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Purpose: CTLA4, the immune checkpoint, has been widely reported to contribute to
immune evasion in anti-tumor activity. The inhibitors of CTLA4 provide a novel strategy
to improve the outcome of peripheral cancer, but their clinical effects are limited in
glioblastoma (GBM), thus the comprehensive role of CTLA4 needs to be addressed.
Patients and Methods: A total of 471 GBM cases were enrolled in this study from 5 cohorts.
In our works, the Cancer Genome Atlas (TCGA) cohort was divided into the training set, and the
Chinese Glioma Genome Atlas (CGGA), REMBRANDT, and GSE84465 cohorts were divided
into validation sets. Tissues from our cohort were collected for histopathologic validation. Then,
the role of CTLA4 in the TME of GBM was comprehensively investigated.

Results: Significant differences exist in immunological characteristics between the low and
high CTLA4 expression groups. Mutation analysis found different genomic patterns asso-
ciated with CTLA4 expression. Next, network analysis found the module named c1-1562
including CTLA4 correlated with over survival (OS) in GBM. We also developed a pre-
dictive model to calculate the risk score for every GBM case and the risk score was
independently related to OS. Furthermore, the expression of CTLA4 was positively related
to the infiltration level and function of macrophage in GBM TME based on seven indepen-
dent algorithms, single-cell RNA-seq data and immunohistochemistry.

Conclusion: These findings implicate that CTLA4 could serve as a novel target for
prognosis and therapy in GBM patients. CTLA4-mediated immune suppression may be
attributed to the infiltration of macrophages in the tumor microenvironment.

Keywords: glioblastoma, tumor microenvironment, CTLA4, macrophage, multi-omics

Introduction
Glioblastoma (GBM) is the most common malignant primary brain tumor in adults."
Despite numerous efforts, patients with GBM show poor outcome with a short
median overall survival (OS), about 15-17 months with the current comprehensive
treatment, due to its aggressiveness, resistance to chemotherapy, and recurrence.””
Immunotherapy, which enhances the immune system to attack the tumor, has
provided unexpectedly beneﬁcial clinical responses to patients suffering from other
cancers, such as melanoma.* In particular, checkpoint blockade therapies such as
targeting cytotoxic T lymphocyte antigen 4 (CTLA4) have achieved significant
success in treating many kinds of tumors.®” Expressing on the cell surface such as
the regulatory T cell, CTLA4 competes CD28 for binding to costimulatory mole-

cules (CD80 and CD86) on antigen-presenting cells, thereby inhibiting the
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activation of T cells.® This results in the immune system
not killing tumor cells well. Immune checkpoint inhibitors
(ICIs) can decrease the inhibition of immune cells and
reactivate the cytocidal immune response, by blocking
the interaction between the ligands and the repressive
However, the efficacy of ICIs for GBM has

been limited to this day.'®'? Possibly for these reasons,

receptors.’

the brain was always considered an immune-privileged
organ, due to the lack of dedicated lymphatic channels,
which shows fundamental differences between peripheral
tissues and the central nervous system (CNS).'? On the
other hand, hugely different and complicated mechanisms
exist between peripheral tissues and the CNS."* Thus,
further investigations of the immune status of the CNS
are needed.

Previous works revealed CTLA4 correlates with
immune and clinical characteristics mainly in lower-
grade glioma (LGG).'*'* However, the tumor microenvir-
onment (TME) is a complex and heterogeneous environ-
ment composed of tumor cells, a mixture of tissue-resident
and infiltrating immune cells, cytokine, and extracellular
matrix proteins.'® GBM remodels a unique and complex
brain microenvironment in many aspects. CNS-invading
phagocytes in the TME of GBM were predominantly
composed of higher relative frequencies of tissue-invading
monocyte-derived macrophages, whereas tissue-resident
monocytes were more infiltrating the LGG.'” Principal-
component analysis (PCA) of the relative abundance of
all investigated populations in the brain TME landscape
showed principal component 1 (PC1) separated LGG from

GBM, which indicated TME between GBM and LGG is
obviously different.'® The CTLA4 related genetic func-
tions in GBM are still open for further interpretation. In
this study, we gathered 471 GBM cases from the Cancer
Genome Atlas (TCGA), Chinese Glioma Genome Atlas
(CGGA), REMBRANDT database, the
Expression Omnibus database (GEO). These data included
RNA sequencing (RNA-seq) data, DNA-seq data, single-
cell RNA-seq (scRNA-seq) data, and corresponding clin-

and Gene

ical data. Tissues from our cohort were collected for his-
topathologic validation. This study revealed the overall
landscape of the GBM microenvironment related to
CTLA4 based on a large sample size and provided a
novel insight toward immunotherapy for GBM patients.

