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Abstract 

Background:  Several studies have shown that members of the tumor necrosis factor (TNF) family play an important 
role in cancer immunoregulation, and trials targeting these molecules are already underway. Our study aimed to inte‑
grate and analyze the expression patterns and clinical significance of TNF family-related genes in gliomas.

Methods:  A total of 1749 gliomas from 4 datasets were enrolled in our study, including the Cancer Genome Atlas 
(TCGA) dataset as the training cohort and the other three datasets (CGGA, GSE16011, and Rembrandt) as validation 
cohorts. Clinical information, RNA expression data, and genomic profile were collected for analysis. We screened the 
signature gene set by Cox proportional hazards modelling. We evaluated the prognostic value of the signature by 
Kaplan–Meier analysis and timeROC curve. Gene Ontology (GO) and Gene set enrichment analysis (GSEA) analysis 
were performed for functional annotation. CIBERSORT algorithm and inflammatory metagenes were used to reveal 
immune characteristics.

Results:  In gliomas, the expression of most TNF family members was positively correlated. Univariate analysis showed 
that most TNF family members were related to the overall survival of patients. Then through the LASSO regression 
model, we developed a TNF family-based signature, which was related to clinical, molecular, and genetic character‑
istics of patients with glioma. Moreover, the signature was found to be an independent prognostic marker through 
survival curve analysis and Cox regression analysis. Furthermore, a nomogram prognostic model was constructed 
to predict individual survival rates at 1, 3 and 5 years. Functional annotation analysis revealed that the immune and 
inflammatory response pathways were enriched in the high-risk group. Immunological analysis showed the immuno‑
suppressive status in the high-risk group.

Conclusions:  We developed a TNF family-based signature to predict the prognosis of patients with glioma.
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Background
Gliomas are the most common primary malignant 
tumors in the adult central nervous system [1, 2]. Despite 
accounting for less than 2% of newly diagnosed tumors, 
gliomas are associated with high malignancy and mortal-
ity [3, 4]. Glioblastoma, WHO grade 4 glioma, is one of 
the most challenging malignancies. The current stand-
ard treatment for glioblastoma is total surgical resec-
tion combined with radiotherapy and chemotherapy, 
which only extends the median survival of patients to 
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14.6 months [5, 6]. In order to improve the prognosis of 
patients, it is urgent to further understand the pathogen-
esis of gliomas and develop novel treatment strategies, 
such as targeted therapy and immunotherapy. Immune 
checkpoint blockade therapy enhances the anti-tumor 
immune response by targeting the regulatory pathways 
in immune cells. In recent years, checkpoint blockade of 
the CTLA-4 or PD-1/PD-L1 axis has been proven to be 
an effective strategy for advanced melanoma, non-small-
cell lung carcinoma, advanced renal cell carcinoma and 
Hodgkin lymphoma [7–9].

Tumor necrosis factor (TNF) family consists of 19 
ligands of TNF superfamily (TNFSF) and 29 members of 
TNF receptors superfamily (TNFRSF), which affect many 
biological processes, including apoptosis, host defense, 
inflammation, and autoimmunity [10]. TNF is produced 
by many different immune and non-immune cell types, 
which plays an important role in the development and 
function of the immune system [11]. At present, in addi-
tion to blocking the immune checkpoints of the B7-CD28 
family (such as PD1/PD-L1), anti-tumor immunity can 
also be augmented by biologics or genetic engineering 
techniques that modulate TNFSF/TNFRSF signaling [12, 
13]. Some cancer immunotherapy targets from the TNF 
family are very attractive and have entered the stage of 
clinical trials, such as 4-1BB, OX40, GITR, and so on 
[14–16].

In gliomas, some members of the TNF family have been 
widely studied for their role in regulating tumor genesis 
and growth. Yeung et al. revealed that TNF-α promoted 
the production of multiple inflammatory mediators by 
p38 MAPK signaling, thereby contributing to the expan-
sion of GBM [17]. Ramaswamy et  al. found that TNF-α 
enhanced the invasion ability of glioma cells through 
MEK-ERK signaling [18]. Shibahara et  al. demonstrated 
that the OX40/OX40L (TNFRSF4/ TNFSF4) signal-
ing pathway induced anti-tumor immunity in a mouse 
glioma model, and OX40 could also trigger regulatory T 
cells to cause immunosuppression under hypoxia [19]. 
The members of TNF family might activate or inhibit 
immune responses in the tumor microenvironment [13], 
so some members have been selected as potential targets 
for glioma immunotherapy. Woroniecka et  al. revealed 
that 4-1BB (TNFRSF9) agonism reduced exhaustion of 
tumor-infiltrating lymphocytes and improved their func-
tion, thereby prolonging the survival of GBM in combi-
nation with anti-PD1 therapy [20]. Shoji et al. found that 
the local delivery of an anti-CD40 (TNFRSF5) agonistic 
antibody induced significant anti-tumor effects in mouse 
glioma models [21]. The agonist OX40 (TNFRSF4) 
immunotherapy combined with vaccination reversed 
T lymphocyte exhaustion and prolonged survival in the 
glioma mouse model [22]. The TNF family has shown 

great potential in targeted therapy. However, currently, 
the characteristic of TNF family-related gene set has not 
been systematically profiled in gliomas.

In this study, we systematically analyzed the expression 
patterns and clinical significance of TNF family-related 
genes in gliomas. We developed a TNF family-based 
risk signature that classified patients into the high-risk 
or low-risk group. There were significant differences in 
clinicopathological characteristics, genomic alteration, 
prognosis, and immune status between the two groups. 
Finally, we established an individualized nomogram 
model based on signature to predict the 1-year, 3-year, 
and 5-year overall survival rate of glioma patients.

Methods
Data collection
Our study collected 1749 glioma cases from four public 
datasets. As the training set, the Cancer Genome Atlas 
(TCGA, http://​cance​rgeno​me.​nih.​gov/) dataset con-
tained RNA-seq data, somatic mutation, copy-number 
alterations (CNAs), clinical and pathological informa-
tion of 702 glioma cases. The validation sets contained 
our Chinese Glioma Genome Atlas (CGGA) data-
set, GSE16011 dataset, and Rembrandt dataset. In our 
CGGA dataset, we have collected RNA-seq data of 325 
gliomas, which were generated by the Illumina HiSeq 
platform [23]. We also collected clinical and molecular 
information of CGGA patients. Our CGGA dataset was 
approved by the Beijing Tiantan Hospital Capital Medi-
cal University Institutional Review Board (IRB KY2013-
017-01) [24]. The other two validation sets included 268 
glioma cases from the GSE16011 microarray database 
(http://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​
GSE16​011) and 454 glioma cases from The Repository 
for Molecular Brain Neoplasia Data (Rembrandt, https://​
www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE10​
8474).

