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ABSTRACT	 Objective: Lower grade gliomas (LGGs), classified as World Health Organization (WHO) grade II and grade III gliomas, comprise 

a heterogeneous group with a median survival time ranging from 4–13 years. Accurate prediction of the survival times of LGGs 

remains a major challenge in clinical practice.

Methods: We reviewed the expression data of 865 LGG patients from 5 transcriptomics cohorts. The comparative profile of immune 

genes was analyzed for signature identification and validation. In-house RNAseq and microarray data from the Chinese Glioma 

Genome Atlas (CGGA) dataset were used as training and internal validation cohorts, respectively. The samples from The Cancer 

Genome Atlas (TCGA) and GSE16011 cohorts were used as external validation cohorts, and the real-time PCR of frozen LGG tissue 

samples (n = 36) were used for clinical validation.

Results: A total of 2,214 immune genes were subjected to pairwise comparison to generate 2,449,791 immune-related gene pairs 

(IGPs). A total of 402 IGPs were identified with prognostic values for LGGs. The HOXA9-related and CRH-related scores facilitated 

identification of patients with different prognoses. An immune signature based on 10 IGPs was constructed to stratify patients into 

low and high risk groups, exhibiting different clinical outcomes. A nomogram, combining immune signature, 1p/19q status, and 

tumor grade, was able to predict the overall survival (OS) with c-indices of 0.85, 0.80, 0.80, 0.79, and 0.75 in the training, internal 

validation, external validation, and tissue sample cohorts, respectively.

Conclusions: This study was the first to report a comparative profiling of immune genes in large LGG cohorts. A promising 

individualized immune signature was developed to estimate the survival time for LGG patients.
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Introduction

Glioma is the most common and lethal brain tumor in the 

central nervous system1. According to the World Health 

Organization (WHO) grading system, gliomas are classified 

into grades I–IV based on their histological characteristics2. 

Recent studies have described grade II and III gliomas as 

lower grade gliomas (LGGs)3-5, which are less aggressive than 

grade IV glioblastomas (GBMs). Patients with LGG are rec-

ommended to receive surgical resection combined with radio- 

and/or chemotherapy. However, due to its invasive nature, 

complete resection of LGGs is almost impossible, and local 

recurrence occurs at variable intervals. In addition, a consid-

erable subset of LGGs progress to GBM within months, while 

others remain stable for years. Prediction of LGG survival, 

ranging from 1–15 years, still remains a major challenge. The 

identification of subsets of patients at high risk for recurrence 

and death, who may benefit from additional systemic therapy, 

is therefore urgently needed.

In 2016, the WHO developed a glioma classification sys-

tem based on the integration of multiple genotypic events 

(IDH mutations and 1p/19q co-deletions), highlighting the 

prognostic roles of specific molecular parameters. A growing 

number of studies have proposed gene expression signatures 

for survival stratification of patients with LGG. However, 
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none of them has been incorporated into clinical practice due 

to numerous issues, including overfitting on small discovery 

datasets and lack of clinical validation. The clinical applica-

tion of approaches based on gene expression is also hampered 

by the heterogeneities between datasets and technical bias due 

to the use of multiple measurement platforms. To develop a 

robust signature with higher chances of clinical application, 

novel methods are therefore required for data processing.

Immunotherapy is a promising treatment in multiple can-

cers, including gliomas. Rather than time-honored “immune 

privilege”, it is now clear that immunological disorders are 

involved in initiation and progression of gliomas. We previ-

ously reported that excessive immune response and disorgan-

ized immune microenvironment strongly contributed to the 

short survival of glioma patients6-10. In addition, the validity 

of prognostic prediction has been significantly enhanced by 

integrating clinicopathological and immunological features11. 

In this study, we reviewed the transcriptomic data of 865 

LGGs to develop and validate a signature based on the differ-

ential profiles of immune gene pairs (IGPs). An individualized 

model integrating these immune signatures with clinical char-

acteristics was constructed, to achieve an improved estimate of 

survival times in patients with LGG. 

Material and methods

Patients

In this multiple cohort study, transcriptomics analysis 

was applied to LGG patients from 4 independent cohorts 

(Figure  1A). The expression data were collected from the 

Chinese Glioma Genome Atlas (CGGA, http://www.cgga.

org.cn/index.jsp), The Cancer Genome Atlas (TCGA, http://

cancergenome.nih.gov/) databases, and the Gene Expression 

Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/

geo/query/acc.cgi?acc=gse16011). A total of 865 LGG patients 

were analyzed (Figure 1B). The in-house CGGA RNAseq and 

microarray cohorts were used for training and internal valida-

tion, respectively, and TCGA RNAseq and GSE16011 cohorts 

were analyzed for external validation. This study was approved 

by the Medical Ethics Committee of Beijing Tiantan Hospital  

(Approval No. KY2014-002-02).

