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Background: Chemokines and receptor (CCR) genes are closely associated with tumorigenesis and progression. However, their
function in the malignant progression of glioblastoma (GBM) is unknown. The present study aims to reveal prognostic factors,
molecular subtypes, and prognostic indicators in chemokine genes and receptor genes in GBM.

Methods: In this study, expression profiles in The Cancer Genome Atlas (TCGA), The Chinese Glioma Genome Atlas (CGGA),
and University of Cingifornia Sisha Cruz (UCSC xnea) were utilized for expression analysis of chemokine/receptor genes in
pan-cancer and GBM. Univariate COX models identified chemokine/receptor genes with prognostic value. Chemokine/receptor-
related gene types in GBM were determined by consistency clustering analysis. This study constructed a prognostic model (CCR
Score) using differentially expressed genes (DEGs) between genotypes. Differences between prognosis, tumor mutation burden
(TMB), immune checkpoint genes, tumor microenvironment (TME), and drug sensitivity were explored in CCR Score groups
and gene types.

Results: Expression models of chemokine/receptor genes were explored, and two differentially characterized genotypes (CCR1
and CCR2) were identified in pan-cancer and GBM. CCRI and CCR2 exhibited different prognoses, TMB, and TME activity.
RTK-RAS (56.2%), PI3K (50.4%), TP53 (30.8%), NOTCH (28.8%), and Hippo (25.2%) pathways had a higher percentage of
variants. Next, based on the DEGs in CCRI and CCR2, we constructed a prognostic model (CCR Score) for predicting the
prognosis of GBM patients. The CCR Score showed excellent prognostic and predictive performance, and patients with high
CCR Score and CCRI showed better immune activity and were more sensitive to immunotherapy. In addition, the CCR Score
was significantly correlated with cancer chemotherapy sensitivity.

Conclusion: Overall, we identified the CCR characteristics of GBM patients’ prognosis, and the CCR Score helps elucidate
the potential link between GBM progression and chemokines/receptors and helps explore the mechanisms of carcinogenesis and
therapeutic strategies.
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Introduction granulocytes (TANS) to exert anti-tumor or pro-tumor ef-

fects [2-5]. Several studies confirmed that chemokine re-

Chemokines and receptor family proteins actively
influence the immune response in the tumor microen-
vironment (TME) and are significant regulators of the
normal function of immune cells [1]. In tumor cells,
chemokines and receptor family proteins exert oncogenic
effects and directly influence tumor appreciation and metas-
tasis [1]. Among them, inflammatory CC (CCL2, CCL3,
CCL5) and CXC (CXCLI, CXCL2, CXCL5, CXCL6 and
CXCL8) have a two-sided role in tumors, where they mainly
recruit CCR2+ monocytes and CXCR2+ neutrophils in
TME, prompting their differentiation into tumor-associated
macrophages (TAMs) and tumor-associated neutrophils

ceptors also play an important role in tumor growth and
metastasis, and chemokines directly promote cancer cell
value-added metastasis by binding to their receptors and ac-
tivating pathways related to carcinogenesis [6—8]. For ex-
ample, CCL28 activated the MAPK/ERK pathway to pro-
mote malignant progression of breast cancer [9]. Under-
standing the interactions between chemokines and receptors
will help develop targeted therapies for cancer [10,11].
Malignant neovascularization in TME and immuno-
suppression were important reasons why glioblastoma
(GBM) was the most aggressive brain tumor [12—15]. Im-
mune heterogeneity of TME in GBM promoted tumor an-
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giogenesis and suppressed T cell function, thereby inhibit-
ing immunotherapeutic response [16,17]. Interestingly, CC
and CXC family chemokines played an important function
in tumor angiogenesis, positively affecting tumor growth
and metastatic spread [18,19]. It has been observed that
CCL2, CCLI1, CCL16, CCL18, and CXCLS8 promoted tu-
mor angiogenesis and endothelial cell survival [20]. Ad-
ditionally, the CXCLI16-CXCR6 axis was necessary for
angiogenesis [21]. Whereas anti-angiogenic therapy was
an emerging promising treatment in GBM [22], frustrat-
ingly, the molecular mechanisms between angiogenesis and
chemokines/receptors in GBM are still unclear.

As studies have shown a potential link between
chemokine/receptor genes and GBM metastasis, it is nec-
essary to explore their relationship from a new perspec-
tive. In this study, we explored chemokine/receptor-related
gene types and prognostic molecular features using tran-
scriptome sequencing data and mutation data from GBM
patients in public databases. The aim was to reveal the po-
tential function of GBM and chemokine/receptor genes.