Signature development
We included all well-defined TNF family genes, includ-
ing 18 TNFSF genes and 29 TNFRSF genes. In the train-
ing set, univariate Cox proportional hazards regression 
analysis was used to screen TNF family genes related to 
overall survival. With selected genes, the Least Absolute 
Shrinkage and Selection Operator (LASSO) regression 
algorithm generated a Cox model with minimum average 
cross validation error based on tenfold cross validation 
[25–27]. The LASSO cox model included 8 genes and our 
signature risk score was developed with a linear combi-
nation of 8 gene expression level (expr) weighted by their 
LASSO regression coefficients: Risk Score = (exprgene1 × 
coefficientgene1) + (exprgene2 × coefficientgene2) + ⋯ + (expr
gene8 × coefficientgene8).

http://cancergenome.nih.gov/
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16011
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16011
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE108474
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE108474
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE108474
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DAVID functional annotation and Gene Set Enrichment 
Analysis (GSEA)
DAVID (https://​david.​ncifc​rf.​gov/) is a comprehensive 
set of functional annotation tool for understanding the 
biological meaning behind gene sets. We first performed 
Pearson correlation analysis and screened out genes 
that were significantly positively correlated with signa-
ture (Pearson R > 0.6, p < 0.05). Then these genes were 
uploaded to DAVID for Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
enrichment analysis.

Gene set enrichment analysis (GSEA) is a widely used 
tool for assessing pathway enrichment with transcrip-
tome data. In this study, we adopted FGSEA (Fast Gene 
Set Enrichment Analysis) method, which could estimate 
low GSEA P-values with a high accuracy in a short time 
[28]. |NES| > 1 and adjusted p-value < 0.05 were consid-
ered significant in GSEA.

Analysis of immune and inflammatory responses
The CIBERSORT algorithm allowed us to quantify the 
infiltrating immune cells in tumors with gene expression 
profiles [29]. We calculated 22 immune cell subtypes with 
the customized gene signature file “LM22”. Differences in 
the proportion of immune cells between high-risk and 
low-risk groups were assessed by Student’s t-test.

We analyzed seven inflammatory metagenes, including 
104 genes [30]. Metagenes were calculated by Gene Sets 
Variation Analysis (GSVA) [31] using the corresponding 
gene sets.

Statistical analysis
R language (v4.0.0, https://​www.r-​proje​ct.​org/) was the 
main statistical analysis environment. Normalized gene 
expression values were log-transformed (based on 2). 
Univariate and multivariate Cox regression analysis were 
performed to evaluate the prognostic value. Differences 
in variables between the groups were assessed using Stu-
dent’s t-test or Chi-square test. The survival differences 
in Kaplan–Meier survival curves were evaluated by log-
rank test. Time-dependent ROC curve (timeROC) was 
used to predict one-, three- and five-year overall survival 
[32, 33]. The nomogram model integrated signature and 
clinical indicators to predict 1-year, 3-year and 5-year 
survival probability with R package “rms” [34]. Other R 
packages involved in this study included pheatmap, ggl-
pot2, pROC, ComplexHeatmap, Hmisc, circlize and cor-
rgram. A two-sided test p value < 0.05 was considered 
statistically significant. P values were adjusted by Benja-
mini–Hochberg procedure (BH) in multiple hypothesis 
testing.

Results
The landscape and prognostic value of the TNF family 
in gliomas
Totally, 47 well-defined TNF family genes were enrolled 
in our study, including 18 TNFSF genes and 29 TNFRSF 
genes. First, we analyzed the gene expression of the TNF 
family in 702 glioma patients from TCGA dataset. Pear-
son correlation analysis of TNF family genes showed 
significant positive correlations among most genes (Addi-
tional file  1: Fig. S1). Then, univariate Cox regression 
analysis was used to evaluate the association between 
TNF family genes and overall survival of glioma patients. 
Among all TNF family genes, 39 genes were found to 
be significantly related to overall survival, including 25 
TNFRSF genes and 14 TNFSF genes (adjusted p < 0.05, 
Table  1). We found that four genes (EDA, TNFRSF21, 
TNFRSF13C, EDAR) were protective, with hazard 
ratios (HR) less than 1. And 35 genes (TNFRSF12A, 
TNFRSF11B, TNFSF14, TNFRSF14, TNFRSF1A, LTBR, 
CD70, CD40, TNFRSF19, FAS, TNFRSF10C, TNFRSF4, 
NGFR, TNFRSF10B, TNFSF4, TNFRSF18, CD40LG, 
TNFRSF10D, TNFSF11, FASLG, TNFSF13, TNFSF8, 
TNFSF10, TNFSF13B, TNFSF12, TNFRSF6B, TNFRSF9, 
TNFRSF1B, LTB, TNFSF15, TNFRSF11A, TNFRSF10A, 
CD27, EDA2R, RELT) were risk factors, with HR greater 
than 1.

Identification of a TNF family based‑signature in gliomas
After univariate Cox regression analysis, 39 genes were 
left for further analyzed in TCGA dataset. By LASSO 
regression algorithm, we screened eight genes as covari-
ates to evaluate prognostic value (Fig.  1a). Our TNF 
family based-signature (risk score) was developed with 
a linear combination of the expression of eight genes 
weighted by their regression coefficients (Fig. 1b). Then, 
TCGA patients were divided into low-risk group and 
high-risk group according to the median risk score as the 
cutoff value. We found significant differences in clinical 
and pathological characteristics between the two groups 
(Fig.  1c and Table  2). Patients in the high-risk group 
were older than those in the low-risk group (p < 0.001). 
And the incidence of GBMs (WHO grade 4) in the high-
risk group was higher than that in the low-risk group 
(p < 0.001). Meanwhile, IDH-wildtype, 1p/19q non-code-
letion, and MGMT promoter unmethylation were more 
common in the high-risk group (p < 0.001). Malignant 
molecular subtypes, including classical and mesenchy-
mal subtypes, were significantly enriched in the high-
risk group (p < 0.001). In the validation dataset (CGGA, 
GSE16011 and Rembrandt datasets), the same regression 
coefficients from TCGA (Fig. 1b) were used to calculate 
the risk score of each patient. In three validation datasets, 
we also observed differences in clinical and pathological 

https://david.ncifcrf.gov/
https://www.r-project.org/
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Table 1  Univariate Cox analysis of TNF family genes in TCGA dataset