Materials and Methods

Data Retrieval and Pre-Processing

Sequencing data and corresponding clinical information on
patients diagnosed with GBM were obtained from TCGA,
CGGA' and REMBRANDT. In this study, 463 GBM
cases were collected from three databases, including 168
cases from TCGA database, 85 cases from CGGA data-
base, and 210 cases from REMBRANDT database. The
RNA sequencing data of TCGA and CGGA were normal-
ized and computed using the RPKM method (reads per
kilobase transcriptome per million reads).”® Data from
REMBRANDT were normalized by the affy package. If
a dataset had multiple rows for the same gene, the mean
value of all rows was chosen by limma package. We
collected 20,099, 24,326 and 22,408 genes from each
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database above, respectively. The scRNA-seq data of
human GBM cases were collected from the GEO database
with accession number GSE84465.?' The time period from
the date of diagnosis to the date of the last follow-up or
death was defined as OS. We grouped cases from TCGA
into a training cohort, whereas all cases from CGGA and
REMBRANDT were used for validation. The cases were
divided into high- and low-expression groups based on the
median RPKM value of CTLA4. This study was approved
by Capital Medical University’s Institutional Review
Board.

Immunological Role of the CTLA4 in
GBM TME

Immunological characteristics of the TME in GBM were
evaluated in four ways. It included the immunomodulators
expression, the cancer immunity cycle, the expression of
inhibitory immune checkpoints, and the infiltration level of
tumor-infiltrating immune cells (TICs). At first, we
acquired 122 immunomodulators according to the previous
study,22 including MHC, receptors, chemokines, and immu-
nostimulators. Second, as shown in the previous study,23 the
status of anti-cancer immunity including seven-step
Cancer-Immunity Cycle and more details were shown in
Supplementary Method. Third, we also acquired 22 inhibi-

tory therapeutic potential immune checkpoints.** Finally,
some effector genes of TIICs were obtained from Hu J’s
study.”> Subsequently, a differential analysis of the four
parts above was performed between the high and low
CTLA4 expression groups. To further explore the relation-
ship between the CTLA4 expression in GBM and TME,
stromal, immune scores, tumor purity level, and cell pro-
portions were computed using the GSEABase, GSVA R,
and ESTIMATE R packages. As shown in the previous
study, a pan-cancer T cell-inflamed score model was estab-
lished to assess the extent of T cell infiltration.?® This T cell-

inflamed score model is shown in Supplementary Methods.

Next, the T cell inflamed score for each GBM case was
computed using the mentioned model. Exploration of the
proportion of TIICs is one of the most important parts of the
assessment of TME. Following this, to avoid any error or
bias by using a single algorithm, we comprehensively
inferred the infiltration level of TIICs using seven indepen-
dent algorithms: TIMER, CIBERSORT-ABS, QuanTIseq,
XCELL, EPIC, MCP-COUNTER, and TIP,****’ which can
play the role of mutual verification. We further validated the
result in the CGGA cohort.

Mutation Analysis of CTLA4 in GBM

One hundred and forty-eight cases with somatic mutations
and 164 cases with somatic copy number alterations
(CNAs), which corresponded to the cases with RNA-seq
data, were downloaded from TCGA database. We used the
R software package “maftool” to identify the different
driver genes between two high and low CTLA4 expression
groups and listed the 20 driver genes with the highest
mutational frequencies. GISTIC2.0 was used to assess
CNAs associated with CTLA4. Genes with GISTIC
value greater than 1 or less than —1 was defined as ampli-
fication or deletion, respectively.