Method

Data Set Pre-Processing

High-throughput transcriptome sequencing data of
GBM patients (The Cancer Genome Atlas-glioblastoma
(TCGA-GBM), The Chinese Glioma Genome Atlas
(CGGA)-325, CGGA-693) were obtained from The Can-
cer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/)
website and the Chinese Glioma Genome Atlas
(CGGA, http://www.cgga.org.cn/) database. = Samples
with missing survival information and survival sta-
tus were excluded from the online portal Sangerbox
(http://sangerbox.com/home.html) [23]. Finally, 153, 137,
and 153 tumor samples were retained in TCGA-GBM,
CGGA-325, and CGGA-693, respectively, for the follow-
up study. This study used the TCGA-GBM cohort as the
training set and the CGGA-325 and CGGA-693 cohorts
as the validation set. Survival data for 32 cancers were
obtained from the University of Cingifornia Sisha Cruz
(UCSC xnea, http://xena.ucsc.edu/) database, while data
related to single nucleotide variants (SNV) and copy
number variations (CNV) were downloaded for GBM
patients. The chemokine/receptor gene set was sourced
with the study of Ru ez al. [24].

Pan-Cancer Analysis

In bladder urothelial carcinoma (BLCA); breast inva-
sive carcinoma (BRCA); cervical squamous cell carcinoma
and endocervical adenocarcinoma (CESC); cholangiocar-
cinoma (CHOL); colon adenocarcinoma (COAD); lym-
phoid neoplasm diffuse large B-cell lymphoma (DLBC);
esophageal carcinoma (ESCA); glioblastoma multiforme
(GBM); head and neck squamous cell carcinoma (HNSC);
kidney chromophobe (KICH); kidney renal clear cell car-
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cinoma (KIRC); kidney renal papillary cell carcinoma
(KIRP); acute myeloid leukemia (LAML); lower-grade
glioma (LGG); liver hepatocellular carcinoma (LIHC);
lung adenocarcinoma (LUAD); lung squamous cell car-
cinoma (LUSC); mesothelioma (MESO); ovarian serous
cystadenocarcinoma (OV); pancreatic adenocarcinoma
(PAAD); pheochromocytoma and paraganglioma (PCPG);
prostate adenocarcinoma (PRAD); rectum adenocarcinoma
(READ); sarcoma (SARC); skin cutaneous melanoma
(SKCM); stomach adenocarcinoma (STAD); testicular
germ cell tumors (TGCT); thyroid carcinoma (THCA);
thymoma (THYM); uterine corpus endometrial carcinoma
(UCEC); uterine carcinosarcoma (UCS); uveal melanoma
(UVM), the expression of chemokine/receptor genes in tu-
mor tissue and normal tissue was assessed. The correlation
between chemokine/receptor gene was calculated by Spear-
man correlation.

Prognostic Analysis of Chemokine/Receptor Genes
in Pan-Cancer

Univariate COX model analysis of
chemokine/receptor genes was performed to identify
which affected cancer prognosis based on survival data
from the UCSC xnea database for pan-cancer. Subse-
quently, chemokine/receptor genes influencing prognosis
were identified in 32 cancers.

Mutational Landscape Analysis of
Chemokine/Receptor Genes

Based on SNV data from the TCGA-GBM cohort, we
calculated the tumor mutation burden (TMB) of GBM sam-
ples using the Maftools software package (version 2.8.05,
National University of Singapore, Singapore) [25]. The
correlation between TMB and chemokine/receptor gene ex-
pression was calculated using the Spearman correlation.
Finally, the enrichment of 10 oncogenic pathways in the
TCGA-GBM cohort was calculated by the oncogenic path-
ways function of the Maftools package.

Molecular Landscape Analysis of
Chemokine/Receptor Gene-Types

In this study, a consistency matrix was constructed
based on the chemokine/receptor gene expression matrix
for samples in the TCGA-GBM cohort to identify genetic
subtypes associated with chemokine/receptor gene expres-
sion in GBM, referring to the method of Wilkerson et al.
[26]. For the clustering results, validation was performed
in the CGGA325 cohort. For patients with chemokines and
receptor (CCR) genotypes, prognostic differences were as-
sessed using Kaplan-Meier (K-M) survival curves. CNV
locus differences in GBM were evaluated by the gisticOn-
coPlot function in the software package Maftools, and this
study demonstrates the mutation frequency of genes at loci
with mutations top10 in GBM.
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Fig. 1. Expression analysis of chemokine/receptor gene in pan-cancer. (A) Expression levels of chemokine/receptor genes in pan-

cancer. The color represents the expression level; the darker the color, the higher the expression level. (B) Spearman correlation between

chemokine/receptor gene expression. The X in the figure represents that the correlation between two genes is not significant, the red

color represents that there is a positive correlation between two genes, and the blue color represents that there is a negative correlation

between two genes. The darker the color, the higher the correlation. (C) Expression levels of chemokine/receptor genes in the The Cancer

Genome Atlas-glioblastoma (TCGA-GBM) cohort.

