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Abstract

Glioblastoma (GBM) is a malignant brain tumour, but its subtypes (mesenchymal,
classical, and proneural) show different prognoses. Pyroptosis is a programmed cell
death relating to tumour progression, but its association with GBM is poorly under-
stood. In this work, we collected 73 GBM samples (the Xiangya GBM cohort) and
reported that pyroptosis involves tumour-microglia interaction and tumour
response to interferon-gamma. GBM samples were grouped into different sub-
types, cluster 1 and cluster 2, based on pyroptosis-related genes. Cluster 1 samples
manifested a worse prognosis and had a more complicated immune landscape than
cluster 2 samples. Single-cell RNA-seq data analysis supported that cluster 1 sam-
ples respond to interferon-gamma more actively. Moreover, the machine learning
algorithm screened several potential compounds, including nutlin-3, for cluster
1 samples as a novel treatment. In vitro experiments supported that cluster 1 cell
line, T98G, is more sensitive to nutlin-3 than cluster 2 cell line, LN229. Nutlin-3
can trigger oxidative stress by increasing DHCR24 expression. Moreover,
pyroptosis-resistant genes were upregulated in LN229, which may participate

against nutlin-3. Therefore, we hypothesis that GBM may be able to upregulate
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pyroptosis resistant related genes to against nutlin-3-triggered cell death. In sum-

mary, we conclude that pyroptosis highly associates with GBM progression,

tumour immune landscape, and tumour response to nutlin-3.

1|

INTRODUCTION

Glioblastoma (GBM) is the most malignant tumour deriving from the
central nervous system with poor survival outcomes. Classification
based on genomic characteristics of GBM successfully grouped
tumours into different groups, like the Verhaak subtype.>? This classi-
fication proposed three subtypes, including mesenchymal, classical,
and proneural of GBM and viewed mesenchymal GBM as the most
aggressive subtype. Moreover, research reported that mesenchymal
GBM tended to be invasive from immune system surveillance and
proposed this difference may result from abnormal transcription fac-
tor activation.® Therefore, the excavation of the genomic characteris-
tic of GBM assists in understanding the difference between GBM
subtypes and discovering novel therapeutic targets.

Pyroptosis is an inflammatory associated with programmed cell
death involving microorganism invasion, central nervous system dis-
eases, and atherosclerosis. Pyroptosis is triggered by the formation of
the inflammasome, which can induce cell membrane pores and result
in cell death. Caspase-1-dependent pathway, the canonical pathway,
can be activated by the inflammasome, and caspase-1 can cause cell
membrane pores through cleaving gasdermin D (GSDMD). Besides,
other noncanonical pathways like caspase-4/GSDMD pathway,
caspase-5/GSDMD, and caspase-3/gasdermin E (GSDME) can also
trigger pyroptosis. Pyroptotic cells release massive inflammatory-
associated factors to recruit or activate immunocytes. Together, pyr-
optosis plays a critical role in modulating cell death and the activation
of the immune system.

Pyroptosis has been widely reported in its role in tumour progres-
sion, including colorectal cancer, ovarian cancer, gastric cancer, and
lung cancer.*~¢ For instance, the expression of GSDMD and GSDME
is altered in gastric cancer than in normal tissue indicating pyroptosis
may involve tumour progression.””® MiR-214 can suppress glioma
proliferation and migration by targeting caspase-1.1° NLRP3 inflam-
masome and AIM2 inflammasome were reported that participate in
hepatocellular carcinoma progression by affecting pyroptosis.***?
Increased TP53 expression suppressed lung cancer progression
through inducing pyroptosis.’®> On the other hand, pyroptosis is also
connected to tumour resistance to chemotherapy, like malignant
mesothelioma,* gastric cancer,? and lung cancer,*® which might attri-
bute to pyroptotic cells releasing inflammatory factors (like IL-1p). Pyr-
optosis is tightly associated with tumour progression, but its
association with GBM is poorly understood.

Interferon-gamma, type |l interferon, is a product of lympho-
cytes'® and have been widely reported in affecting tumour immune

microenvironment®”-18

and tumour response to immunotherapy,
including haematologic malignancies,*” GBM,?°2! and lung adenocar-

cinoma.?? Moreover, several studies reported that interferon-gamma

can trigger pyroptosis.2>~2° For instance, pyroptosis activation can be
modulated by interferon-gamma-secreted macrophage.?® Interferon-
gamma upregulates GSDMB to promote pyroptosis.>®> Therefore,
exploring the connection of interferon-gamma with pyroptosis in
GBM may assist in understanding how to control GBM progression.

In this work, samples from our database, the Xiangya GBM cohort,
were grouped based on the critical regulators of pyroptosis with con-
sensus clustering analysis. Two clusters were grouped, cluster 1 and
cluster 2, and cluster 1 samples manifested a worse prognosis and a
more complicated immune landscape. Those results were cross-verified
in the TCGA GBM array dataset and GBM meta dataset contains 1410
samples from different datasets. Moreover, single-cell RNA-seq data
were also analysed to view the potential interaction between tumour
cells and immunocytes. We noticed that cluster 2 samples communi-
cated with microglia through multiple pathways and had higher score
on tumor response to interferon-gamma. To step further, we screened
potential drugs for GBM with different pyroptosis gene expression
maps, and results were verified in the GBM cell line. Compound,
nutlin-3, may trigger GBM pyroptosis by causing oxidative stress, and
cell lines in different clusters respond to it differentially by modulating
pyroptosis associated genes' expression. Taken together, this work
identified the role of pyroptosis in GBM and proposed the potential

mechanism of how pyroptosis affects tumour immune landscape.

2 | METHODS AND MATERIALS

21 | Genomic data

We collected GBM samples to construct the Xiangya GBM cohort
(https://ngdc.cncb.ac.cn/, China National Center for Bioinformation,
ID: HRA001618) and used it as a training cohort?® (Glioma tissues
were collected, and written informed consent was obtained from all
patients. The included glioma tissues were approved by the Ethics
Committee of Xiangya Hospital, Central South University).