Official symbol Aliases Family HR 95%CI waldtest-P Adjusted P

TNFRSF12A FN14, TWEAKR, CD266 TNFRSF 1.7301 1.5910–1.8814 1.32E−37 6.204E−36

TNFRSF11B OPG TNFRSF 1.5674 1.4619–1.6805 1.24E−36 2.914E−35

TNFSF14 LIGHT, HVEML, CD258 TNFSF 1.6579 1.5221–1.8057 4.06E−31 6.36067E−30

TNFRSF14 LIGHTR, HVEM, CD270 TNFRSF 2.2535 1.9584–2.5932 7.94E−30 9.3295E−29

TNFRSF1A TNFR1, CD120A TNFRSF 2.0662 1.8156–2.3515 3.86E−28 3.6284E−27

LTBR TNFRSF3 TNFRSF 2.1937 1.8974–2.5363 2.66E−26 2.08367E−25

CD70 TNFSF7, CD27L TNFSF 1.3428 1.2696–1.4201 5.98E−25 4.01514E−24

CD40 TNFRSF5 TNFRSF 2.0981 1.8041–2.4399 6.42E−22 3.77175E−21

TNFRSF19 TROY, TAJ TNFRSF 1.8957 1.6623–2.1619 1.41E−21 7.36333E−21

FAS TNFRSF6, CD95 TNFRSF 1.7655 1.5692–1.9863 3.35E−21 1.5745E−20

TNFRSF10C TRAILR3, CD263 TNFRSF 1.8903 1.6539–2.1605 9.51E−21 4.06336E−20

TNFRSF4 OX40, CD134 TNFRSF 1.5291 1.3893–1.6830 3.95E−18 1.54708E−17

NGFR TNFRSF16, CD271 TNFRSF 1.3981 1.2926–1.5122 5.84E−17 2.11138E−16

TNFRSF10B TRAILR2, CD262 TNFRSF 2.0613 1.7288–2.4578 7.70E−16 2.585E−15

TNFSF4 OX-40L, CD134L, CD252 TNFSF 1.8707 1.6029–2.1832 1.93E−15 6.04733E−15

TNFRSF18 GITR, AITR, CD357 TNFRSF 1.5424 1.3852–1.7175 2.78E−15 8.16625E−15

CD40LG TNFSF5, CD154 TNFSF 1.6220 1.4332–1.8357 1.85E−14 5.11471E−14

TNFRSF10D TRAILR4, CD264 TNFRSF 1.5565 1.3895–1.7435 2.16E−14 5.64E−14

TNFSF11 RANKL, CD254 TNFSF 1.8101 1.5532–2.1095 3.02E−14 7.47053E−14

FASLG TNFSF6, CD95-L TNFSF 1.5788 1.3972–1.7839 2.36E−13 5.546E−13

TNFSF13 APRIL, CD256 TNFSF 1.9666 1.6316–2.3703 1.26E−12 2.82E−12

TNFSF8 CD30L, CD153 TNFSF 1.5178 1.3472–1.7101 6.97E−12 1.48905E−11

TNFSF10 TRAIL, CD253 TNFSF 1.5351 1.3504–1.7451 5.63E−11 1.15048E−10

TNFSF13B BAFF, CD257 TNFSF 1.3137 1.2087–1.4279 1.37E−10 2.68292E−10

EDA EDA-A1, EDA-A2 TNFSF 0.6320 0.5450–0.7330 1.30E−09 2.444E−09

TNFRSF21 DR6, CD358 TNFRSF 0.6007 0.5083–0.7099 2.22E−09 4.01308E−09

TNFRSF13C BAFFR, CD268 TNFRSF 0.6751 0.5934–0.7681 2.38E−09 4.14296E−09

TNFSF12 TWEAK TNFSF 2.1779 1.6714–2.8377 8.21E−09 1.37811E−08

TNFRSF6B DCR3 TNFRSF 1.4530 1.2672–1.6661 8.76E−08 1.41972E−07

TNFRSF9 4-1BB, CD137, ILA TNFRSF 1.4266 1.2523–1.6252 9.14E−08 1.43193E−07

TNFRSF1B TNFR2, CD120B TNFRSF 1.4901 1.2851–1.7278 1.28E−07 1.94065E−07

LTB TNFSF3 TNFSF 1.3777 1.2227–1.5524 1.43E−07 2.10031E−07

TNFSF15 TL1A TNFSF 1.6125 1.3464–1.9312 2.07E−07 2.94818E−07

TNFRSF11A RANK, CD265 TNFRSF 1.3585 1.2008–1.5370 1.14E−06 1.57588E−06

TNFRSF10A TRAILR1, CD261 TNFRSF 1.4137 1.2197–1.6384 4.26E−06 5.72057E−06

CD27 TNFRSF7 TNFRSF 1.4331 1.2254–1.6761 6.67E−06 8.70806E−06

EDA2R TNFRSF27, XEDAR TNFRSF 1.1858 1.0997–1.2786 9.38E−06 1.19151E−05

EDAR EDA-A1R TNFRSF 0.7789 0.6889–0.8807 6.66E−05 8.23737E−05

RELT TNFRSF19L TNFRSF 1.6259 1.2176–2.1712 0.000987074 0.001189551

TNFRSF25 DR3, TNFRSF12 TNFRSF 1.1035 0.9905–1.2294 0.07383002 0.086750274

TNFSF18 GITRL TNFSF 0.9237 0.8426–1.0127 0.090776101 0.104060408

TNFRSF13B TACI, TNFRSF14B, CD267 TNFRSF 0.7812 0.5602–1.0893 0.145467208 0.162784733

LTA TNFSF1 TNFSF 1.1115 0.9614–1.2851 0.153148522 0.167394896

TNFRSF8 CD30 TNFRSF 1.0540 0.9681–1.1475 0.225337476 0.240701395

TNF TNFSF2, TNFA TNFSF 0.9766 0.9050–1.0539 0.542331079 0.566434683

TNFRSF17 BCMA, TNFRSF13A, CD269 TNFRSF 1.0573 0.8585–1.3021 0.599972185 0.613015059

TNFSF9 4-1BB-L, CD137L TNFSF 1.0003 0.8851–1.1304 0.996518328 0.996518328
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Fig. 1  Identification of a TNF family-based signature in gliomas. a Cross validation for optimizing parameter screening by LASSO regression 
algorithm in the TCGA training dataset. b The regression coefficients of 8 genes screened by LASSO model. The heatmaps show the clinical and 
molecular features of the high-risk and low-risk groups in TCGA dataset (c) and CGGA dataset (d). P values are adjusted. **P < 0.01; ***P < 0.001. 
Abbreviations: IDH, isocitrate dehydrogenase; MGMT, methylguanine methyltransferase
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features between high-risk and low-risk group (Fig.  1d, 
Additional file 1: Figure S2, Table 2 and Additional file 1: 
Table S1).

Correlation between TNF family based‑signature 
and pathological features in gliomas
Since gliomas covered grade 2–4 and different molecular 
subtypes, we further studied the distribution characteris-
tics of TNF family based-signature (Fig. 2a). As the WHO 
grade increased from 2 to 4, risk score increased signifi-
cantly (p < 0.05). Meanwhile, risk scores were significantly 
higher in the IDH-wildtype group, 1p/19q non-code-
letion group, and the MGMT promoter unmethylated 
group (p < 0.05). Among the three TCGA subtypes, we 
found that patients defined as mesenchymal subtype 
had the highest risk score (p < 0.05). In all three valida-
tion datasets (Fig. 2b and Additional file 1: Fig. S3A and 
S3B), we also observed that the distribution of signature 

was consistent with the above results. Then, we utilized 
Receiver Operating Characteristic (ROC) curve to evalu-
ate the predictive value of our signature for pathological 
indicators. Compared with age and gender, our signa-
ture showed superior predictive value in WHO grade 
(AUC = 0.934), IDH mutation status (AUC = 0.964), 
1p/19q codeletion status (AUC = 0.850), MGMT pro-
moter methylation status (AUC = 0.801) and mesen-
chymal subtype (AUC = 0.926) (Fig.  2c). Signature also 
showed high predictive power in all three validation 
datasets (Fig. 2d, Additional file 1: Fig. S3C and S3D).