Immune Landscape Analysis of CCR Gene-Types

In the TCGA-GBM cohort, the anti-cancer immune
status of GBM patients was assessed in Tracking Tumor Im-
munophenotype (TIP, http://biocc.hrbmu.edu.cn/TIP/), an
online database for assessing tumor immune phenotypes,
which can be used to assess cancer patients’ immune sta-
tus by assessing seven immune cycles (Step 1: release of
cancer cell antigens; Step 2: cancer antigen presentation;
Step 3: priming and activation; Step 4: trafficking of im-
mune cells to tumors; Step 5: infiltration of immune cells
into tumors; Step 6: recognition of cancer cells by T cells;
Step 7: killing of cancer cells) to determine their immune
signature gene expression levels in the anti-cancer immune

status [27]. Using the ESTIMATE method, we assessed pa-
tients’ StromalScore, ImmuneScore, and ESTIMATEScore
in CCR1 and CCR2 [28]. Finally, in the study of Charoen-
tong et al. [29] downloading 28-signatures predicting im-
mune checkpoint blockade response, the enrichment score
of 28 signatures was assessed using the single sample gene
set enrichment analysis (ssGSEA) method to assess the im-
mune scores of immune cells in CCRI and CCR2 [30].

CCR Score Construction and Validation

In the TCGA-GBM and CGGA325 cohorts, differ-
ential analysis of CCR/ and CCR2 was performed using
the R package limma (version 3.42.2, Bioinformatics Di-
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Fig. 2. Forest plot showing prognosis-related chemokine/receptor genes in pan-cancer. The figure illustrates each gene’s Hazard

Ratio, which is the red or white dot. To the right of the vertical dotted line (usually indicating Hazard Ratio = 1), high expression of

the gene is negatively associated with survival outcomes and is known as a risk factor. Located to the left of the vertical dotted line,

high expression of the gene is positively associated with survival outcomes and is referred to as a protective factor. If the confidence

interval spans the vertical dashed line, this indicates statistical insignificance. If the confidence interval crosses the vertical dashed line,

this indicates statistical insignificance. The genes labeled in red in the figure are significantly correlated with cancer prognosis, and the

white dots are not significantly correlated with cancer prognosis.

vision of the Walter and Eliza Hall Institute of Medical Re-
search, Melbourne, Australia) to obtain differentially ex-
pressed genes (DEGs) [31]. In the TCGA-GBM cohort,
we performed univariate COX model analysis of DEGs us-
ing the R package survivor (version 2.41-1, University of
Auckland, Auckland, New Zealand) to obtain prognosis-
related genes of GBM (p < 0.05). Subsequently, to reduce
the data of genes in the model for clinical applicability, we
used the R package glmnet (version 4.1-2, Stanford Univer-
sity, Silicon Valley, CA, USA) [32] to reduce the model fit
by the LASSO COX model. Finally, the regression coef-
ficients of prognostic characteristic genes were determined
by multivariate COX models. Ultimately, a clinical prog-
nostic model for GBM, CCR Score, was constructed.

CCR Score = Z coef; x expression gene ; (1)
Where coef represents the regression coefficient of prog-
nostic characteristic genes and the Expression gene repre-
sents the expression data of prognostic characteristic genes.

Patients in the TCGA-GBM, CGGA325, and
CGGA693 cohorts were clustered into high-CCR Score
and low-CCR Score groups, and K-M survival curves
were used to assess OS differences. ROC analysis was
conducted using the R package timeROC (version 0.4,
University of Bordeaux, Bordeaux, France) [33] to assess
the predictive performance of the CCR Score.

Links between Clinical, Biological Pathways of CCR
Score

In the TCGA-GBM cohort, CCR Score and CCR
gene-types, Gender, Age, IDH.status, MGMT promoter
status, TERT promoter status, and status information were
counted for each GBM patient. The Gene Set Variation
Analysis (GSVA) was designed to compare the mutated
pathways in the CCR Score groups. Using the KEGG
database “c2.cp.kegg.v6.2.symbols.gmt” as the reference
gene set, we performed GSVA on the CCR Score groups
via the software package GSVA (version 1.34.8, Hospital
del Mar Medical Research Institute, Barcelona, Spain) [34].
We calculated the pathways significantly associated with
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Fig. 3. Mutational landscape of chemokine/receptor genes. (A) Tumor mutation burden (TMB) statistics in pan-cancer. (B) Corre-

lation of TMB with chemokine/receptor gene expression. (C) Variations of oncogenic pathways in the TCGA-GBM cohort.