TCGA GBM array data (https://xenabrowser.net/) and GBM meta
dataset (1410 samples), which combined data from TCGA (RNA-seq
data of GBM), Chinese Glioma Genome Atlas (CGGA, http://www.
cgga.org.cn/) and Gene Expression Omnibus (GEO, https://www.ncbi.
nim.nih.gov/geo/) were used to validate results from Xiangya GBM
cohort. For the GBM meta dataset, the batch effect was processed
before merging different datasets. The subtype of GBM (mesenchymal,
classical, neural, and proneural) was provided from the TCGA database,
and the gliovis_subtype of GBM (mesenchymal, classical, and proneural)
was predicted by Gliovis (http://gliovis.bioinfo.cnio.es/).?”

Single-cell RNA-seq analysis analysed 8953 cells from 33 GBM
samples (SCP50 and SCP393), and data were obtained from the Single
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Cell Portal platform (http://singlecell.broadinstitute.org). Quality control
of each data was set as: mitochondrial genes on account of total genes
<15%; haemoglobin genes on account of total genes <5%; the number
of total genes for each cell >500. Then, data from different sources
were integrated by R package ‘Seurat’. Tumour cells were identified by
R package ‘infercnv’. Cell types were determined by R package
‘scCATCH’. The central nervous system tumour cell line expression

profile was downloaded from cancer cell line encyclopaedia (CCLE).

2.2 | Pyroptosis-associated model construction
Consensus clustering analysis was performed on GBM based on pyr-
optosis critical regulators, and two groups were obtained, cluster
1 and cluster 2 (R package ‘ConsensusClusterPlus’).2® Parameters
were set as follow: distance = ‘pearson’, maxK = 10, reps = 1000,
pltem = 0.8, pFeature = 1, clusterAlg = ‘pam’. A similar strategy was
also applied to TCGA GBM array data and GBM meta dataset.

2.3 | Machine learning

The cluster model was constructed in the central nervous system
tumour cell line with multiple machine-learning algorithms. Support
Vector Machines, Shrunken Centroids Classifier, and Stuttgart Neural

Network Simulator were performed with R package ‘€1071’, ‘pamr’,
and ‘RSNNS’, respectively.

24 | Tumour immunogenicity and cell-cell
communication

Gene ontology (GO) and Kyoto encyclopaedia of genes and genomes
(KEGG,) analyses were performed to view the differential potential bio
function pathways between cluster 1 and 2. GO, and KEGG analysis
was conducted by employing gene set variation analysis (GSVA) and
gene set enrichment analysis (GSEA) with the R package ‘GSVA’'%’

and ‘clusterProfiler’,*°

respectively.

Two types of immunogram were introduced to evaluate tumour
immunogenicity, as previously reported.3*%2 Pathways including T cell
immunity, absence of inhibitory molecules, absence of checkpoint
expression, absence of inhibitory cells, recognition of tumour cells,
trafficking and infiltration, priming and activation, innate immunity,
interferon-gamma response, proliferation, and glycolysis were evalu-
ated by using ssGSEA with R package ‘GSVA’.

The gene set of immune escape-related genes was obtained from
the previous study.>3 As for single-cell RNA-seq analysis, genes that
were not detected in over 80% of all samples were excluded.

The tumour immune landscape was depicted by the ESTIMATE
algorithm, CIBERSORT algorithm, and xCELL algorithm. The ESTI-
MATE algorithm and xCELL algorithm were performed with R package
‘ESTIMATE3* and ‘xCell’,*® respectively. The CIBEERSORT algorithm

was performed as guided in https://cibersortx.stanford.edu/.3%%”

R package ‘CellChat’ was introduced to predict cell-cell commu-
nication based on ligand-receptor pairs between tumour cells and
immunocytes.®® Significant differential ligand-receptors pairs between

cluster 1 and cluster 2 were selected.

2.5 | Drug prediction

Information on tumour cell line sensitivity to potential drugs was
downloaded from cancer therapeutics response portal version 1 and
version 2 (CTRP v1 and CTRP v2)%?~*! and profiling relative inhibition
simultaneously in mixtures (PRISM).*?> The lower AUC of the cell line
indicates a higher sensitivity to potential drugs. The expression of the
tumour cell line was downloaded from CCLE. The prediction was con-
ducted with the R package ‘pRRophetic’.*® Differential sensitivity
drugs were identified with R package ‘limma’. The protocol was per-

formed as previously reported.**

2.6 | Cell culture

GBM cell lines (T98G and LN229) were purchased from BeNa Culture
Collection (https://www.bncc.org.cn/) along with STR qualification.
Cells cultured in a cell incubator at 37°C and 5% CO,. The culture
medium consisted of high glucose DMEM and 10% FBS, and the cul-
ture medium was changed every 3 days. Cells were digested with

trypsin and passaged when cells were grown at 80%-90% confluency.

2.7 | The calculation of IC50

Cells were seeded in 96 wells with a density of 2000 cells per well.
Nutlin-3 was purchased from Selleck (https://www.selleck.cn/). Cells
were treated with different concentration of nulin-3 (90 uM, 80 uM,
70 uM, 60 uM, 50 puM, 40 uM, 30 uM, 20 uM, 10 pM) for 48 h. The
CCKB8 assay was performed to determine the cell survival ratio and
calculate IC50. A total of 10% CCK8 reagent was added to each well,

and the optical density value at 450 nm was measured.

2.8 | Cell growth
The proliferation ability of T98G and LN229 was also further verified
by the CCK8 assay and the colony-forming assay as previously

described.*®

2.9 | Quantitative polymerase chain reaction

Cells were treated with nutlin-3 for 48 h. Then, DNA extraction and PCR

were performed as previously described.*® Primers were listed below:
GAPDH: forward primer: ACAGCCTCAAGATCATCAGC,; reverse

primer: GGTCATGAGTCCTTCCACGAT.
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DHCR24: forward primer: TGAAGACAAACCGAGAGGGTC; reverse
primer: CAGCCAAAGAGGTAGCGGAA.

2.10 | RNA-seq sample preparation

All samples were run in triplicate. Cells were collected after treatment
with nutilin-3 for 48 h. RNA integrity was determined by the RNA
Nano 6000 Assay Kit of the Bioanalyzer 2100 system (Agilent Tech-
nologies, CA, USA).