Different patterns of genomic alterations between low‑ 
and high‑risk gliomas
At the level of genomic alterations, somatic mutation 
and copy-number alterations (CNA) data from TCGA 
were included for further study. In Fig.  3, we found a 
significant enrichment of IDH1, ATRX, CIC, NOTCH1, 

Table 2  Correlation between RS and clinicopathological factors of glioma patients

Characteristics TCGA dataset (n = 702) CGGA dataset (n = 325)

Low-risk group 
(n = 351)

High-risk group 
(n = 351)

Adjusted p Low-risk group 
(n = 162)

High-risk group 
(n = 163)

Adjusted p

Age

 Mean(range) 41 (14–74) 53 (21–89) < 0.001 40 (10–75) 47 (8–81) < 0.001

Gender

 Female 137 118 n.s 63 59 n.s

 Male 163 191 99 104

 NA 51 42 0 0

Grade

 2 174 42 < 0.001 96 9 < 0.001

 3 124 117 36 40

 4 2 150 30 114

 NA 51 42 0 0

IDH status

 Mutant 331 97 < 0.001 138 38 < 0.001

 Wildtype 5 229 24 125

 NA 15 25 0 0

1p/19q status

 Codel 155 14 < 0.001 65 2 < 0.001

 Non-codel 182 313 94 156

 NA 14 24 3 5

MGMT promoter

 Methylated 311 166 < 0.001 86 72 0.068

 Unmethylated 27 135 64 85

 NA 13 50 12 6

TCGA subtype

 Proneural 184 54 < 0.001 83 19 < 0.001

 Classical 0 86 11 63

 Mesenchymal 0 95 0 68

 NA 167 116 68 13
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and FUBP1 mutations in the low-risk group (p < 0.05). 
And mutations in EGFR, NF1, PTEN, and RB1 were sig-
nificantly enriched in the high-risk group (p < 0.05). CNA 
analysis showed that the high-risk group had more ampli-
fication regions such as EGFR, CDK4, PDGFRA, MDM2, 
and more deletion regions such as CDKN2A, CDKN2B, 
MLLT3, PTEN (Fig. 3).

Prognostic analysis of the TNF family based‑signature
Next, we evaluated the clinical prognostic value of our 
signature using follow-up data. The Kaplan–Meier 
survival curve showed that the high-risk group had a 

significantly worse prognosis than the low-risk group 
in four datasets (Fig.  4, p < 0.001, log-rank test). When 
patients were divided into WHO grade 2, grade 3 and 
grade 4, we also observed significantly shorter survival in 
the high-risk group than in the low-risk group (p < 0.05). 
In both univariate and multivariate Cox regression analy-
ses, our signature risk score was significantly associated 
with overall survival in four datasets (Table  3, p < 0.05). 
This suggested our signature with independent prognos-
tic value, independent of other clinicopathological fac-
tors (age, gender, WHO grade, IDH status, 1p/19q status, 
and MGMT promoter status).

Fig. 2  Association between pathological features and TNF family-based signature. The distribution of risk score (RS) in patients stratified by different 
pathological features (WHO Grade, IDH mutation and 1p/19q codeletion, MGMT promoter methylation, TCGA subtype) in TCGA dataset (a) and 
CGGA dataset (b). Receiver operating characteristic (ROC) curves show the predictive value of risk score, age and gender for pathological features 
(WHO Grade, IDH mutation and 1p/19q codeletion, MGMT promoter methylation, TCGA subtype) in TCGA dataset (c) and CGGA dataset (d). P 
values are adjusted. *P < 0.05; **P < 0.01; ***P < 0.001
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A survival prediction model based on the risk signature
The ROC curve was performed to further evaluate the 
survival predictive value of signature. The 1-year, 3-year 
and 5-year AUC of signature were 88.83%, 89.24%, and 
83.41%, superior to age (84.02%, 83.85%, 81.07%) and 
grade (80.67%, 85.43%, 84.88%) (Fig.  5a). In the three 
validation datasets, our signature also showed high 
time-dependent AUC (Fig.  5b and Additional file  1: 
Fig. S4). Combining independent prognostic indicators 
(age and risk score) in the TCGA dataset, we then con-
structed a nomogram model to predict 1-year, 3-year and 
5-year survival probability for glioma patients (Fig.  5c, 
C-index = 0.868). The calibration diagram showed satis-
factory consistency between the nomogram model pre-
diction and observations in survival (Fig. 5d).

Functional annotation of TNF family based‑signature
To reveal the underlying biological mechanism of TNF 
family based-signature, we screened 1578 genes that 
were significantly positively correlated with the signa-
ture (R > 0.6) through Pearson correlation analysis. Then 
we annotated the function of these genes in the DAVID 
online tool, and found that the most relevant biological 
processes included “immune response”, “inflammatory 

response”, “extracellular matrix organization”, “interferon-
gamma-mediated signaling pathway”, and “leukocyte 
migration” (Fig. 6a). KEGG pathway analysis showed that 
these genes were enriched in immune-related pathways 
(Fig. 6b). Meanwhile, GSEA analysis showed enrichment 
of immune and inflammatory response pathways in the 
high-risk group, including “HALLMARK_IL6_JAK_
STAT3_signaling” (NES = 2.80, padj = 3.6e−03), “HALL-
MARK_interferon_gamma_response” (NES = 2.58, 
padj = 3.6e−03), “HALLMARK_inflammatory_
response” (NES = 2.74, padj = 3.6e−03), and “KEGG_
cytokine_cytokine_receptor_interaction” (NES = 3.23, 
padj = 3.6e−03) (Fig. 6c).

Association between the TNF family based‑signature 
and glioma immune and inflammatory response
To better understand the relationship between TNF 
family and glioma immunity, we included immune cells 
and immune checkpoints for analysis. By CIBERSORT 
algorithm, we calculated 22 immune cell components 
in glioma samples. We found that in the high-risk 
group, suppressive or resting immune cells were sig-
nificantly increased, including macrophages M0, rest-
ing NK cells, and regulatory T cells (Fig. 6d, e, p < 0.05). 
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And the low-risk group had more activated immune 
cells, including activated mast cells, monocytes, and 
plasma cells. Meanwhile, we observed a significant 
correlation between risk score (RS) and proportion of 
six immune cell types (Figure S5, Pearson correlation, 
p < 0.05). In addition, eight common immune check-
point genes (PD-L1, PD1, LAG3, CTLA4, B7-H3, IDO1, 
CD80, TIM-3) were selected for Pearson correlation 
analysis. The chord diagrams showed that signature 
risk score was positively correlated with the expression 

of all immune checkpoint genes in both TCGA and 
CGGA datasets (Fig. 6f, g), suggesting immunosuppres-
sion in the high-risk group.

Furthermore, we analyzed seven clusters of 
metagenes which represented different inflammatory 
responses. The corrgrams showed that the risk score 
was positively related to HCK, LCK, MHC_I, MHC_
II, interferon, and STAT1, but was negatively related 
to IgG (Fig.  6h, i). These results suggested enrich-
ment of antigen-presenting cells, macrophages, and T 
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Fig. 4  Survival analysis of the TNF family-based signature in gliomas. The survival curves show the difference in overall survival between the 
high-risk and low-risk groups in all grade, grade 2, grade 3, and grade 4 gliomas. a TCGA dataset, b CGGA dataset, c GSE16011 dataset, d Rembrandt 
dataset. P values are obtained by the log-rank test and are adjusted



Page 10 of 15Wang et al. Cell Communication and Signaling            (2022) 20:6 

lymphocytes-related inflammatory responses, but not B 
lymphocytes, in the high-risk group.