#p < 0.01, ***p < 0.001.

the CCR Score by Spearman correlation (p < 0.05). Score
significantly associated pathways (p < 0.05, |cor| > 0.6). In
addition, we compared the ssGSEA Score of 28 signatures
predicting immune checkpoint blockade responses.

Association between Immunological Characteristics
of CCR Score Groups

Tumor-reactive T cell signature (TRS) is a newly
discovered biomarker for determining tumor responsive-
ness and plays an important role in predicting immunother-
apy response in tumor patients [35]. TRS scores of pa-
tients in CCRI, CCR2, and CCR Score groups were cal-
culated using the ssGSEA method. We also compared the
TMB differences between patients in the CCRI, CCR2, and
CCR Score subgroups. In addition, T-cell-inflamed GEP
signatures predicting the sensitivity of cancer individuals
to pembrolizumab treatment and immunoreactive-related
Th1/IFN~ gene signatures were from previous study, T-
cell-inflamed GEP score and Th1l/IFN+v gene signatures
score were contented by the ssGSEA method [36,37].

CCR Score Predicts GBM Drug Sensitivity Analysis

In this study, sensitivity information for 51 conven-
tional therapeutic agents for GBM was obtained from the
website of The Genomics of Drug Sensitivity in Cancer
(GDSC, https://www.cancerrxgene.org/) [38]. The half
maximal inhibitory concentration (ICsg) representing the
drug response was calculated in the TCGA-GBM cohort
by the R package pRRhetic (version 0.5, University of
Chicago, Chicago, IL, USA) [39].

*p < 0.05,

Results

Expression Analysis of Chemokine/Receptor Gene in
Pan-Cancer and Prognostic Significance

The heatmap of 46-chemokine/receptor gene expres-
sion levels in 32 cancers in TCGA was presented in Fig. 1 A,
which showed that 46-chemokine/receptor genes demon-
strated different expression patterns in pan-cancer, show-
ing tumor heterogeneity. Next, we showed the Spearman
correlation between chemokine and receptor gene expres-
sion levels in the TCGA-GBM cohort. We found a positive
correlation between most gene expressions (Fig. 1B). The
expression levels of chemokine/receptor genes are shown in
Fig. 1C. Further, in the pan-cancer univariate COX model
analysis, CCL2, CCL5, CCL13, CXCL5, CXCL6, CXCLI13,
CCR6, CCR7, CCRS significantly affected cancer patients’
overall survival (OS), disease-specific survival (DSS) and
progression-free interval (PFI) (Fig. 2). We also focused on
the association of 9-prognosis-related genes of 33 cancers in
the TCGA database. We observed that 9-prognosis-related
genes significantly influenced the prognosis of GBM pa-
tients (Supplementary Fig. 1).

Mutational Landscape of Chemokine/Receptor Genes

We calculated the TMB for cancer patients from the
SNV data of 33 cancers in the TCGA database and observed
that C>T and C>A mutations are the most common in
pan-cancer (Fig. 3A). Spearman correlation between TMB
and chemokine/receptor gene expression for 33 cancers
in TCGA is demonstrated in Fig. 3B. A negative correla-
tion between GBM and the majority of chemokine/receptor
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Fig. 4. Molecular landscape of chemokine/receptor in gene-types. (A) Consistent clustering heat map of CCR! and CCR2 in TCGA-
GBM cohorts. (B) Kaplan-Meier (K-M) survival curves of CCRI and CCR2 samples in TCGA-GBM cohorts. (C) Consistent clustering
heat map of CCRI and CCR2 in CGGA325 cohorts. (D) K-M survival curves of CCRI and CCR2 samples in CGGA325 cohorts. (E)
Top 10 copy number variations (CNV) loci for mutation frequency. (F) Top 10 genes for mutation frequency.

genes could be observed from the heatmap. Finally, we cal-
culated the variant enrichment of 10 oncogenic pathways in
the TCGA-GBM cohort. The results showed high mutation
rates in NRF2 (100%), TGF-Beta (100%), PI3K (93.1%),
RTK-RAS (92.9%), and Hippo (92.1%) pathways. The
rates of mutations in RTK-RAS (56.2%), PI3K (50.4%),
TP53 (30.8%), NOTCH (28.8%), and Hippo (25.2%) path-
ways were higher in GBM patients (Fig. 3C).