Briefly, 1 ug RNA per sample was prepared for further analysis.
Poly-T oligo-attached magnetic beads were used to obtain purified
mRNA from total RNA. Using divalent cations under elevated temper-
ature, Fragmentation was carried out in First Strand Synthesis Reac-
tion Buffer (5X). First and second strand cDNA was synthesized
subsequently using random hexamer primer and M-MulLV Reverse
Transcriptase (RNase H) and using DNA Polymerase | and RNase H,
respectively. The remaining overhangs were cleaved into blunt ends
by exonuclease/polymerase activities. After adenylation of 3’ ends of
DNA fragments, Adaptor with a hairpin loop structure was ligated to
prepare for hybridization. Purified library fragments by the AMPure
XP system (Beckman Coulter, Beverly, USA) were applied to select
cDNA fragments at the length of preferentially 370-420 bp. PCR was
performed subsequently with Universal PCR primers, Phusion High-
Fidelity DNA polymerase, and Index (X) Primer. Finally, PCR products
were purified (also by the AMPure XP system), and library quality was
evaluated by the Agilent Bioanalyzer 2100 system.

The clustering of the index-coded samples was performed on a
cBot cluster generation system using TruSeq PE Cluster Kit v3-cBot-
HS (lllumia) as per the manufacturer's instructions. After cluster gener-
ation, the library preparations were sequenced on an lllumina Nova-
seq platform which eventually generated 150 bp paired-end reads. All

data were transformed into log2(TPM + 1) for subsequent analysis.

2.11 | Statistical analysis

Normality Test was performed on those datasets first. For normally
distributed data, student t-test and one-way ANOVA tests were con-
ducted to compare the difference between two or multiple groups. As
for non-normally distributed data, the comparison between two
groups or within multiple groups was examined with the Wilcox test
or the Kruskal-Wallis test, respectively. Cell subtype composition
between cluster 1 and cluster 2 was examined with the Chi-square
test. The Kaplan-Meier analysis and log-rank test were performed for
overall survival analysis. The CCK8 assay was examined with a two-
way ANOVA test. IC50 was calculated by GraphPad Prism (version

8.0.2). All bioinformatics information was carried out with R (ver-
sion 3.6.1).

3 | RESULTS
3.1 | Cluster 1 GBM manifested worse clinical
outcome than cluster 2 GBM

Pyroptosis critical regulators were identified from previous studies
and filtered out if they are not detected in different datasets. Two
clusters, cluster 1 and cluster 2, were classified (Figure S1A-C) based
on 18 pyroptosis-related genes (including CASP1, CASP3, CASP4,
CASP8, CASP9. AIM2, APIP, IL1B, IL18, IFI16, DDX58, NFKB1,
NFKB2, NLRP1, NLRP3, NAIP, MAPKS, and MAPK9).>*¢ Kaplan-
Meier overall survival analysis suggested that samples from cluster
1 manifested worse clinical outcomes than cluster 2 in Xiangya GBM
cohort (p = 0.0034, Figure 1A), TCGA GBM array dataset (p = 0.0022,
Figure 1B), and GBM meta dataset (p = 0.0026, Figure 1C). Disease-
specific survival analysis (p = 0.002, Figure S3A) and progression-free
interval survival analysis (p = 0.0035, Figure S3B) were further per-
formed, and cluster 1 was also verified as malignant subtype.

In Xiangya GBM cohort, the expression of APIP, CASP1, CASP4,
CASP8, DDX58, IL1B, IL18, NFKB1, and NLRP3 in cluster 1 samples
was higher than that in cluster 2 samples. Meanwhile, the expression of
AIM2, CASP9 and MAPKS increased in cluster 2 samples (Figure S2).
The expression of pyroptosis activation-associated genes like caspase-1,
caspase-3, caspase-8, IL-1f, IL-18, and NLRP3 were increased while
AIM2 was decreased in cluster 1 than in cluster 2 (Figure 1D). The clas-
sification was further validated in GBM meta dataset, and similar gene
expression profile alternation was also identified (Figure 1E). In the
meantime, aggressive subtypes like mesenchymal and classical mainly
were enriched in cluster 1 (Figure S3C,D). Therefore, the expression of
pyroptosis activation-associated regulators was increased in cluster

1, indicating pyroptosis may modulate GBM progression.

3.2 | More malignant GBM cells in cluster 1 GBM
cells than that in cluster 2

Single-cell RNA-seq analysis was further introduced, and the composi-
tion of cell subtype in GBM samples was also mapped (Figure 2A,B).
The cluster model was built based on neoplastic with a support vector
machine algorithm (Figure 2C). The expression profile of pyroptosis
critical regulators was also depicted, and most of them showed higher
expression in neoplastic and immunocytes like macrophage and micro-

glia than other stromal cells (Figure 2D).

FIGURE 1

Association of the cluster mode with glioblastoma (GBM) prognosis. (A) Overall survival analysis of the cluster model in the

Xiangya GBM cohort. (B) Overall survival analysis of the cluster model in the TCGA GBM array cohort. (C) Overall survival analysis of the cluster
model in the GBM meta dataset. Heatmap shows the association of the cluster model with GBM clinical features and pyroptosis-related genes
expression in TCGA GBM array data (D) and GBM meta dataset (E). NS, no significant; *p < 0.05; **p < 0.01; ***p < 0.001.
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We predicted the GBM cells subtype as previously and more NPC-like (neural-progenitor-like) and OPC-like (oligo-

described.*” As illustrated, more MES-like (mesenchymal-like) cells dendrocyte-progenitor-like) cells were classified as cluster 2 cells
and AC-like (astrocyte-like) cells were labelled as cluster 1 cells, (Figure 2E). Therefore, cluster 1 GBM cells are more malignant

(A) (B)

o 00.75

30.75 3

»n Y- »n

E g 0.50

£0.50 £

S ‘ 50.25

HES | 5

s 20.00

£0.00 =

=1 =3

4 4

W LRI o i oy

L 3||||||||| 1 1 e i |
g 2 2
= 3 =
5 -2 5
= 10,000 20,000 o 10,000 20,000
Rank in Ordered Dataset Rank in Ordered Dataset

== negative regulation of natural killer cell mediated cytotoxicity == Antigen processing and presentation
== negative regulation of natural killer cell mediated immunity == Natural killer cell mediated cytotoxicity
== negative regulation of T cell mediated immunity == NOD-like receptor signaling pathway
== positive regulation of neuroinflammatory response == PD-L1 expression and PD-1 checkpoint pathway in cancer
== regulation of dendritic cell antigen processing and presentation == Toll-like receptor signaling pathway

- regulation of neutrophil activation
(C)

