJ, RRID:CVCL_0063).

The MRI of mice was performed at Rangos Research Center 
Animal Imaging Core at Children’s Hospital of UPMC of Pittsburgh.  
The tumor size of animals from MRI imaging was analyzed 
with ITK-SNAP.

Macrophage Depletion
Lentiviral model-derived mouse glioblastoma cells (GL261; 

RRID:CVCL_Y003; 2 × 105 cells) were suspended in 5 μL PBS and ste-
reotactically injected into the right striatum of C57 female animals 
(6 weeks). The mice were randomly separated into two groups for 
macrophage depletion. Two thousand microliters of liposome–clo-
dronate (5 mg/mL) or liposome–PBS were given to the animals intra-
venously on day 4, followed by treatment with a reduced dosing of 
100 μL per mouse on days 11 and 18. Tumor growth was monitored 
by bioluminescence imaging on an IVIS Spectrum In Vivo Imaging 
System (PerkinElmer) weekly and quantified with Live Image v.4.0 
software (Living Image; PerkinElmer).

Transwell Coculture Assay for Examining Tumor 
Cell Migration

The shCCL2 sequence was obtained from Sigma-Aldrich (Supple
mentary Table  S6). Two packaging vector plasmids, VSV-G (RRID: 
Addgene_138479) and psPAX2 (RRID:Addgene_12260), were added to 
each test tube (concentration ×  volume, concentration: ng/μL, mass: 
5 μg, 5:5, or other ratios), and mixed with 1 mL HBS and 70 μL CaCl2. 
After 10 to 15 minutes, DMEM was changed to make HEK293T cells 
(KCB, cat. # KCB 200744YJ, RRID:CVCL_0063) fully nourished. The 
reagent was mixed 3 to 5 times and absorbed away. After 12 to 16 
hours, HEK293T cells (KCB, cat. # KCB 200744YJ, RRID:CVCL_0063) 
were added to 10 mL of neurobasal medium for 48 hours. Lentiviruses 
were collected after the liquid exchange, and titers were measured. The 
lentiviruses were stored at −80°C.

The prepared macrophages were cultured with 2 mL of Accutase 
and incubated for 3 to 5 minutes, and then 3 mL of medium was 
added. All the supernatants were absorbed for centrifugation. The 
supernatant was removed, and 3 mL of the medium was added for 
resuspension. A total of 106 cells were counted in each dish and 
cultured with 3 mL of medium. The lentiviruses were incubated at 
37°C and centrifuged at 3,000 rpm for 5 minutes. Then, 4 to 5 mL of 
the virus supernatant was added to the macrophages. The medium 
was changed after 12 hours of infection. After 48 hours, 1 μg/mL of 
puromycin was added to screen the cells. The remaining cells were 
collected after 2 days.

The purine-screened macrophages were digested, counted with a 
counting plate adjusted to 2  ×  104 cells, and placed into a transwell 
chamber. Media (100–200 μL) without FBS were added to the upper 
chamber. Media (600 μL) containing 10% FBS were added to the bot-
tom of the transwell chamber. The transwell chamber was then placed 
in an incubator at 37°C and 5% CO2 for 48 hours. The upper chamber 
was fixed with methanol, and the cells inside the membrane were wiped 
off with a cotton swab. The cells outside the membrane were stained 
with crystal violet (Beyotime) and photographed under a microscope.

RNA-seq of Tumor Cells in Coculture or 
Monoculture Condition

The normal peripheral blood lymphocytes were obtained from 
healthy donors. In brief, peripheral blood mononuclear cells were 
separated by Ficoll-Hypaque (Sigma-Aldrich) density gradient cen-
trifugation. Monocytes were isolated using anti-CD14–coated micro-
beads (Miltenyi Biotec) and cultured for 7 to 10 days in RPMI 
1640 medium supplemented with 10% FBS, 1% P/S, 4 mmol/L 
L-glutamine, and 50 U/mL GM-CSF (R&D Systems). Following 
differentiation, the cells were treated with 20 ng/mL IL4 (Sigma-
Aldrich) for 2 days, resulting in M2-like TAMs. The U251MG 
cells (RRID:CVCL_0021) were cultured in a serum-free medium 
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containing DMEM/F12 medium (Gibco) supplemented with 20 ng/
mL EGF (Gibco), 20 ng/mL bFGF (Gibco), 2% B27 (Gibco), 1 × N2 
supplement (Gibco), 1 × MEM NEAA (Gibco), and 1:100 antibiotic–
antimycotic (Gibco). For coculturing experiments, coculture inserts 
(0.4-μm pores; BD Biosciences) were placed in 6-well tissue culture 
plates. The TAMs were added to the tissue culture wells (1  ×  106 
cells per well), and U251MG cells (RRID:CVCL_0021; 1 × 105) were 
added to the inserts. The two types of cells in the transwell cham-
bers were cocultured for 24, 48, and 72 hours. The U251MG cells 
(RRID:CVCL_0021) and TAMs were harvested at each time point and 
washed with cold PBS for RNA-seq. Total RNA was extracted using 
TRIzol Reagent (Invitrogen) and reverse-transcribed using HiScript 
II Q RT SuperMix (Vazyme). RT-qPCR was performed using the 
SYBR Green Master Mix (Vazyme). A total of 500 ng of total RNA per 
group were selected to build the cDNA library using the Smart-seq2 
protocol. RNA-seq was performed using a PE150 strategy (HiSeq X 
Ten, Illumina). The RNA-seq data were subjected to mRNA analysis 
(https://docs.gdc.cancer.gov) for mRNA quantification.

Data and Code Availability
scRNA-seq, whole-exome sequencing, and bulk RNA-seq data 

supporting this study are available from the China National 
Center for Bioinformation/Beijing Institute of Genomics, Chinese 
Academy of Sciences (https://ngdc.cncb.ac.cn; GSA: HRA002914 
and HRA002913). Custom codes used for this study are accessible 
at https://github.com/woolingxiang/NES.
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