Molecular Landscape of Chemokine/Receptor in
Gene-Types

Consistent clustering of chemokine/receptor genes
on tumor samples in the TCGA-GBM cohort showed
that GBM samples were classified into CCRI/ and CCR2
genotypes (Fig. 4A). K-M survival curves showed a
significant difference in OS between CCR/ and CCR2
patients, with CCR2 patients having a better prognosis
(Fig. 4B). Further, we validated the CCR/ and CCR2
genetic subtypes in the CGGA325 cohort. It was observed
that the tumor samples in the CGGA325 cohort could also
be classified into CCRI and CCR2 genotypes, and the OS
of GBM npatients in CCR2 was superior to that of CCRI
(Fig. 4C,D). These results suggest that gene types related
to chemokine/receptor gene expression exist in GBM, and

these could complement the existing molecular typing
of GBM, providing new insights into diagnosing GBM.
Next, in the TCGA-GBM cohort, we showed the CNV
statistics of the top 10 loci in CCRI and CCR2 patients,
and the results showed a concordance of CNV for 10 loci
in CCRI and CCR2, with AP 16:7pl1.2, AP 17:7pll.2,
AP 20:7921.2, AP 19:7q11.23, and AP 21:7931.2,
AP 22:7q32.1, AP _23:7¢36.1 being amplified and
DP 21:10g23.31, DP 22:10426.3, DP 20:10923.31
being deleted (Fig. 4E). In addition, we also found that
the top 10 genes with mutation frequency in GBM were
EGFR, TP53, NF1, PTEN, TTN, MUCI6, FLG, RYR2,
SPTAI, ATRX, and Missense_Mutation and amplification
were the most common mutation types (Fig. 4F).

Immune Landscape of CCR Gene-Types

To investigate the immune landscape in CCR1 and
CCR2, we assessed the anti-cancer immune status of the
tumor immune cycle in GBM patients in TIP, and we ob-
served that CCRI patients were more in an immune activa-
tion state (Fig. 5SA). Also, CCR/ had a higher Immunoactiv-
ity score (Fig. 5B). Further, ESTIMATE results showed that
CCRI patients had higher StromalScore, ImmuneScore,
and ESTIMATEScore, indicating that CCR1 had higher im-
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mune infiltration (Fig. 5C). Finally, the expression levels of  Construction and Validation of CCR Score

immune cell characteristic genes in GBM were assessed by In the TCGA-GBM and CGGA325 cohorts. 268 over-
thfe ;SGSEA methol‘li in 286253}‘16 (fle;‘,‘“ﬁ Sh‘l’wed thast mOSt  lapping DEGs in CCRI_VS_CCR2 (logsFC >1, FDR
of the 1mune cetis m ad igher Immunescores <0.05) contained 226 upregulated DEGs and 42 downregu-
than CCR2 (Fig. D). lated DEGs (Fig. 6A). CCR Score was constructed for pre-

dicting GBM prognosis. Univariate COX regression model
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analysis combined with survival information of patients in
TCGA-GBM revealed that 69 DEGs were significantly as-
sociated with GBM prognosis, 5 of the DEGs were pro-
tection factors, and 64 DEGs were risk factors (Fig. 6B)
(Table 1) (»p < 0.05). In the LASSO COX model, the
model fit was optimal at lambda=0.0964 when PLAUR,
PTX3, SLC11A41, TIMP1, IGFBP6, G0S2, and GJB2 were

included (Fig. 6C,D). We calculated the regression coeffi-
cients of these 7 genes by the multifactorial COX model,
and finally, we established the CCR Score to predict the
prognosis of GBM, CCR Score =—0.045 x PLAUR + 0.046
x PTX3 +0.103 x SLCI11A1 —0.006 x TIMPI + 0.229 x
IGFBP6 +0.089 x GOS2+0.06 x GJB2. GBM patients in
the TCGA-GBM, CGGA325, and CGGA693 cohorts were
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classified into high-CCR Score and low-CCR Score groups.
K-M survival curves and ROC curves were conducted to
assess the prognostic, predictive performance of the CCR
Score. We found that GBM patients with high CCR Scores
in the three cohorts had significantly worse OS than those
with low CCR Scores, and the CCR Score predicted 0.5-
year, 1-year, and 2-year survival in the TCGA-GBM co-
hort with AUC values of 0.67, 0.72, and 0.72, respectively.
1-year, 3-year, and 5-year AUC values in CGGA325 were
0.62,0.71, and 0.76, respectively. The AUC values for 1, 2,
3, and 4 years in CGGA693 were 0.57,0.67, 0.66, and 0.77,
respectively (Fig. 6E-G). Overall, the CCR Score showed
good AUC values in predicting GBM prognosis. Therefore,
the CCR Score was reliable in predicting GBM prognosis.