GO_REGULATION_OF RESPONSE_TO_DRUG
GO_GLUTAMINE_FAMILY_AMINO_ACID_CATABOLIC_PROCESS

GO_GLUTAMATE_CATABOLIC_PROCESS 0.5
GO_REGULATION_OF GLUTAMATE_RECEPTOR_CLUSTERING
HALLMARK_INTERFERON_GAMMA_RESPONSE

HALLMARK_INTERFERON_ALPHA_RESPONSE 0
GO_INTERFERON_GAMMA_MEDIATED_SIGNALING_PATHWAY

HALLMARK_IL6_JAK_STAT3_SIGNALING -05
GO_RESPONSE_TO_INTERFERON_GAMMA .
GO_ANTIGEN_PROCESSING_AND _PRESENTATION_OF PEPTIDE_ANTIGEN_VIA_MHC_CLASS _|
GO_REGULATION_OF TUMOR_NECROSIS FACTOR_MEDIATED_SIGNALING_PATHWAY -1
GO_T_CELL_PROLIFERATION

KEGG_NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY

HALLMARK_TNFA_SIGNALING_VIA_NFKB

L] GO_POSITIVE_REGULATION_OF_T_CELL_PROLIFERATION
GO_NEGATIVE_REGULATION_OF_INNATE_IMMUNE_RESPONSE

GO_ACTIVATION_OF IMMUNE_RESPONSE

GO_CELLULAR_[RON_ION_HOMEOSTASIS

GO_IRON_ION_HOMEOSTASIS
GO_NEGATIVE_REGULATION_OF_ANTIGEN_PROCESSING_AND_PRESENTATION
GO_T_CELL_MEDIATED_CYTOTOXICITY
GO_NEGATIVE_REGULATION_OF_IMMUNE_EFFECTOR_PROCESS

L GO_ANTIGEN_PROCESSING_AND_PRESENTATION_OF PEPTIDE_ANTIGEN_VIA_MHC_CLASS_IB
GO_ANTIGEN_PROCESSING_AND_PRESENTATION_OF EXOGENOUS_PEPTIDE_ANTIGEN_VIA_MHC_CLASS |
GO_REGULATION_OF_T_CELL_MEDIATED_CYTOTOXICITY
HALLMARK_EPITHELIAL_MESENCHYMAL TRANSITION

HALLMARK_HYPOXIA

KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY
HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION

HALLMARK_P53_PATHWAY

HALLMARK_COMPLEMENT

cluster1 cluster2

FIGURE 3 Biofunction enrichment prediction. (A) Gene ontology (GO) enrichment analysis based on gene set enrichment analysis (GSEA)
analysis in the Xiangya GBM cohort. (B) Kyoto encyclopaedia of genes and genomes (KEGG) enrichment analysis based on GSEA analysis in the
Xiangya GBM cohort. (C) GO, KEGG, and HALLAMRK enrichment analysis based on GSEA analysis in single-cell RNA-seq analysis.



FIGURE 4

WANG ET AL

(A) =@= cluster1 ) i (C) wom clustert . .
cluster2 T_cell_immunity cluster2 Innate_immunity
Absence_of _ 4.5 Glycolysis 4.5 Priming_activation
inhibitory_molecules Priming_

=

and_acitvation
Proliferation

Absence_of _ _ . IFNG
checkpoint Trafficking_ Recognition response
expression_ and_infiltration tumor

N Inhibitory_cells_MDSCs Inhibitory_molecules
Absence of Recognition_of _
inhibitory, “cells tumor_cells (D) Inhibitory_cells_Tregs
X = = P S— P S— 1.00 - w  w owe m me e ke NG W e

0.75- ES cluster 1 $$ R

R LT | SR
o:oo- é#l $¢I | $$I | -23333.; éé % # %I

o
3
a

%%%ﬁ B

expression
o
(&)
o

o
N
[&)]

expression

0.00-

N @ e e : © @ o & H S & .S & ®
S S5e SN S o"\@ 2 W s P o“d & & o@o &
LS EER (T S L S E & DA
A YA oY & .2 07 & s
RS S VI VA Y O/ X e & F
Q P & & T S S E S 3
c\)& - © &7 o s & A\ d/ .\\\'0 O & R 00
@ & &S $ ' ® N3
X A & © & ¢
S S © SR
Q¢ I é{\ &
) BN
(E) & (F)
=@u clustert == cluster1
cluster2 T_cell_immunity cluster2 Innate_immunity
Absence_of . ) 45 - __
8 inhibitory molecules 2 Prlm_lng__ Glycolysis Priming_activation
® = and_acitvation
< . . 4
z Proliferation 4 \as T_cells
o 15 :
= I ,
) . .
$ Absence_of_ Trafficking_ d IENG
2 | checkpoint_ and_infiltration Recognition responce
£ expression tumor % P
n
' Apsgnce_of_ Recognition_of _ Inhibitory_cells_MDSCs Inhibitory_molecules
inhibitory_cells tumor_cells Inhibitory_cells_Tregs
(G)
s s LS 5 O S arhe b & b & Al 0 o e SIS § pEy 0 b s e WG v g
B3 clustert
E cluster2
10-
c
S
2
o . *l
g : :
° L4 °
° 5- “. ° .. > | .{ L .. ®ie® (|®
5 e 8 |l . o I o S °s
> ol ®® ° . = o
Bt N 9 ° T < 1 ° F = ﬁ.. .O
‘ ®e P1d P -
W S Pl R
| * ﬁrb > | tﬂ

3
o_eﬁﬁ 2/l
A R A SR T2 SRR A AR & EOA N RN AR S A SIS
SRERTESSS IR R RS

© « BRSSO & VEEE

NSRS EUER

Legend on next page.



WANG ET AL.

than cluster 2 GBM cells since GBM samples with a higher propor-

tion of MES-like and AC-like cells manifest poor prognosis.