Discussion
As a new milestone in cancer treatment, modern immu-
notherapy has brought light to many tumors that pre-
viously had limited treatment options. Immunity 
checkpoint blockade with monoclonal antibodies tar-
geting the B7-CD28 superfamily (CTLA-4, PD-1, and 
PD-L1) produces a durable anti-tumor immune response, 
and this strategy has been applied in many tumors and 
translated into clinical benefits [35]. However, some 
patients are resistant to immune checkpoint blockade 
therapy, and some patients will eventually relapse [36]. 
In lung cancer, the response to immune checkpoint 
blockade therapy is not universal, with more than half 
of patients showing primary resistance [37]. Among 
advanced melanoma that respond to CTLA-4 or PD-1 

blockade therapy, approximately one-quarter to one-
third of patients will relapse over time [38]. Also in glio-
mas, even though clinical trials of B7-CD28 superfamily 
inhibitors are now under active investigation, they have 
ended in failure so far and most patients have received 
little or no obvious benefit (CheckMate-143, Check-
Mate-498, CheckMate-548) [39–41]. These results sug-
gest that there may be other immunoregulatory signaling 
pathways in the tumor microenvironment.

In fact, there are many pathways to protect tumor cells 
from immune damage, which is the recognition of self by 
immune cells, leading to resistance to the first genera-
tion of immune checkpoint blockers [42]. Therefore, it is 
necessary to develop new immunostimulatory targets to 
overcome the primary and acquired resistance of immu-
notherapy. In addition to the B7-CD28 family, the TNF 
family also contains many immune checkpoints, such as 
OX40, 4-1BB, GITR, and so on. In the process of antigen 

Table 3  Variables related to OS in gliomas: univariate and multivariate analysis

HR, hazard ratio; CI, confidence interval; *Significant

Univariate Cox regression Multivariate Cox regression

HR 95% CI Adjusted p HR 95% CI Adjusted p

TCGA​

Age Increasing years 1.075 1.063–1.088 < 2e−16* 1.062 1.045–1.079 2.376e−12*

Gender (male vs. female) 1.001 0.743–1.347 0.997

Grade (GBM vs. LGG) 9.576 6.835–13.420 < 2e−16* 1.327 0.823–2.141 0.369

IDH (wild vs. mutant type) 11.070 7.772–15.770 < 2e−16* 1.212 0.612–2.402 0.631

1p/19q (non-codel vs. codel) 4.541 2.671–7.719 2.66e−08* 1.556 0.825–2.936 0.344

MGMT promoter (unmethylated vs. methylated) 3.207 2.312–4.447 4.032e−12* 1.100 0.745–1.623 0.631

RiskScore Increasing scores 3.516 2.945–4.197 < 2e−16* 2.317 1.670–3.213 1.449e−06*

CGGA​

Age Increasing years 1.035 1.023–1.048 3.794e−08* 1.015 1.003–1.027 0.016*

Gender (male vs. female) 0.998 0.759–1.312 0.988

Grade (GBM vs. LGG) 4.919 3.670–6.593 < 2e−16* 2.286 1.629–3.209 4.3e−06*

IDH (wild vs. mutant type) 2.866 2.171–3.782 2.45e−13* 0.626 0.416–0.943 0.025*

1p/19q (non-codel vs. codel) 5.877 3.602–9.588 2.3275e−12* 3.027 1.778–5.156 7.58e−05*

MGMT promoter (unmethylated vs. methylated) 1.195 0.911–1.566 0.232

RiskScore Increasing scores 3.360 2.737–4.126 < 2e−16* 2.319 1.692–3.178 8.4e−07*

GSE16011

Age Increasing years 1.041 1.030–1.051 8.38e−14* 1.041 1.023–1.059 1.755e−05*

Gender (male vs. female) 1.066 0.811–1.401 0.647

Grade (GBM vs. LGG) 3.131 2.353–4.166 1.476e−14* 1.360 0.767–2.409 0.292

IDH (wild vs. mutant type) 1.930 1.423–2.618 2.808e−05* 1.432 0.859–2.386 0.28

1p/19q (non-codel vs. codel) 2.445 1.645–3.633 1.452e−05* 1.354 0.813–2.255 0.292

RiskScore Increasing scores 3.956 2.875–5.442 < 2e−16* 3.110 1.393–6.946 0.015*

Rembrandt

Gender (male vs. female) 1.105 0.828–1.475 0.496

Grade (GBM vs. LGG) 2.671 2.060–3.464 2.48e−13* 1.815 1.077–3.057 0.038*

1p/19q (non-codel vs. codel) 2.348 1.287–4.285 0.007* 1.901 0.897–4.032 0.094

RiskScore Increasing scores 3.797 2.782–5.180 < 2e−16* 2.806 1.500–5.249 0.003*
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recognition, OX40 (TNFRSF4) is induced to express on 
activated T cells. Agonists targeting OX40 can provide 
powerful co-stimulatory signals, thereby enhancing the 
expansion and proliferation of CD4 + and CD8 + T cells 
that recognize tumor antigens. Several agonistic anti-
bodies targeting OX40 are currently undergoing cancer 

clinical trials [15] and combining OX40 antibody and 
other immune checkpoint antibodies is more effective 
than monotherapy [43]. 4-1BB (TNFRSF9) is another 
attractive cancer immunotherapeutic target in the TNF 
family, which is a co-stimulatory receptor expressed on 
activated T cells and NK cells. The preclinical results of 
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tumor models indicate that the currently developed ago-
nist antibodies targeting 4-1BB can clear tumors and 
maintain durable anti-tumor immunity [44, 45]. Agonis-
tic monoclonal antibodies targeting 4-1BB have shown 
good results in patients with lymphoma, and are under-
going combined therapy trials with other immunomodu-
lators [14]. Due to the inflammatory hepatotoxicity of the 
first-generation 4-1BB antibody (urelumab), new 4-1BB 
agonists are under clinical development, seeking to maxi-
mize immune activation and avoid liver inflammation 
side effects [46].

In gliomas, immune checkpoints from the TNF fam-
ily also serve as a co-stimulatory signal in regulating 
immunity. Woroniecka et  al. found in mouse models 
that 4-1BB agonists eliminated the limitations of poor 

T cell activation and severe exhaustion, and combined 
anti-4-1BB and anti-PD1 treatments provided survival 
benefits [20]. Nusrat Jahan et  al. found that the agonist 
anti-OX40 was effective for intracranial glioma and pro-
longed survival time in a mouse model of glioma [22]. 
In this study, we comprehensively analyzed the expres-
sion characteristics and prognostic significance of TNF 
family in gliomas. Pearson correlation analysis showed 
that the RNA expression of most TNF family genes was 
positively correlated. At the same time, univariate Cox 
regression analysis showed that the expression of 39 
TNF family genes was significantly associated with over-
all survival. These results indicated that the TNF family 
members were closely related and had potential clinical 
value. Then using Lasso regression model, we developed 
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a TNF family-based signature, which consisted of eight 
TNF family genes: TNFSF4, CD70, TNFSF14, TNFRSF19, 
NGFR, TNFRSF11B, TNFRSF14, and TNFRSF12A. Based 
on the median risk score, we divided patients into high-
risk groups and low-risk groups, and assessed the differ-
ences between the two groups. We found that patients 
with older age, WHO grade 4, IDH-wildtype, 1p/19q 
intact, MGMT promoter non-methylated, and mesenchy-
mal subtype were more common in the high-risk group. 
Meanwhile, we found a significant correlation between 
risk score (RS) and clinical molecular features (Figure S6, 
Spearman correlation, p < 0.05). At the level of genomic 
variation, we found that mutations in EGFR, NF1, PTEN, 
and RB1 were significantly enriched in the high-risk 
group. And in the high-risk group, we found more ampli-
fication regions such as EGFR, CDK4, PDGFRA, MDM2, 
and deletion regions such as CDKN2A, CDKN2B, MLLT3, 
PTEN. These differences suggest that TNF family-based 
signature may be associated with the malignant biological 
process, as well as poor prognosis in glioma patients.