Co-Expression Network Analysis and
Development of a Predictive Model by
Cox Regression and LASSO Analysis

Gene co-expression networks were constructed using mul-
tiscale embedded gene co-expression network analysis
(MEGENA).”® The gene expression matrix of 168 GBM
patients from TCGA was sent to MEGENA analysis to
generate the enriched functional modules using R
packages MEGENA. In brief, three steps were included
in this analysis. (1) construction of a planar filtered net-
work; (2) multi-scale clustering analysis; (3) downstream
analysis. Significant hubs were identified based on the
topology of networks using multiscale hub analysis. A
module named cl1 1562 including CTLA4 was identified.
We further evaluated whether ¢1 1562 module was asso-
ciated with OS or not. The univariate Cox analysis with
“survival” R package, the least absolute shrinkage and
selector operation (LASSO) algorithm with “glmnet” R
package, and multivariable Cox regression were applied
to screen out 5 genes and calculate the coefficients. The
formula was constructed as: Risk Score = sum [coefficient

(gene;) x expr(gene;)].

Processing and Analysis of the GBM

scRNA-Seq Data

A total of 3589 single cells from 4 GBM cases were
obtained in this study. SCRNA-seq data analysis was per-
formed with Seurat R package.*’ Quality control filtering
was performed to exclude low-quality genes detected in
less than 3 cells and low-quality cells with less than 100
total detected genes or cells with more than 10% of mito-
chondria-expressed genes. Then, the remaining data were
normalized using the SCTransform method. PCA was used
for scRNA-seq data dimension reduction.® First 30
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principal components were used for T-distributed stochas-
tic neighbor embedding (tSNE). Afterward, the macro-
phage cluster was annotated and identified according to
the CellMarker database.’ The mean value of CTLA4
gene expression for each sample was calculated based on
the normalized value. Subsequently, two samples were
assigned to the high CTLA4 gene expression group, and
the others were assigned to the low group. We analyzed
cell composition between the two groups.

Immunohistochemical Staining

We further collected 4 GBM paraffin-embedded tissues to
support the relationship of CTLA4 and macrophage.
Immunohistochemistry (IHC) of paraffin sections was per-
formed as previously described.** Briefly, the sections were
incubated with primary antibodies against CTLA4 (Abcam,
ab237712, 1:500 dilution) and CD68 (Abcam, ab955, 1:3000
dilution), which is a well-recognized marker of macrophage
in the CNS, the sections were incubated with primary anti-
body over-night at 4°C and then incubated with respective
secondary antibody (GB23303 against ab237712; GB23301
against ab955, 1:200) at room temperature for 1 hour. After
washing with PBS buffer, the sections were stained with
DAB for 5 minutes, rinsed in water, and counterstained
with hematoxylin. Quantitative evaluation was performed
by examining five random fields at x 20 magnification from
each section. Then, the H-score>> of CD68 and the number of
CTLA4 expression cells were calculated, respectively.
Stained cells were manually counted 3 times for each field
at x 20 magnification independently by two investigators.
H-score of CD68 and the number of stained cells were
determined by the average method.

Statistical Analysis

Test of normality was performed using the Shapiro—Wilk
normality test. 7-test was used to compare the normally
distributed quantitative variables. Variables that were not
normally distributed were assessed for significance using
the Wilcoxon rank-sum test. Categorical variables were
tested using the chi-square test. Log rank test was used
for Kaplan-Meier (KM) analyses to assess survival differ-
ences. “timeROC” package was applied to plot the recei-
ver operating characteristic (ROC) curve and calculate the
area under the curve (AUC) at 1- and 3-year. The
Pearsons’ correlation coefficient between the H-score of
CD68 and the number of CTLA4 expression cells was
then computed in THC analysis. All analyses were per-
formed using R language version 4.0.1. A two-tailed

p-value was adopted, and P < 0.05 or Q < 0.05 was
considered to be statistically significant.