3.3 | Cluster 1 GBM showed a remarkable
difference in the activation of immunocytes-
associated pathways

GO and KEGG analysis based on GSEA were performed to examine the
difference between cluster 1 and cluster 2. In Xiangya GBM cohort,
GO analysis suggested that the regulation of immunocytes, like NK cells
and T cells, and antigen presentation-associated pathways were acti-
vated in cluster 1 samples (Figure 3A). KEGG analysis showed that the
regulation of natural killer cells and T cells, PD-L1 and PD-1 associated
pathways, and the NOD-like and TOLL-like pathways were differen-
tially activated in cluster 1 samples (Figure 3B). GO and KEGG analysis
based on GSEA were also performed in TCGA GBM array dataset
(Figure S4A) and GBM meta dataset (Figure S4B). Pathways like NK
cells and T cells related pathway, antigen representation-related path-
ways, tumour response to interferon, Toll-like signalling pathway, PD-
L1, and PD-1 related pathway were enriched in cluster 1.

GO and KEGG analysis based on GSEA in neoplastic from single-
cell RNA-seq analysis were performed (Figure 3C). Tumour response
to interferon-gamma and interferon-alpha, IL6 pathway, antigen rep-
resentation related pathway, and T cell-related pathway were
enriched in cluster 1 samples while glutamine-related pathway,
tumour response to drug and P53 pathway were activated in cluster
2 samples. Therefore, cluster 1 samples are highly associated with
immunocytes related pathways indicating the role of pyroptosis acti-

vation in tumour immune landscape.

3.4 | Tumour immunogenicity and immune
checkpoints' expression difference in cluster 1
and 2 GBM cells

Immunogenicity was evaluated by mapping immunogram as previ-
ously performed.333248 |n Xiangya GBM cohort, cluster 1 had a higher
score on immunogenicity than cluster 2, including T cells immunity,
glycolysis, recognition tumour, interferon-gamma response, tumour
cells recognition, infiltration of inhibitory myeloid-derived suppressor
cells and regulatory T cells, the absence of inhibitory immunocytes,
and absence of immune checkpoint expression (Figure 4A-D). Similar
tumour immunogenicity was also observed in the GBM meta dataset
(Figure S5A). However, no significant difference in the ‘absence of
checkpoint expression’ between cluster 1 and cluster 2 was observed
in the TCGA GBM array dataset (Figure S5B). Moreover, the difference
in ‘absence of checkpoint expression’, ‘glycolysis’, ‘inhibitory cells

(Tregs), ‘Proliferation’, ‘recognition tumour’ and ‘T cells’ were not
found between cluster 1 and cluster 2 GBM cells in single-cell RNA-seq
GBM analysis (Figures 4E,F, and S5C).

The expression profile of immune escape-related genes was
mapped. Higher expression of genes like BTLA, CD226, CD274, CD28,
CD40, CD40LG, CD70, CTLA4, and PDCD1LG2 was noticed in cluster
2 than in cluster 1 in Xiangya GBM cohort (Figure 4G). In single-cell
RNA-seq GBM data, the higher expression profiles of CD276, CD47,
and MHC like HLA-A, HLA-B, and HLA-C were also noticed in cluster
1 neoplastic (Figure S6A). A similar expression profile can be noticed in
the TCGA GBM array and GBM meta dataset (Figure S6B,C). There-
fore, the difference of immunogenicity and immune escape-related
genes between cluster 1 and cluster 2 samples indicates pyroptosis

may affect tumour immunosuppressive microenvironment.

3.5 | Higher infiltration ratio of macrophages in
cluster 1 samples than in cluster 2 samples

Next, we explored the immune landscape difference between clusters
1 and 2. More immunocytes and stromal cell infiltrated in samples
from cluster 1 than cluster 2 according to the ESTIMATE algorithm in
Xiangya GBM cohort (Figure 5A), TCGA GBM array dataset
(Figure S7A), and GBM meta dataset (Figure S8A).

Then, the infiltration map of immunocytes and stromal cells was
further mapped. Immunocytes preferentially infiltrated in cluster
1 GBM samples were marked as red while cells infiltrated in cluster
2 GBM samples were marked as blue in Figure 5. Immunocytes like M1
macrophage, CD4+ memory T cells, neutrophils, and dendritic cells in
cluster 1 samples were predicted, while a lower infiltration ratio of den-
dritic cells and Basophils was found in Xiangya GBM cohort (Figure 5B).
Nevertheless, MO and M1 macrophages were enriched in cluster 1 sam-
ples according to the xCell algorithm, but the CIBERSORT algorithm
suggested differently. In the TCGA GBM array dataset, macrophage
and M1 macrophage were enriched in cluster 1 samples. More T cells
like CD4 naive T cells and CD8 naive T cells were found in cluster
2 samples (Figures S7B and S8B). Taken together, the immunocytes

infiltration in cluster 1 samples was more complicated than in cluster 2.

3.6 | Cluster 2 GBM cells interacted
with microglia through multiple pathways

We investigated cell-cell communication between neoplastic and
immunocytes since the tumour immune landscape was different. Gener-
ally, cluster 2 GBM cells interacted with microglia through multiple path-
ways. Novel ligand-receptor pairs like GDF2-(ACVRL1 + BMPR2)
(Figure 6A), GRN-SORT1 (Figure 6B), TNFSF12-TNFRSF12A (Figure 6C),

FIGURE 4

Immunogenicity and immune checkpoint genes. (A) and (B) The construction of immunogram (version 2017) in the Xiangya GBM

cohort. (C) and (D) The construction of immunogram (version 2020) in the Xiangya GBM cohort. (E) and (F) The construction of immunogram in
the single-cell RNA-seq data. (G) Immune checkpoint genes' expression in the Xiangya GBM cohort. NS, no significant; *p < 0.05; **p < 0.01;

***p < 0.001.



WANG ET AL

ke

(A) :
0.8 0.8
z z
£ ;51
06 0.6
0.4 0.4
-1000 0 1000
(B) StromalScore

xCell immunocytes prediction

cibersort

0 1000 2000

ImmuneScore

s
4+ memory T-cells
& nalveI —cells

+ Tem

Tem
+ naive T-cells
—cells
+Tcm
+ Tem

ndrocxt S
s—switched memory B-cells

OO0000000)!
oomiooo.?-h-hh

P
() go

"%m

otherl{lal cells

nellal cells
rocyt

obla ts

P

mMmmmoOO002 OOOOO0000!