Next, survival curve analysis confirmed that patients in 
the high-risk group had a worse prognosis than low-risk 
group. And univariate and multivariate Cox regression 
analyses identified our signature as an independent prog-
nostic indicator after adjustment of other clinicopatho-
logical factors. Then we used ROC curve to evaluate the 
survival predictive value of signature, which was superior 
to the traditional indicators (age and grade). Based on 
the superior predictive ability of signature, we combined 
with age to construct a nomogram survival prediction 
model. This model had good clinical application value in 
predicting the 1-year, 3-year and 5-year survival rates of 
individuals with gliomas.

In order to explore the potential biological mecha-
nism of our signature, we performed DAVID functional 
annotation and GSEA enrichment analysis. We found 
differences in immune and inflammatory responses 
between the high-risk and low-risk groups, revealing the 
correlation between the TNF family and the immune 
microenvironment of gliomas. Then the immune cell 
infiltration analysis showed that the high-risk group had 
more suppressive or resting immune cells in, includ-
ing macrophages M0, resting NK cells, and regulatory 
T cells. Meanwhile, signature was also positively corre-
lated with the expression of immune checkpoints (PD-
L1, PD1, LAG3, CTLA4, B7-H3, IDO1, CD80, TIM-3). 
These results all suggested the immunosuppressive sta-
tus of the high-risk group. From these we could infer 
the close connection between the TNF family and the 
tumor immune microenvironment. TNF family mem-
bers coordinately drove co-stimulation or co-inhibition 
of the immune response [47]. TNF family members usu-
ally exhibited the pro-inflammatory properties that were 

partly due to the activation of NF-kB signaling [48]. In 
addition, TNF members could activate immunosuppres-
sive cells (regulatory T cells and myeloid-derived sup-
pressor cells) through TNF receptor 2 (TNFR2), thus 
supporting immune escape and promoting tumor cell 
proliferation [49]. Although TNF members was initially 
found to mediate anti-tumor effects, recent studies have 
shown that they also promoted tumor progression. Lei 
et  al. found that TNF-α treatment promoted the prolif-
eration of glioma cells [50]. Wei et al. found that TNF-α 
secreted by macrophages could activate endothelial cells 
and promoted GBM angiogenesis [51]. In addition to the 
dual effects of TNF members, some members had syn-
ergistic effects. For example, CD27 (TNFRSF7), HVEM 
(TNFRSF14), 4-1BB (TNFRSF9) and OX40 (TNFRSF4) 
all had co-stimulatory effects on T cells, and the regu-
lation of these co-stimulators might prolong T cell 
response and control the survival of T cells [52]. CD27 
and HVEM expressed on resting T cells functioned early 
after initial activation of T cells, while OX40 and 4-1BB 
signals on T cells were delayed relative to initial activa-
tion and showed preferential effects on CD4 and CD8 T 
cells. The TNF family had diverse and complex interac-
tions with the immune system [53], so the global evalua-
tion of the TNF family was of great significance. Through 
bioinformatics analysis, we have systematically explored 
the TNF family-related genes and their potential rela-
tionship with immunity, but our study is preliminary and 
requires further in-depth analysis and biological experi-
ment verification.

Conclusions
In conclusion, this is the first study in the expression 
profile and clinical prognostic significance of TNF fam-
ily members in gliomas. We also identified a TNF family-
based signature to stratify the risk of glioma patients. Our 
research contributes to the individualized prognostic 
management of glioma patients, and provides evidence 
for immunotherapy targeting TNF family members.

Abbreviations
TCGA​: The Cancer Genome Atlas; CGGA​: Chinese Glioma Genome Atlas; TNF: 
Tumor necrosis factor; LGG: Lower grade gliomas; GBM: Glioblastomas; CNAs: 
Copy-number alterations; LASSO: Least absolute shrinkage and selection 
operator; GO: Gene ontology; GSEA: Gene set enrichment analysis; IDH: Isoci‑
trate dehydrogenases; MGMT: O6-methylguanine-DNA methyltransferase.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12964-​021-​00814-y.

Additional file 1. Figure S1. The landscape of TNF family members in 
gliomas. Figure S2. Heatmap and clinicopathological features of low-risk 

https://doi.org/10.1186/s12964-021-00814-y
https://doi.org/10.1186/s12964-021-00814-y


Page 14 of 15Wang et al. Cell Communication and Signaling            (2022) 20:6 

and high-risk group in GSE16011 and Rembrandt dataset. Figure S3. 
Associations between TNF family-based signature and pathological fea‑
tures in GSE16011 and Rembrandt dataset. Figure S4. Predictive value of 
signature, age and grade for overall survival in GSE16011 and Rembrandt 
dataset. Figure S5. Corrplots show correlation between risk score (RS) and 
six immune cell types. Figure S6. Corrplots show correlation between risk 
score (RS) and clinical molecular features. Table S1. Correlation between 
RS and clinicopathological factors of glioma patients.

Acknowledgements
Not applicable.

Authors’ contributions
QWW conceptualized the data, involved in formal analysis and methodol‑
ogy, investigated the study, and wrote the original draft. WWL participated in 
literature review, data collection and statistical analysis. YJZ conceptualized the 
study, supervised the data, reviewed, and edited the manuscript. All authors 
read and approved the final manuscript.

Funding
This study was funded by Provincial Key R&D Program, Science and Technol‑
ogy Department of Zhejiang Province (Grant No. 2017C03018); Key Program 
of Administration of Traditional Chinese Medicine, Zhejiang Province (No. 
2018ZZ015).

Availability of data and materials
The authors confirm the data that has been used in this work is available on 
reasonable request.

Declarations

Ethics approval and consent to participate
The authors have no ethical conflicts to disclose.

Consent for publication
The authors agree with the paper’s content.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Neurosurgery, The Second Affiliated Hospital, Zhejiang 
University School of Medicine, No. 88 Jiefang Road, Hangzhou 310009, China. 
2 Chinese Glioma Genome Atlas Network (CGGA) and Asian Glioma Genome 
Atlas Network (AGGA), Beijing 100070, China. 

Received: 29 July 2021   Accepted: 2 December 2021

References
	1.	 Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D, 

Cavenee WK, Ohgaki H, Wiestler OD, Kleihues P, Ellison DW. The 2016 
World Health Organization Classification of Tumors of the Central Nerv‑
ous System: a summary. Acta Neuropathol. 2016;131:803–20.

	2.	 Jiang T, Nam DH, Ram Z, Poon WS, Wang J, Boldbaatar D, Mao Y, Ma W, 
Mao Q, You Y, et al. Clinical practice guidelines for the management of 
adult diffuse gliomas. Cancer Lett. 2021;499:60–72.