Results
Role of CTLA4 in Microenvironment

Immunity

After removing the unexpressed immunomodulators, we
obtained 121 and 108 related genes from TCGA cohort and
CGGA cohort, respectively, including MHC molecules, che-
mokines, immunostimulators and receptors. Most of the
immunomodulators were upregulated in the high CTLA4
group (Figure 1A). Furthermore, upregulated immunomodu-
lators are related to the effect of antigen-presenting and the
recruitment of TIICs. The cancer immunity cycle plays an
important role in TME.**** Compared with the low-CTLA4
group, as shown in Figure 1B, most of the steps were upregu-
lated. Specifically, Step 1, Step 2, Step 4 1, Step 4 5, Step
4 7, Step 4 8, Step 4 9, Step 4 10, Step 4 12, Step 4 13,
Step 4 15, Step 4 17, and Step 5. Nevertheless, Step 3, Step
4 14, and Step 6 were downregulated. Similar results were
also observed in CGGA database (Figure S1A and B). This
analysis showed that CTLA4 plays a critical role in facilitating

immune activities. Consistently, we found CTLA4 is signifi-
cantly positively related to most of the ICIs and effector genes
of TIICs in both TCGA and CGGA cohorts (Figure 1C and D,
S1C and S1D). In the ssGSEA analysis, the majority of TIICs
were upregulated in the high CTLA4 group (Figure 2A and
D). Meanwhile, the estimate score, immune score, and stromal
score were higher in the high CTLA4 group than in the low
CTLA4 group. However, tumor purity showed the opposite
result (Figure 2B and E), which was in agreement with a
previous study.*> What is more, CTLA4 was found to be
significantly positively associated with T cell inflamed score
of pan-cancer (r = 0.32, P < 0.001 in TCGA cohort and
r=0.29, P =0.006 in CGGA cohort) (Figure 2C and F).

Correlation Between CTLA4 and

Genomic Alterations

According to CTLA4 expression from low to high, cases
were ranked and separated into four groups. To begin with,
gene mutation frequencies in the 1st quarter (lower)
CTLA4 expression group were compared with the 4th
quarter (higher) CTLA4 expression group. Mutations in
DOCKS5, SPTA1, AHNAK?2, CDH9, SETD2, and AFF2
occurred more frequently in the lower CTLA4 expression
group. On the contrary, mutations in PTEN, EGFR, TTN,
ARHGEFS5, DNAH17, RB1, COL6A2, COL6A3, FLG,
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immunostimulators) between high- and low-CTLA4 groups in GBM. (B) Differences in the various steps of the cancer immunity cycle between high- and low-CTLA4 groups.
Step |: release of cancer cell antigens; Step 2: cancer antigen presentation; Step 3: priming and activation; Step 4_I- Step 4_17: B cell, Basophil, CD4+ T cell, CD8+ T cell,
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Abbreviation: ns, non-significant.
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GRM3, and NF1 were evidently enriched in the higher
CTLA4 expression group (Figure 3A). As for CNAs ana-
lysis, CNA events of EGFR, GSX2, CDKN2A, CDK4,
and MDM2 occurred both in lower and higher groups,
and no significant difference was observed (Figure 3B).
Besides, the G score of several genes did not reach the
threshold for defining abnormal CNAs events, yet the
statistical significances of them did exist, such as MUC4
(329, q = 0.05), QKI (6926, q = 2.25E-05), PTEN
(10923.31, q = 1.06E-07) in the cases with lower CTLA4
expression (1st quarter) and TBX3 (12q24.21, q = 0.03),
MYB (6¢q25.1, q = 0.05), PTEN (10g23.31, q = 3.11E-05)
in the cases with higher CTLA4 expression (4th quarter).

Identification and Validation of a
Predictive Model

As gene networks rather than individual genes govern
physiological responses, we employed MEGENA to char-
acterize functionally co-expressed gene modules.
MEGENA identified 893 modules for GBM. The smallest
module containing CTLA4 and other 124 genes, named
cl-1562, was found. In this module, the analysis identified
8 hub genes including CTLA4, ADH1C, ABCA9, KERA,
TNNT3, KRTAP10—1, CERS3, and PRG4 (Figure 4A).
Some of them correlated with the prognosis in GBM
(Figure S2A-S2S). Interestingly, CERS3, TNNT3, and
ADHI1C were associated with OS in two different data-
bases. However, few studies on their roles in GBM have
been reported at this time. Next, we further explored
whether the c1-1562 module is related to the prognosis
of GBM or not. Overall, after calculating using the method
above, five genes were screened out, and the risk scores of
both  TCGA and CGGA cohorts
(Figure 4B). This is a calculation formula including five