2003
gﬁ:wo_

oL

0D =
%3
Oﬂ)
D
8
<
=
o
w

atinocytes
ndothelial cells

T NGIIO)
me 0

Memory
E )
esanglal cells

onocyte

mvoﬁndothehal cells
n |vey —cells
eurons
eutrophils
K_cells
Osteoblast

DC

Skeletal muscle
mooth muscle

Ve
T.cells.CD4.memory.restin
lIs.CD4.memory.activated

Z————:
RO0 00
DD DD

.cellS.rest
MK.cells.actlva ed
onocytes
Macrophages.M0O
Macrophages.M1
Macrophages.M2
Dendritic.cells.restin
endritic.cells. actlva ed
ast.cells.restin
Mast. cells act|va ed

Egﬁ't'?o;?m s

3000

0.5

-1

cluster
cluster1
cluster2

L48)snjo 181sn|o

zi9Isnp

FIGURE 5 Immune landscape difference in the cluster model. (A) Correlation of tumour purity with stromal score or immune score was
calculated in the Xiangya GBM cohort by performing the ESTIMATE algorithm. (B) Immunocytes infiltration in Xiangya GBM cohort by using the

CIBERSORT algorithm and xCell analysis.



WANG ET AL.

Wl LEY 11 0f 18

(A) DC (D) DC

MO macrophage " cluster2_Neoplastic MO macrophage /.

M1 macrophage

cluster1_Neoplastic =~ M1 macrophage

M2 macrophage |

| M2 macrophage
¢ ! CD8+ T cell 7 , | @ CDg+Teell

Microglial cell Vascular Microglial cell

Neuron [
Oligodendrocyte 1 1
Q
[$) Send! Q
Recawer = mm Recelver <
Mediator 5 Mediator £
Influencer I - E. Influencer s
T 000000 202 EEe—
» . O N O LT Y g
<& \%‘)0\4?‘30 2 ‘(\'b& &\“’&\\"’&.@"é \§°°0<;i@ & 0 & & 0
g S K KK K4 &
FEE LSS I SO
NG g<‘\ SR s NP U
s RN ¥ Eats
™ ™ ™
&2 GDF2 - (ACVRL1+BMPR2) e 9 EPO - EPOR
(B) BMP10 signaling pathway network (E) EPO signaling pathway network
DC ‘ bc =\
MO macrophage . cluster2_Neoplastic MO macrophage /
. - cluster2_Neoplastic
M1 macrophage
M1 macrophage cluster1_Neoplastic
® cluster1_Neoplastic

M2 macrophage M2 macrophage

° // ® CDs+Tecell ® CDs+Tecell
Microglial cell Microglial cell
Vascular —« Vascular
OPC ° .OPC
A\ Neuron
Oligodéndrocyte 1 Oligodendrocyte .
\ @
Qo
- - Send 8
Rocoer - - s I Recaver g
Mediator - 5] Mediator =4
Influencer | N . g— Influencer S
L I e ]
= =
¢ © L @ g £ ¢ L & =
EFF T PP S (0‘5\ & ,Jo&'b 0 < 0
& \;0°Qe®°q & K P < & &
SIS SRS < O N
I o ¢
& GRN - SORT1 &
GRN signaling pathway network FSH signaling pathway network
(©) DC (F) oC
MO macrophage
P A cluster2_Neoplastic MO macrophage o (" cluster2_Neoplastic

M1 macrophage
M1 macrophage

cluster1_Neoplastic

/
M2 macrophage “/ /
|

a/

M2 macrophage
® CD8+Tecell

Microglial cell

Microglial cell
Vascular Vascular

Neuron
Oligodendrocyte

@Q
| ] o Sender @Q
Recener - 5 Receiver 2
Uplraeemmm_——— | 5 osncer g
Influencer S Influencer 5
E Q
N & WO @ @ & O @& N ¥ ¥ L @ ¢ & L @ O @ £
FEE & PP F & & & 0 FFF O P \\'bq.q}& & & S S 0
& e"'&e S S F S S & RN L,JC,Qe N S FEFE TS &
S F F F b %) & & & & ¥
S e S ST oF
O O O™
%" & TNFSF12- TNFRSF12A 8 NAMPT - (ITGA5+ITGB1)
TWEAK signaling pathway network VISFATIN signaling pathway network

FIGURE 6 Cell-cell communication differences in the cluster model. (A) GDF2-(ACVRL+BMPR?2) in the BMP10 signalling pathway. (B) GRN-
SORT1 in the GRN signalling pathway. (C) TNFSF12-TNFSF12A in the TWEAK signalling pathway. (D) EPO-EPOR in the EPO signalling pathway.
(E) CGA-FSHR in the FSH signalling pathway. (F) NAMPT-(ITGA5 + ITGB1) in the VISFATIN signalling pathway.



12 of 18 Cell g WANG ET AL.
2o | WILE Y[

(A) (B) .
- -
75 PYRcluster
m cluster1
cluster2
50
E
ister1
25 2
‘ ‘ * stert
ster2
00— ; ; >t snercosszzuconanonssavocsausoosenngusuosE e oREeETas ks [ f
A© S @ B e e R N e GRS RS pa0ohE e e RedoD & Noan=assy 38680 luster2
,6;0 ,-&(\ 0\0 <5, (PlN) G)wgolo.gi._.“mgmwm OE% :(§N-< Eémuangrg“§ §Q§m REOIFoo 1
A & o Z o) m. o g a
s & = =
O @

1.0- T98G

Tp8.

c

506

o) 1C50..33.82 uM
204. *

c
0.2,

0.0 r '
0.75 1.0 1.5
o 1.0 LN229

T0.8.
C
20.6-
ol 1C50: 53,82 uM
=0.44
£
0.2

0.0 —
12 14 16 1.8

(D)
T98G
94- + NC Qo
93 = Nutlin3 ©
c V7 c
il S
521 5
c =
1 £

o

s i

Oh 24h48h72h LN229-NC LN229-DMSO

+ o NC LN229 - m—
= Nutlin3 ’ ‘ /

-
(6]

1.0

0.5

0.0 N\ ; A\ ; / \

Oh 24h48h72h | Noog nutlind 20uMLN229-nutlind 40 uMLN229-nutliin3 60 uM

FIGURE 7 Legend on next page.



WANG ET AL.

—Wl LEY_| 13018

EPO-EPOR (Figure 6D), CGA-FSHR (Figure 6E), and NAMPT-(ITGA5
+ ITGB1) (Figure 6F) was first identified between GBM cells and immu-
nocytes. Besides, cluster 2 neoplastic can also communicate with MO
macrophage through GRN-SORT1, CGA-FSHR and NAMPT-(ITGA5
+ ITGB1). As illustrated, neoplastic mostly acted as the influencer of
microglia (a detailed introduction about their roles can be found in refer-
ence [38, 49]).