	3.	 Molinaro AM, Taylor JW, Wiencke JK, Wrensch MR. Genetic and molecular 
epidemiology of adult diffuse glioma. Nat Rev Neurol. 2019;15:405–17.

	4.	 Ferlay J, Colombet M, Soerjomataram I, Mathers C, Parkin DM. Estimating 
the global cancer incidence and mortality in 2018: GLOBOCAN sources 
and methods. Int J Cancer. 2019;144:1941–53.

	5.	 Stupp R, Hegi ME, Mason WP, van den Bent MJ, Taphoorn MJ, Janzer RC, 
Ludwin SK, Allgeier A, Fisher B, Belanger K, et al. Effects of radiotherapy 
with concomitant and adjuvant temozolomide versus radiotherapy 

alone on survival in glioblastoma in a randomised phase III study: 5-year 
analysis of the EORTC-NCIC trial. Lancet Oncol. 2009;10:459–66.

	6.	 Wang Q-W, Sun L-H, Zhang Y, Wang Z, Zhao Z, Wang Z-L, Wang K-Y, Li G-Z, 
Xu J-B, Ren C-Y, et al. MET overexpression contributes to STAT4-PD-L1 
signaling activation associated with tumor-associated, macrophages-
mediated immunosuppression in primary glioblastomas. J Immunother 
Cancer. 2021;9:e002451.

	7.	 Hargadon KM, Johnson CE, Williams CJ. Immune checkpoint blockade 
therapy for cancer: an overview of FDA-approved immune checkpoint 
inhibitors. Int Immunopharmacol. 2018;62:29–39.

	8.	 Hodi FS, O’Day SJ, McDermott DF, Weber RW, Sosman JA, Haanen JB, 
Gonzalez R, Robert C, Schadendorf D, Hassel JC, et al. Improved survival 
with ipilimumab in patients with metastatic melanoma. N Engl J Med. 
2010;363:711–23.

	9.	 Brahmer J, Reckamp KL, Baas P, Crinò L, Eberhardt WE, Poddubskaya 
E, Antonia S, Pluzanski A, Vokes EE, Holgado E, et al. Nivolumab versus 
docetaxel in advanced squamous-cell non-small-cell lung cancer. N Engl 
J Med. 2015;373:123–35.

	10.	 Aggarwal BB, Gupta SC, Kim JH. Historical perspectives on tumor necrosis 
factor and its superfamily: 25 years later, a golden journey. Blood. 
2012;119:651–65.

	11.	 So T, Ishii N. The TNF-TNFR family of co-signal molecules. Adv Exp Med 
Biol. 2019;1189:53–84.

	12.	 Ward-Kavanagh LK, Lin WW, Šedý JR, Ware CF. The TNF receptor 
superfamily in co-stimulating and co-inhibitory responses. Immunity. 
2016;44:1005–19.

	13.	 Croft M, Benedict CA, Ware CF. Clinical targeting of the TNF and TNFR 
superfamilies. Nat Rev Drug Discov. 2013;12:147–68.

	14.	 Chester C, Sanmamed MF, Wang J, Melero I. Immunotherapy targeting 
4–1BB: mechanistic rationale, clinical results, and future strategies. Blood. 
2018;131:49–57.

	15.	 Buchan SL, Rogel A, Al-Shamkhani A. The immunobiology of CD27 and 
OX40 and their potential as targets for cancer immunotherapy. Blood. 
2018;131:39–48.

	16.	 Buzzatti G, Dellepiane C, Del Mastro L. New emerging targets in cancer 
immunotherapy: the role of GITR. ESMO Open. 2020;4:e000738.

	17.	 Yeung YT, Bryce NS, Adams S, Braidy N, Konayagi M, McDonald KL, Teo 
C, Guillemin GJ, Grewal T, Munoz L. p38 MAPK inhibitors attenuate pro-
inflammatory cytokine production and the invasiveness of human U251 
glioblastoma cells. J Neurooncol. 2012;109:35–44.

	18.	 Ramaswamy P, Goswami K, Dalavaikodihalli Nanjaiah N, Srinivas D, Prasad 
C. TNF-α mediated MEK-ERK signaling in invasion with putative network 
involving NF-κB and STAT-6: a new perspective in glioma. Cell Biol Int. 
2019;43:1257–66.

	19.	 Shibahara I, Saito R, Zhang R, Chonan M, Shoji T, Kanamori M, Sonoda Y, 
Kumabe T, Kanehira M, Kikuchi T, et al. OX40 ligand expressed in glioblas‑
toma modulates adaptive immunity depending on the microenviron‑
ment: a clue for successful immunotherapy. Mol Cancer. 2015;14:13.

	20.	 Woroniecka KI, Rhodin KE, Dechant C, Cui X, Chongsathidkiet P, Wilkinson 
D, Waibl-Polania J, Sanchez-Perez L, Fecci PE. 4–1BB Agonism averts TIL 
exhaustion and licenses PD-1 blockade in glioblastoma and other intrac‑
ranial cancers. Clin Cancer Res. 2020;26:1349–58.

	21.	 Shoji T, Saito R, Chonan M, Shibahara I, Sato A, Kanamori M, Sonoda Y, 
Kondo T, Ishii N, Tominaga T. Local convection-enhanced delivery of an 
anti-CD40 agonistic monoclonal antibody induces antitumor effects in 
mouse glioma models. Neuro Oncol. 2016;18:1120–8.

	22.	 Jahan N, Talat H, Curry WT. Agonist OX40 immunotherapy improves 
survival in glioma-bearing mice and is complementary with vaccina‑
tion with irradiated GM-CSF-expressing tumor cells. Neuro Oncol. 
2018;20:44–54.

	23.	 Zhao Z, Zhang KN, Wang Q, Li G, Zeng F, Zhang Y, Wu F, Chai R, Wang Z, 
Zhang C, et al. Chinese Glioma Genome Atlas (CGGA): a comprehensive 
resource with functional genomic data from Chinese glioma patients. 
Genomics Proteomics Bioinform. 2021;19:1–12.

	24.	 Wang QW, Liu HJ, Zhao Z, Zhang Y, Wang Z, Jiang T, Bao ZS. Prognostic 
correlation of autophagy-related gene expression-based risk signature in 
patients with glioblastoma. Onco Targets Ther. 2020;13:95–107.

	25.	 Gao J, Kwan PW, Shi D. Sparse kernel learning with LASSO and Bayesian 
inference algorithm. Neural Netw. 2010;23:257–64.



Page 15 of 15Wang et al. Cell Communication and Signaling            (2022) 20:6 	

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	26.	 Lossos IS, Czerwinski DK, Alizadeh AA, Wechser MA, Tibshirani R, Botstein 
D, Levy R. Prediction of survival in diffuse large-B-cell lymphoma based 
on the expression of six genes. N Engl J Med. 2004;350:1828–37.

	27.	 Wang QW, Bao ZS, Jiang T, Zhu YJ. Tumor microenvironment is associated 
with clinical and genetic properties of diffuse gliomas and predicts over‑
all survival. Cancer Immunol Immunother. 2021. https://​doi.​org/​10.​1007/​
s00262-​021-​03058-4.