were calculated
genes and the corresponding coefficients. Risk Score =
0.068 x EXPyoxpisz + (—0.524) x EXPgrgp; + 0.094 x
EXPrens + 0.298 x EXPyarig + 0.314 X EXPgyci6a13-
Cases were classified into two groups according to the
risk score median value. In the TCGA cohort, KM analysis
showed that the risk score might serve as a significant
prognostic factor for GBM (Figure 4C). Figure 4D shows
AUC for the 1st year: 0.71; AUC for the 3rd year, 0.87. In
the CGGA cohort, the risk score was also significantly
related to OS by KM analysis (Figure 4E). The AUC
was 0.65 and 0.62 in the 1st year and the 3rd year
4F). Meanwhile, the multivariate

(Figure analysis

indicated that the risk score was independently related to
OS in both TCGA and CGGA cohorts (Figure 4G and H).

Enhancement of the Infiltration and
Function of Macrophage in High CTLA4

Expression Group

As shown in Figure 5A, this was a landscape about the
proportions of different subpopulations of TIICs calculated
by the CIBERSORT algorithm. The positive correlation
between CTLA4 and 3 subpopulations (Macrophages M1,
Macrophages M2, and T cells CD8+) was investigated
further (Figure 5B). Next, we also applied seven kinds of
algorithms to compute the infiltration level of TIICs
(Table 1). The founding is in accordance with the above
result. We further explored the relationship between
CTLA4 and classical chemokines and surface markers of
both M1-macrophages (IL-12B, IL-23A, IL-23R, TNF)
and M2-macrophages (IL-10, TGF-beta 1). As the result,
CTLA4 was positively correlated with the marker genes of
macrophages (Figure 5C-H). Similar results were also
observed in the CGGA database (Figures S3A-S3H,
S4A-S4G). Further survival analyses were conducted for

CTLA4 expression, macrophage level, and the combina-
tion of them, respectively. The level of macrophage was
calculated based on the XCELL algorithm. CTLA4 and
macrophage exhibited a synergistic effect on GBM OS.
Patients with high CTLA4 expression and high macro-
phage level had worst OS than patients with low CTLA4
expression and low macrophage level (P < 0.01), and
survival times were not statistically significantly different
between other subgroups both in TCGA cohort
(Figure 6A—C) and CGGA cohort (Figure 6D-F).

Relationship Between CTLA4 and
Macrophage in GBM Based on scRNA-

Seq Data and Immunohistochemistry

All kinds of proportions of TIICs in TME were calculated
and inferred by different algorithms. To further validate
the results above, scRNA-seq data was analyzed. After the
workflow above in the method part, we obtained 3570
cells and 20,812 corresponding genes from 4 GBM
cases. Afterward, all cells in 4 cases GBM were divided
into 10 clusters. Cell clusters were visualized using the
t-SNE method (Figure 7A). Based on the CellMarker
database, Cluster 0 and 2 containing 518 cells, signifi-
cantly highly expressing CD68, C1QB, RNASET2, were
annotated as macrophages (Figure 7B-D). Subsequently,
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Figure 3 Different genomic profiles is associated with CTLA4 expression. (A) Differential somatic mutations were detected by comparing GBM with low and high CTLA4
groups. (B) A different CNAs profile could be observed between low and high CTLA4 groups. Chromosomal locations of peaks of significantly focal amplification (red) and

deletions (blue) were presented.

we explored the number and proportion of macrophages in
every individual. 386, 489, 1165, and 1530 cells were
contained in sample 1, sample 2, sample 3, and sample
4, respectively (Figure 7E-I). According to the mean of
CTLA4 expression, sample 2 and sample 3 were stratified
into the low CTLA4 expression group, while sample 1 and
sample 4 were divided into high CTLA4 expression. The
proportion of macrophages was 68.89% in the high

CTLA4 expression group. On the contrary, the value was
only 30.96% in the low CTLA4 expression group, which
showed the (P<0.001)
(Figure 7J). IHC analysis of 4 tissues confirmed that the
infiltration of macrophages was enriched in high CTLA4

difference is significant

expression cases. Typical immunohistochemistry results
and quantitative results are shown in Figure 7K and L,
respectively. The results further supported our conclusion.
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Figure 4 CTLA4-related genes signature is constructed for survival prediction. (A) Visualization of the CTLA4 related to network of cl-1562 based on MEGENA algorithm.
(B) Nomogram to predict the |-, 2-, 3-year OS. Kaplan—Meier curve based on the predictive model in TCGA cohort (C) and CGGA cohort (E). ROC curves of the
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Abbreviations: IDH, isocitrate dehydrogenase; MGMT, methylguanine methyltransferase.