Several ligand-receptor pairs were reported previously, like HBEGF-
EGFR (Figure S9A), SPP1-CD44 (Figure S9B), OSM-(LIFR+IL6ST)
(Figure S9C), FASL-FAS (Figure S9D), IGF1-(ITGA6 -+ ITGB4) (Figure S9E),
IL6-(IL6R + IL6ST) (Figure S9F). All those pairs suggested that cluster
2 neoplastic communicated with microglia through multiple pathways.
Moreover, cluster 2 neoplastic also acted as a sender, mediator, and influ-
encer to modulate microglia through NGF-NGFR (Figure S10A), KITL-KIT
(Figure S10B), and KLK3-NGFR (Figure S10C). Besides, cluster 2 neoplastic
communicated with CD8+ T cells through GZMA-F2R (Figure S10D).

3.7 | Cluster 1 GBM showed higher sensitivity to
nutlin-3 than cluster 2 GBM

We predicted cluster 1 and cluster 2 GBM cells' sensitivity to different
compounds, and three compounds (EPZ-5676, nutlin-3, and rimexo-
lone) were identified (Figure 7A). We verified the Central nervous sys-
tem tumour cell lines' sensitive to nutlin-3 by calculating IC50. Central
nervous system tumour cell lines were classified into cluster 1 or clus-
ter 2 by performing machine learning, Stuttgart Neural Network Simu-
lator, Support Vector Machine, and Shrunken Centroids Classifier.
GBM cell line T98G was classified as cluster 1 cells, while GBM cell
line LN229 was characterized as cluster 2 cells (Figure 7B). The IC50
of nutlin-3 for T98G and LN229 was 34.93 uM (34.93 + 1.92) and
57.35 uM (57.35 + 3.17), implying the cluster model can be applied in
screening potential sensitive drugs for GBM (Figure 7C).

Nutlin-3 targets the interaction of MDM2-p53 by inhibiting
MDM2 activity and inducing p53 expression, and increased p53
expression can promote pyroptosis.'>°° Therefore, the IC50 of
nutlin-3 further proved that the activation of pyroptosis in cluster
1 samples might be more feasible. Then, we confirmed that nutlin-3
could inhibit GBM cell progression by using the CCK8 assay and the

colony-forming assay (Figure 7D,E).
3.8 | Nutlin-3 upregulated DHCR24 to cause
oxidative stress and induce cell death

Next, we treated T98G and LN229 with nutlin-3 for 48 hours and
prepared for RNA-seq. Differentially expressed genes were identified

by comparing nutlin-3 group and NC group in T98G (Figure 8A) and
LN229 (Figure 8B). GO enrichment analysis based on DEGs suggested
that pathways like a cellular response to IL-1, IL-1 production, T cell
activation, and regulation of T cell apoptotic process were activated in
nutlin-3 treated T98G (Figure 8C), while regulation of inflammatory
response, regulation of lipid metabolic process and amino acid trans-
membrane transport were enriched in nutlin-3 treated LN229
(Figure 8D). GO enrichment analysis based on the GSEA algorithm
showed that pathways like fatty acid beta-oxidation using acyl-CoA
dehydrogenase, IL-18 production, negative regulation of fatty acid
oxidation, and regulation of IL-1p biosynthetic process were found in
nutlin-3 treated T98G (Figure 8E). In the meantime, pathways like
positive regulation of interferon-a production, regulation of antigen
processing and presentation, regulation of interferon-gamma secre-
tion, and regulation of macrophage cytokine production were acti-
vated in nutlin-3 treated LN229 (Figure 8F).

Then, we explored critical changes on pyroptosis associated regu-
lators' expression in nutlin-3 treated cell lines. We found that the
expression of DHCR24 increase in nutlin-3 treated T98G and
LN229by intersecting DEGs from T98G and LN229 (Figure 8G,H,
Table S1). Meanwhile, results from gPCR also supported that the
expression of DHCR24 is upregulated after treating T98G and LN229
with nutlin-3 (Figure 8l). DHCR24 can trigger oxidative stress and
modulate caspase-3, caspase-9 activation by interfering cholesterol
biosynthesis.>1>? Oxidative stress can also trigger cell death through
pyroptosis. Therefore, nutlin-3 may induce the upregulation of
DHCR24 to cause oxidative stress and trigger pyroptosis.

Meanwhile, pyroptosis-resistant genes like FASN,”® GPX4°* were
also upregulated in nutlin-3 treated LN229 (Figure S10E), and the
expression of pyroptosis sensitivity genes like IL32°° and PTX3%¢ was
increased in nutlin-3-treated T98G (Figure S10F). Moreover, the
expression of pyroptosis sensitivity genes like the GBP family,””
NLRP3, IL-18, and CASP14°® was decreased in nutlin-3 treated
LN229 (Figure S10G). Together, LN229 may upregulate pyroptosis-
resistant genes and downregulate pyroptosis-sensitivity genes against
that process.>’

4 | DISCUSSION

Pyroptosis activation involved in tumour progression, including oeso-
phageal carcinoma,® myeloid leukaemia,®* and GBM,®? and its regula-
tors were viewed as a potential therapeutic targeted marker.4>4* In
our work, we defined two types of GBM cells, cluster 1 and cluster
2, and cluster 1 samples were characterized as malignant GBM sub-
types (mesenchymal and classical GBM, according to a previous study

reported®?). Moreover, the higher consistency of mesenchymal GBM

FIGURE 7 Potential targeted drugs prediction. (A) Drug prediction based on the CTRP and PRISM dataset. (B) Central nervous system
tumour cell lines classification is based on machine learning. (C) IC50 of nutlin-3 of T98G and LN229. (D) The proliferation ability of T98G and
LN229 by using CCK8 assay. (E) The clonogenicity of U251MG, T98G, and LN229 by using a colony-forming assay. NS, no significant; **p < 0.01;

***p < 0.001.
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cells in GBM samples based on single-cell RNA-seq analysis also sup-
ported that theory. In the meantime, the expression of pyroptosis ini-
tiation regulators like NLRP3, AIM2, IL-18, IL-18, and caspase-1 was
increased in cluster 1 samples implying higher sensitivity of those
samples to pyroptosis than in cluster 2 samples. Moreover, cluster
1 and cluster 2 showed significant survival outcome differences indi-
cating the critical role of pyroptosis in GBM.