	28.	 Korotkevich G, Sukhov V, Budin N, Shpak B, Artyomov MN, Sergushichev 
A. Fast gene set enrichment analysis. bioRxiv 2021:060012.

	29.	 Newman AM, Liu CL, Green MR. Robust enumeration of cell subsets from 
tissue expression profiles. Nat Methods. 2015;12:453–7.

	30.	 Rody A, Holtrich U, Pusztai L, Liedtke C, Gaetje R, Ruckhaeberle E, Solbach 
C, Hanker L, Ahr A, Metzler D, et al. T-cell metagene predicts a favorable 
prognosis in estrogen receptor-negative and HER2-positive breast can‑
cers. Breast Cancer Res. 2009;11:R15.

	31.	 Hänzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for 
microarray and RNA-seq data. BMC Bioinform. 2013;14:7.

	32.	 Blanche P, Dartigues JF, Jacqmin-Gadda H. Estimating and comparing 
time-dependent areas under receiver operating characteristic curves for 
censored event times with competing risks. Stat Med. 2013;32:5381–97.

	33.	 Wang Q, Wang Z, Li G, Zhang C, Bao Z, Wang Z, You G, Jiang T. Identifica‑
tion of IDH-mutant gliomas by a prognostic signature according to gene 
expression profiling. Aging (Albany NY). 2018;10:1977–88.

	34.	 Wang QW, Zhao Z, Bao ZS, Jiang T, Zhu YJ. Comprehensive analysis of 
multi-omics data of recurrent gliomas identifies a recurrence-related sig‑
nature as a novel prognostic marker. Am J Cancer Res. 2021;11:1226–46.

	35.	 Pardoll DM. The blockade of immune checkpoints in cancer immuno‑
therapy. Nat Rev Cancer. 2012;12:252–64.

	36.	 de Miguel M, Calvo E. Clinical challenges of immune checkpoint inhibi‑
tors. Cancer Cell. 2020;38:326–33.

	37.	 Walsh RJ, Soo RA. Resistance to immune checkpoint inhibitors in non-
small cell lung cancer: biomarkers and therapeutic strategies. Ther Adv 
Med Oncol. 2020;12:1758835920937902.

	38.	 Schachter J, Ribas A, Long GV, Arance A, Grob JJ, Mortier L, Daud A, 
Carlino MS, McNeil C, Lotem M, et al. Pembrolizumab versus ipilimumab 
for advanced melanoma: final overall survival results of a multicen‑
tre, randomised, open-label phase 3 study (KEYNOTE-006). Lancet. 
2017;390:1853–62.

	39.	 Reardon DA, Brandes AA, Omuro A, Mulholland P, Lim M, Wick A, Baehring 
J, Ahluwalia MS, Roth P, Bähr O, et al. Effect of nivolumab vs bevacizumab 
in patients with recurrent glioblastoma: the CheckMate 143 phase 3 
randomized clinical trial. JAMA Oncol. 2020;6:1003–10.

	40.	 Sampson JH, Omuro AMP, Preusser M, Lim M, Butowski NA, Cloughesy 
TF, Strauss LC, Latek RR, Paliwal P, Weller M, Reardon DA. A randomized, 
phase 3, open-label study of nivolumab versus temozolomide (TMZ) in 
combination with radiotherapy (RT) in adult patients (pts) with newly 
diagnosed, O-6-methylguanine DNA methyltransferase (MGMT)-
unmethylated glioblastoma (GBM): CheckMate-498. J Clin Oncol. 
2016;34:TPS2079.

	41.	 Bristol Myers Squibb announces update on phase 3 CheckMate-548 trial 
evaluating patients with newly diagnosed MGMT-methylated glioblas‑
toma multiforme. Bristol Myers Squibb 2020.

	42.	 Sharma P, Hu-Lieskovan S, Wargo JA, Ribas A. Primary, adaptive, and 
acquired resistance to cancer immunotherapy. Cell. 2017;168:707–23.

	43.	 Linch SN, McNamara MJ, Redmond WL. OX40 agonists and combination 
immunotherapy: putting the pedal to the metal. Front Oncol. 2015;5:34.

	44.	 Bartkowiak T, Curran MA. 4–1BB agonists: multi-potent potentiators of 
tumor immunity. Front Oncol. 2015;5:117.

	45.	 Houot R, Goldstein MJ, Kohrt HE, Myklebust JH, Alizadeh AA, Lin JT, Irish 
JM, Torchia JA, Kolstad A, Chen L, Levy R. Therapeutic effect of CD137 
immunomodulation in lymphoma and its enhancement by Treg deple‑
tion. Blood. 2009;114:3431–8.

	46.	 Etxeberria I, Glez-Vaz J, Teijeira Á, Melero I. New emerging targets in 
cancer immunotherapy: CD137/4-1BB costimulatory axis. ESMO Open. 
2020;4:e000733.

	47.	 Dostert C, Grusdat M, Letellier E, Brenner D. The TNF family of ligands and 
receptors: communication modules in the immune system and beyond. 
Physiol Rev. 2019;99:115–60.

	48.	 Van Quickelberghe E, De Sutter D, van Loo G, Eyckerman S, Gevaert K. A 
protein-protein interaction map of the TNF-induced NF-κB signal trans‑
duction pathway. Sci Data. 2018;5:180289.

	49.	 Sheng Y, Li F, Qin Z. TNF receptor 2 makes tumor necrosis factor a friend 
of tumors. Front Immunol. 2018;9:1170.

	50.	 Lei Q, Gu H, Li L, Wu T, Xie W, Li M, Zhao N. TNIP1-mediated TNF-α/NF-κB 
signalling cascade sustains glioma cell proliferation. J Cell Mol Med. 
2020;24:530–8.

	51.	 Wei Q, Singh O, Ekinci C, Gill J, Li M, Mamatjan Y, Karimi S, Bunda S, 
Mansouri S, Aldape K, Zadeh G. TNFα secreted by glioma associated 
macrophages promotes endothelial activation and resistance against 
anti-angiogenic therapy. Acta Neuropathol Commun. 2021;9:67.

	52.	 Watts TH. Tnf/tnfr family members in costimulation of T cell responses. 
Annu Rev Immunol. 2005;23:23–68.

	53.	 Pfeffer K. Biological functions of tumor necrosis factor cytokines and their 
receptors. Cytokine Growth Factor Rev. 2003;14:185–91.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1007/s00262-021-03058-4
https://doi.org/10.1007/s00262-021-03058-4

	Comprehensive analysis of a TNF family based-signature in diffuse gliomas with regard to prognosis and immune significance
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Data collection
	Signature development
	DAVID functional annotation and Gene Set Enrichment Analysis (GSEA)
	Analysis of immune and inflammatory responses
	Statistical analysis

	Results
	The landscape and prognostic value of the TNF family in gliomas
	Identification of a TNF family based-signature in gliomas
	Correlation between TNF family based-signature and pathological features in gliomas
	Different patterns of genomic alterations between low- and high-risk gliomas
	Prognostic analysis of the TNF family based-signature
	A survival prediction model based on the risk signature
	Functional annotation of TNF family based-signature
	Association between the TNF family based-signature and glioma immune and inflammatory response

	Discussion
	Conclusions
	Acknowledgements
	References