Differences between the Clinical and Biological
Functions of the CCR Score

In Fig. 7A, we found the association between CCR
Score distribution and CCR gene-types, Gender, Age,
IDH.status, MGMT promoter status, TERT promoter sta-

tus, status by heat map. We found that the CCR Score
was higher in CCRI1 patients. 18 pathways in GBM were
shown to be significantly and positively correlated with
the CCR Score in GSVA analysis (p < 0.05, |cor| >
0.6) (Fig. 7B). ESTIMATE results showed that patients
with high CCR Scores had StromalScore, ImmuneScore,
and ESTIMATEScore, which were significantly higher in
patients with high CCR Scores than in those with low
CCR Scores (Fig. 7C). Similarly, we found higher Im-
muneScores for 28 immune cells in patients with high CCR
Scores (Fig. 7D).

Immunological Characterization of the CCR Score
Groups

The TMB status of patients was systematically eval-
uated in the CCRI, CCR2, and CCR Score subgroups,
and we observed that patients with low CCR Score and
CCR2 had significantly higher TMB (Fig. 8A). The re-
sults of the TRS analysis showed that high CCR Score and
CCRI1 patients had higher TRS scores, indicating that the
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difference.

patients therein showed better adaptation to immunother-
apy (Fig. 8B). The results of the TRS analysis revealed
that patients with high CCR Scores and CCRI had higher
TRS scores, indicating that patients among them showed
better adaptation to immunotherapy (Fig. 8B). Notably, pa-
tients with high CCR and CCR1 also showed better T-cell-
inflamed GEP scores and Th1/IFN gene signature ssGSEA
scores (Fig. 8C,D). These results further suggest that high
CCR Scores and CCR1 patients have an activated immune
state and are more sensitive to immunotherapy.

CCR Score could Predict GBM Drug Response

We further investigated whether the CCR Score can
predict drug response in GBM patients. We found that
in the TCGA-GBM cohort, both CCRI and CCR2 pa-
tients and patients in the CCR Score subgroup responded
to Erlotinib, Rapamycin, Sunitinib, PHA-66752, Paclitaxel,
Cyclopamine, VX-680, TAE684, Imatinib Saracatinib, S-
Trityl-L-cysteine, Z-LNle-CHO, Dasatinib, GNF-2, CGP-
60474, CGP-082996, WH-4-023, WZ-1-84, BMS-509744,
CMK, Pyriethamine, A-443654, GW843682X, MS-275,
Parthenolide, KIN0O1-135, TGX221, XMDS§-85. Salubri-
nal, Lapatinib, Vinorelbine, NSC87877, QS11, CP466722,
Shikonin, AKT inhibitor VIII, and Bleomycin drugs pro-
duced responses (Fig. 9A,B). The CCR Score was signifi-
cantly correlated with these drugs by Spearman correlation
(Fig. 9C). These results suggest that the CCR Score corre-
lates with sensitivity to the above drugs.

Discussion

In this study, we performed a comprehensive bioin-
formatics analysis of chemokine/receptor gene expression,
prognosis, immunological features, and genomic character-
istics in pan-cancer, especially GBM. Our data suggested
that chemokine/receptor genes had different expression pat-
terns in tumors with strong tumor heterogeneity. Our data
suggested that chemokines and receptor genes performed a
key role in the immune activity and therapeutic response of
GBM.

The comparison of mutations in RTK-RAS, PI3K,
TP53, NOTCH, and Hippo pathways was higher in GBM
samples. Previous study found that the RTK-RAS signal-
ing pathway exhibited high-frequency alterations in pan-
cancer, especially in malignant subgroups [40]. PI3K was
a common dysregulated signaling pathway in numerous
cancers, with amplification, inactivation, or loss of PTEN
activity, and PI3K mutations and amplification ultimately
causing drug resistance in cancer patients and leading to
clinical treatment failure [41]. A recently identified glioma
with recognized limitations was characterized, among other
things, by a high frequency of TP53 mutations [42], which
caused an inflammatory response in GBM, leading to poor
prognosis and treatment response [43]. Notchl-4, DIl1-3-
4, and Jagged1-2 in the NOTCH pathway played important
functions in maintaining the central nervous system, and
their high-frequency mutations led to brain tumor develop-
ment, eventually forming GBM [44]. In contrast, the Hippo
pathway was a major pathway affecting GBM chemoresis-
tance and tumor immune response [45]. In GBM, we iden-
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Table 1. Results of univariate COX analysis of differentially

expressed genes (DEGs).