Discussion
The tumor microenvironment constitutes a vital element of

tumor biology.

Many studies have demonstrated that the inter-

actions of these TME components, such as tumor cells or

TIICs, affect clinical outcomes. For instance, Ryota et al have

found that tumor cells promote the infiltration of macrophages,

and that macrophages infiltrate the tumor to induce immune

suppression and resistance to chemotherapy in pancreatic

cancer.>® Therefore, TME has received increasing attention.

CTLA4 is an important co-inhibitory molecule that

suppresses the functions of T cells. Thus, this suggests

that inhibition of CTLA4 is a novel immunotherapy target

for GBM. However, the poor response of monotherapy'’
and unfinished clinical trials (such as NCT02794883,
NCT02311920) prevent clinical treatment in GBM.
Therefore, the poor result of clinical trials on CTLA4

antibodies in GBM have promoted further research on

the mechanism of immunotherapies resistance.
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Figure 5 Significant differences exist in immune landscape. (A) Relative proportion of TIICs based on CIBERSORT algorithm in TCGA GBM cohort. (B) The association
between CTLA4 and TIICs. (C—H) Correlation of CTLA4 and classical chemokines and surface markers of macrophage.

In this study, the role of CTLA4 in the GBM TME was
particularly demonstrated. First, we confirmed that CTLA4
is positively related to the immunological status of GBM.
Second, mutation analysis was also performed, and
CTLA4 was related to gene mutation status. Third, we
elucidated the association of CTLA4 and prognosis and
successfully developed a model to predict prognosis.
Finally, CTLA4 also enhanced the recruitment of macro-
phages and the proportion of macrophages in GBM. This
was the first integrative study demonstrating the overall

landscape of the GBM microenvironment related to
CTLA4 based on multi-omics analysis.

CTLAA4 could have broad effects on TME in GBM based
on our study. Here, we found CTLA4 is associated with
immune-related molecules, immunity cycle, immune score,
and so on. Next, we found different genomic patterns in the
higher and the lower CTLA4 expression groups. In somatic
mutation analysis, concretely, compared with the lower-
CTLA4 group, more mutation frequencies of PTEN,
EGFR, RB1, DNAH17, NF1, and so on were observed in
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Table | Pearson Correlation Between CTLA4 and the Infiltration Levels of Seven Types of TIICs
Cell Type TIMER CIBERSORT-ABS quanTlseq XCELL EPIC MCPCOUNTER TIP
B cell 0.25 Naive 0.40 *** —0.04 0.39%%* —-0.10 0.3] *r* 0.2] **
Memory 0.06 Memory 0.07
Plasma —0.04 Plasma —0.21%*
CD4+T cell 0.18 * Naive —0.005 —0.13 0.35 *#* —-0.10 NULL 0.11
Memory resting 0.20%*
Memory activated 0.22%*
CD8+T cell 0.26%¥* 0.46 *¥+* 0.28 ¥ 0.42 *r* 0.06 0.54%* 0.23 **
NK cell NULL Resting 0.23 ** -0.19 * 0.06 0.08 0.33%¥* —0.04
Activated —0.16 *
Macrophage 0.26 *¥* M1 0.32%#* MI 0.45%+* 0.45 **x 0.40%+* 0.49 ¢ NULL
M2 0.58%+* M2 0.50 *** M1 0.50 ***
MO0 0.05 M2 0.38 *¥*
Monocyte NULL 0.37 ¥ —0.20 ** 0.47 ¥ NULL 0.49 *w* —-0.01
Dendritic cell 0.34 MDC resting 0.15 * DC —-0.04 MDC 0.32 *** NULL MDC 0.57 ##* NULL
MDC activated 0.12 MDC activated 0.37+%
PDC 0.29 *¥**

Notes: *P < 0.05, **P < 0.01, **P < 0.001.
Abbreviations: NK, natural killer; MDC, myeloid dendritic cell; PDC, plasmacytoid dendritic cell.