Furthermore, central nervous system tumour cell lines were
labelled as cluster 1 or cluster 2 based on machine learning algorithms.
GBM cell line T98G, classified as cluster 1 cells, was more sensitive to
nutlin-3 than LN229 (cluster 2 GBM cell line) as predicted. Moreover,
we validated their sensitivity to pyroptosis with a potential com-
pound, nutlin-3, in T98G and LN229. As expected, T98G and LN229
responses to nutlin-3 are different. Moreover, previous works
reported that a novel oxidative stress marker, DHCR24, can affect
cells oxidative stress to trigger pyroptosis.°**2°? In this work,
increased DHCR24 expression was found in nutlin-3 treated cell lines
implying nutlin-3 may increase DHCR24 expression to trigger pyrop-
tosis. In the meantime, we also found that LN229 may upregulate
pyroptosis-resistant genes and downregulate pyroptosis-sensitive
genes to respond nutlin-3. Therefore, this is the first work that
reported that nutlin3 may modulate pyroptosis through DHCR24.

As previous work reported interferon-gamma module cells
pyroptosis.>>~2% In this work, we found that cluster 1 samples may
also respond to interferon-gamma more actively than cluster 2 which
may also explain the different sensitivity of cluster 1 and 2 to pyrop-
tosis. Meanwhile, dysregulated immune escape-related genes expres-
sion and different tumour immunogenicity scores were also noticed
between cluster 1 and cluster 2 samples. For instance, CD40, CD47,
CD276, CTLA4, and PD-L1 were upregulated in cluster 1 samples
indicating their difference to immunotherapy. Moreover, a higher
score on T cells immunity, glycolysis, recognition tumour, interferon-
gamma response, tumour cells recognition, and the infiltration of
inhibitory immunocytes (myeloid-derived suppressor cells and regula-
tory T cells), and immune checkpoint genes expression were found in
cluster 1 samples than cluster 2 samples. As previously reported, the
application of immunogram can be used as guidance for patients'
immunotherapy.2%3147 Meanwhile, immunogram also suggested that
cluster 1 and 2 GBM samples respond to interferon-gamma differen-
tially. Together, GBM sensitivity to pyroptosis is associated with
tumour immunosuppressive microenvironment.

The connection between GBM cells and immunocytes has been
proven can modulate tumour microenvironment®> and response to
tumour treatments.®®¢” Potential interaction between GBM cells and

immunocytes based on the cluster model was also analysed. Activated

" WILEY Lo

macrophage/microglia normally have high expressed GRN; in the
meantime, depriving GRN expression can aggravate microglia infiltra-
tion®® and induce macrophage to secret inflammatory associated
cytokine.®” Moreover, inflammatory mediator IL-6 abolished the sen-
sitivity of GBM immunotherapy.”® Therefore, GRN-SORT may affect
GBM sensitivity to immunotherapy. The Cerebral Ischemic/
Reperfusion Recovery model proved that EPO could promote M2
microglia differentiation and inhibit M1 microglia differentiation,®”
implying EPO-EPOR may contribute to constructing GBM immuno-
suppressive microenvironment. Chlorogenic acid has been proven that
can inhibit microglia activation in LPS-stimulated microglia,”* and M1
or M2 microglia were considered pro- or anti-inflammatory pheno-
types.”? Taken together, cluster 2 and cluster 1 neoplastic may modu-
late microglia polarization to affect GBM immunogenicity and tumour
sensitivity to immunotherapy.

However, no sufficient studies to support the potential relationship
between microglia and GBM cells through ligand-receptor pairs like
GDF2-(ACVRL1 + BMPR2), TNFSF12-TNFRSF12A, NAMPT-(ITGA5
+ ITGB1). Those pairs may be novel pathways that were able to regu-
late microglia activation, differentiation, or polarization and through
which to affect GBM prognosis. For instance, NAMPT can be secreted
from microglia,”® and its inhibitor can prolong GBM-bearing animals'
survival time on accompany by PD-1 checkpoint blockade.”*
TNFSF12-TNFRSF12A can modulate glioma progression’>”¢ and may
participate in microglia activation.”” GDF2-ACVRL1 can modulate gli-
oma angiogenesis,”® but its association with microglia was elusive.
Besides, EGFR,”? SPP1-CD44,%° OSM®! were also reported can affect
microglia phenotype in glioma. Moreover, previous studies reported
that pyroptosis can affect microglia activation.823 Therefore, GBM
sensitivity to pyroptosis may affect microglia differentiation and activa-
tion but its potential mechanism is elusive.

In summary, this work proposed the subtype of GBM based on
pyroptosis-associated regulators. Cluster 1 phenotype was recog-
nized as a malignant subtype of GBM (mesenchymal and classical)
along with a poor prognosis. Interestingly, the cluster 2 phenotype
seems to interact with microglia through multiple pathways and
participate in microglia polarization, while cluster 1 phenotype
manifested higher immunogenicity and immune escape-related
genes expression. In vitro validation further confirmed that
cluster 1 samples are more sensitive to nutlin-3, and targeting
pyroptosis may be a novel option for treating GBM, especially for
the malignant subtype. Considering the development of novel
methods like patients-derived GBM organoids and xenograft,
further exploring the effect of nutlin3 in GBM with those methods

may help better understanding.®*

FIGURE 8 RNA-seq data analysis based on nutlin-3-treated cell line. (A) Differential expression genes before and after treating T98G with
nutlin-3. (B) Differential expression genes before and after treating LN229 with nutlin-3. (C) Gene ontology (GO) enrichment analysis based on
nutlin-3-treated T98G. (D) GO enrichment analysis based on nutlin-3 treated LN229. (E) GO enrichment analysis based on gene set enrichment
analysis (GSEA) analysis in nutlin-3-treated T98G. (F) GO enrichment analysis based on GSEA analysis in nutlin-3-treated LN229. (G) Interaction
of differential expression genes in T98G and LN229. (H) The expression of DHCR24 in T98G and LN229 after treating with nutlin-3 from RNA-
seg. (I) DHCR expression in T98G and LN229 after treating with nutlin-3 from gPCR. NS, no significant; ***p < 0.001.
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