Gene ID p-value HR Low 95% CI  High 95% CI
CCL2 0.024891 1.142966 1.017009 1.284523
BCL241 0.01364 1.213309 1.040514 1.4148
CST4 0.033145 1.221276 1.016114 1.467861
S10048 0.007525 1.169027 1.042526 1.310879
HK3 0.009006 1.252442 1.057788 1.482915
S10049 0.031533  1.14245 1.011857 1.289897
CD300E 0.008321 1.349449  1.080142 1.6859
SLAMFS8 0.045007 1.189053  1.003863 1.408407
ALOXS 0.048969 1.227339 1.000926 1.504968
S100411 0.039104 1.263398 1.011756 1.577628
OSCAR 0.020461 1.335868 1.04572 1.706521
CXCL5 0.01165 1.158325 1.033323 1.298449
1ER3 0.036229 1.212999 1.012467 1.453249
PLAUR 0.000268 1.467468 1.193924 1.803684
GPR84 0.029921 1.252422  1.022134 1.534595
LILRAS 0.018063 1.257633  1.039983 1.520832
RETN 0.007777 1.255723  1.061866 1.484971
AQPY 0.00871 1.186395 1.044164 1.348
SERPINAI 0.027883 1.212106 1.021124 1.438807
CCL5 0.010186 1.288734 1.062017 1.563849
FAM204 0.017826 1.249421 1.039214 1.502148
NFKBIZ 0.00501  1.320828 1.087549 1.604146
S10044 0.032617 1.194509 1.014815 1.406022
ICAM1 0.007057 1.27761 1.069041 1.52687
FCGR2B 0.00615 1.263476  1.068824 1.493579
MANIAI  0.036969 1.242896  1.013235 1.524611
JAK3 0.025121 1.269273 1.030213 1.563807
CTSZ 0.013443 1.302387 1.056232 1.605908
TREM1 0.014956 1.187025 1.033922 1.362801
CLEC2B 0.03587 1.220486 1.013231 1.470135
LTBP2 0.013039 1.276763 1.052791 1.548383
DPYD 0.043024 1.193069 1.005556 1.415548
TNFAIP2  0.010044 1.244905  1.053668 1.470852
RARRESI  0.007363 1.184533  1.046549 1.340709
BIRC3 0.003086 1.266999  1.083183 1.482007
THBD 0.002392 1.326841 1.105472 1.592538
SOCS3 0.002081 1.250683 1.084662 1.442115
PTX3 0.001192 1.224474 1.083324 1.384016
CXCLI 0.036875 1.157165 1.008934 1.327172
CDI163 0.04019 1.129951 1.005483 1.269828
IL32 0.019151 1.274782 1.040448 1.561892
CARDI6  0.048035 1.207783  1.001633 1.456361
SLC1IAI  0.006782 1.287107  1.072161 1.545144
SPP1 0.017343 1.190549 1.03122 1.374496
RDHI10 0.03915 1.197142 1.008995 1.420373
SERPINGI 0.029031 1.221496 1.020657 1.461855
THBS1 0.028396 1.145625 1.014482 1.293721
CXCL13 0.037416  1.12932 1.007109 1.266361
CHI3LI 0.009878 1.124669 1.02864 1.229662
TIMP1 0.000567 1.31061 1.12376 1.528526
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Table 1. Continued.

Gene ID p-value HR Low 95% CI  High 95% CI
PDZKIIPI 0.009959 1.218884  1.048549 1.416889
CLCF1 0.015818 1.241329 1.04143 1.479597
MMPI9 0.021938 1.200444  1.026781 1.403481
LIF 0.048249 1.138484  1.000999 1.294852
IGFBP6 2.59E-05 1.354768  1.176049 1.560646
IBSP 0.035883  1.12424 1.007748 1.254199
MEDAG 0.029274  1.16292 1.015337 1.331956
SNX10 0.007114 1.225604  1.056848 1.421306
MXRAS5 0.005044 1.220464  1.061816 1.402815
LOX 0.020818 1.170537  1.024222 1.337754
LGALS3 0.017661 1.176229  1.028634 1.345002
G0S2 0.003838 1.198218  1.059974 1.354492
COL841 0.030769 1.141991  1.012375 1.288203
GJB2 0.002605 1.192806  1.063471 1.337871
HES6 0.024542 0.845709  0.730773 0.978723
OLIG2 0.022724 0.866629  0.766208 0.980212
NEU4 0.025077 0.867521  0.766093 0.982378
OLIG1 0.026946 0.868147  0.765933 0.984002
HES5 0.043624 0.874333 0.7674 0.996165