the higher-CTLA4 group. These gene mutations correlated

with drug resistance, poor prognosis, and increased infiltra-

tion of macrophages.*®>” In addition, statistically significant
differences in CNAs were observed between the lower and

higher CTLA4 groups, such as QKI, CDK8, MUC4 in the

lower-CTLA4 group. However, the G score value of the

above-mentioned genes did not reach the threshold for defin-
ing abnormal CNAs events. Therefore, CTLA4 has not yet
been shown to be related to CNAs in GBM. This could be
due to the relatively small cases with available CNAs
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Figure 6 The combination of CTLA4 and macrophage is a better marker for prognosis. Kaplan-Meier analysis in patient groups with high and low CTLA4 (A), macrophage
(B), and the combination (C) in TCGA GBM cohort. Kaplan-Meier analysis in patient groups with high and low CTLA4 (D), macrophage (E), and the combination (F) in
CGGA GBM cohort. **P < 0.01.
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Abbreviations: tSNE, T-distributed stochastic neighbor embedding; EXP, expression.
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information. This certainly requires further verification and
exploration in the future.

Furthermore, to further explore the prognostic role of
CTLAA4, the risk model was created and performed robustly
in both the training and the external validation cohorts. Of
distinction, in this model, there existed five genes, which were
HOXB13, BTBD3, FCN3, HARI1B, SLC16A13, respectively.
As shown in previous studies, HOXB13 and HAR1B correla-
tedwith GBM cell proliferation, invasion, and poor clinical
outcomes in GBM, which may explain why this model can
predict poor prognosis.*®** However, there is no relevant
research on the roles of BTBD3, FCN3, and SLC16A13 in
GBM, which is a potential line of inquiry for future
researchers.

In the GBM TME, our study particularly focused on
the relationship between CTLA4 and macrophage. It is
well known that most non-neoplastic cells are macro-
phages in GBM TME.*°

Macrophages are mononuclear cell types characterized by
considerable diversity and plasticity.*' The macrophage acti-
vation might be further subdivided into the pro-inflammatory
M1 phenotype and the anti-inflammatory M2 phenotype,
which causes quite opposite experimental results in vivo and
in vitro. However, increasing evidence reveals that a distinct
partitioning of the M1/M2 macrophage subtypes does not exist
in patients,* since different macrophage subtypes are likely to
result in the same poor prognosis in GBM patients.*!
Similarly, in our study, CTLA4 indeed correlated positively
to the infiltration level and markers of both M1 and M2
subtypes, and no significant difference between them was
observed in our study.

Accumulating evidence indicates that macrophage pro-
motes GBM growth and invasion. Macrophages are enriched
in the GBM environment, releasing a set of growth factors and
cytokines and interacting with cancer cells.**** In this manner,
macrophages facilitate tumor proliferation, survival and
migration by releasing stress-inducible protein 1 (STII),*
transforming growth factor-beta (TGF-beta),*® and so on.
Meanwhile, GBM cells also release several factors such as
CCL2*" and SDF1,*® which attract macrophages to the tumor
tissue. In our study, CTLA4 is associated with the step of the
macrophage recruiting in immune cycle analysis and the pro-
portion of macrophage in TME as well. Besides, CTLA4
correlated to the cytokines expression such as IL10, IL12B,
IL23A, IL23R, TGF-betal, TNF. More importantly, the syner-
gistic effect of CTLA4 and macrophage more significantly
correlated with OS for GBM. Moreover, a previous study
reported the response of CTLA4 alone blockade strategy is

still considered limited, whereas a combination of anti-
CTLA4 and anti-PD-1 therapy dramatically improves the
cure rate to 75%.'° This gives us an idea that the TME
complexity in GBM restricts the clinical efficacy of one target
of immunotherapy, and a combination of anti-CTLA4 and
anti-macrophage therapy might also mean a better therapeutic
effect in GBM.

Taken together, CTLA4 exerted a comprehensive effect
on GBM microenvironment via the infiltration of macro-
phages. Further demonstration of the role of CTLA4 in
clinical, genomic and TME conditions will contribute to
stratifying clinical treatment and enhancing the efficiency
of cancer immunotherapy.
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