tified two genotypes (CCR1 and CCR2) by consistent clus-
tering. To our knowledge, this was the first study of can-
cer genetic subtyping in GBM based on chemokine/receptor
genes. Interestingly, CCRI and CCR2 showed different
immune activity and prognostic differences. Patients with
CCR1 have more wear in a state of immune activation and
have a worse OS. As these pathways mutate, causing tu-
mor development, inflammatory infiltration in the tumor in-
creases. Therefore, we hypothesized that the frequency of
RTK-RAS, PI3K, TP53, NOTCH, and Hippo variants was
higher in patients in CCR1, leading to poor prognosis.

With the availability of high-throughput sequencing
technology, numerous biomarkers have been found to serve
as chemotherapy and immunotherapy sensitivity in GBM.
The present study was the first to construct a molecular
signature for predicting prognosis, chemotherapy response,
and immunotherapy sensitivity in GBM by DEGs between
molecular subtypes related to chemokine/receptor genes.
Patients with CCR/ and those with high CCR Scores were
highly overlapped, and both showed extremely poor prog-
noses. This suggested that the CCR Score could predict un-
favorable survival outcomes in GBM. In addition, the CCR
Score performed a major function in assessing immune cell
activity in the tumor microenvironment, which was a highly
heterogeneous tumor with a unique tumor microenviron-
ment status resulting in GBM to exhibit extreme hetero-
geneity within and between the tumor microenvironment
[46]. Understanding the tumor microenvironmental state of
GBM would help to understand the immunological features
of the CNS [46]. The CCR Score helps researchers deepen
their understanding of the immune features of GBM.
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The CCR Score contains PLAUR, PTX3, SLC11Al,
TIMP1, IGFBP6, G0S2, GJB2. All these genes were func-
tionally associated with immune infiltrating cells in GBM.
High expression of PLAUR was associated with monocyte
infiltration in TME of GBM, and important immune re-
sponse markers (PD-L2/CD276/B7-H3) were closely asso-
ciated and were essential genes for resolving the highly het-
erogeneous TME [47]. Recent findings found that PTX3 af-
fected macrophage infiltration abundance, migratory activ-
ity, and anti-inflammatory polarization, including through
cellular communication, and that high PTX3 expression in-
duced an immunosuppressive microenvironment in GBM,
leading to adverse clinical outcomes [48]. SLCI11A41 was
a biomarker that predicted PD-L1/PD-1 axis gene expres-
sion in GBM [49]. TIMP1 was significantly overexpressed
in infiltrating immune cells and accelerated GBM progres-
sion, and SpI-TIMP] could predict the abundance of im-
mune cell infiltration in GBM sites to assess their tumor
progression [50]. GBM patients with significantly upreg-
ulated IDH mutations increased the difficulty of exploring
GBM mechanisms [51]. G0OS2 and GJB2 were considered
potential therapeutic markers for GBM [52,53]. Consis-
tently, the genes included in the CCR Score were strongly
associated with GBM immunity, progression, and prognos-
tic treatment. Our study further confirms the existing find-
ings. However, this study still has limitations. First, al-
though we validated the predictive performance of the CCR
Score in three datasets, subsequent multicenter large and
clinical samples are needed to validate the prognostic value
of the CCR Score. Second, the molecular subtypes iden-
tified in this study need to be validated in clinical studies
for their differences from traditional pathologic typing and
clinical value. Finally, the prognostic genes identified in
this study need to be followed up with in vivo and in vitro
tests to explore their functions in GBM.

Conclusion

Overall, our description was the first to distinguish
new gene types in GBM based on chemokine/receptor
genes, which could complement the existing clinicopatho-
logical typing and deepen the understanding of GBM mech-
anisms. We also constructed a CCR Score that predicts poor
prognosis in GBM, which performed a novel role in GBM
prognosis, immune activity, and drug treatment suscepti-
bility, but the limitations of this study remained. The data
were obtained from public databases, and there was a lack
of large-sample multicenter trials to validate the gene types
of our findings and the clinical applicability of the CCR
Score. In addition, in vivo and in vitro studies are neces-
sary to validate the gene types and clinical validity of the
CCR Score.
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