Tissue samples and molecular testing

The CGGA patients were treated by members of the CGGA 

group. Tumor tissue samples were collected at the time of 

surgery after obtaining informed consent. Neuropathologists 

established the diagnoses and ensured the quality of tissues 

for molecular testing. Overall survival (OS) was calcu-

lated from the date of diagnosis until death or the end of 

follow-up. The point of death was defined by death certi-

fication, which was obtained from local hospitals or police 

stations.

The tissue samples were immediately snap-frozen in liq-

uid nitrogen after surgery. The percentage of tumor cells was 

assessed by hematoxylin and eosin staining, and the sam-

ples with more than 80% tumor cells were selected for RNA 

extraction. Total RNA from tumor samples was extracted by 

using the RNAprep pure Tissue Kit (Tiangen, Beijing, China) 

according to the manufacturer’s protocols. The concentration 

and optical density of RNA were measured using a NanoDrop 

ND-1000 spectrophotometer (NanoDrop Technologies, 

Wilmington, DE, USA).

The IDH1/2 mutation status was determined by pyrose-

quencing, as previously described12. Loss of 1p and 19q 

chromosome arms was inferred with a Gaussian window 

smoothing algorithm from RNA sequencing data, and exhib-

ited a good concordance with the 1p/19q status determined 

by the SNP array (Mathews correlation coefficient  =  0.94, 

P < 0.0001)13.

Immune gene selection

A total of 2,879 immune-related genes were collected from the 

ImmPort database (https://immport.niaid.nih.gov) and Gene 

Set Enrichment Analysis (GSEA) dataset (http://software.

broadinstitute.org/gsea/index.jsp). Among them, 2,214 immu-

nological genes shared by three transcriptomics cohorts were 

reserved for further analyses (Figure 1C). The immunological 

genes from the ImmPort database were functionally catego-

rized into 10 subsets (antigen processing and presentation, 

antimicrobials, B cell receptor signaling pathway, chemokines, 

chemokine receptors, cytokines, cytokine receptors, natural 

killer cell cytotoxicity, and the T cell receptor signaling path-

way) (Figure 1D).

Functional annotation and analysis

DAVID Bioinformatics Resources, version 6.8 (https://david.

ncifcrf.gov/) was used to provide a comprehensive under-

standing of gene functions and biological processes. A false 

discovery rate less than 0.05 was regarded as statistically 

significant.

http://www.cgga.org.cn/index.jsp
http://www.cgga.org.cn/index.jsp
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Figure 1  Continued
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Figure 1  The study design. (A) Workflow graph of this study. (B) The histogram shows the number of patients collected from 4 cohorts.  
(C) A total of 1,417 and 797 immune-related genes were collected from the Gene Set Enrichment Analysis and ImmPort databases, respec-
tively. (D) The immune-related genes from the ImmPort database were stratified into 7 categories, and the genes for cytokines, cytokine 
receptors, and antigen processing and presentation groups comprised the highest percentages of immune genes.

Assessment of immune cell infiltration

The Microenvironment Cell Populations-counter method14 

and CIBERSORT algorithm with LM22 gene signature, with 

2 deconvolution methods, were used to provide highly pre-

cise quantitative information on the tumor microenviron-

ment (TME) of cell contents in heterogeneous tissues, which 

allowed for sensitive and specific discrimination of the human 

immune cell and stromal cell phenotypes from transcrip-

tome data, including B cells, T cells, natural killer cells, mac-

rophages, dendritic cells, myeloid subsets, endothelial cells, 

and fibroblasts.

Development of IGPs

Qualitative assessment is generally more reliable than quan-

titative assessment in differential gene expression analysis. 

Before developing the gene pairs, we arranged genes in the 

order of the initial letter. The IGPs were analyzed by pairwise 

comparisons of immune genes based on their expression val-

ues. Each IGP was viewed as an independent event with two 

possible outcomes [Gene(i) expression  >  Gene(j) expres-

sion or Gene(i) expression  <  Gene(j) expression]. Briefly, 

patients with the IGPs [Gene(i) expression > Gene(j) expres-

sion] were given a score of 1. Patients with IGPs [Gene(i) 
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expression < Gene(j) expression] were given a score of 0. This 

was repeated for every immune gene pair to generate an IGP 

score for each patient.

Real-time PCR (RT-PCR)

A total of 36 samples, including 13 WHO grade II gliomas (8 

1p/19q intact and 5 co-deletion patients) and 23 WHO grade 

III gliomas (13 1p/19q intact and 10 co-deletion patients), 

were collected to assess the prediction accuracy and clinical 

usefulness of the nomogram model by real-time quantitative 

PCR. Specifically, 1 µg of total RNA was reverse-transcribed 

into cDNA using a RevertAid First Strand cDNA Synthesis Kit 

(Thermo Fisher Scientific, Waltham, MA, USA). The results of 

RT-PCR were normalized to the corresponding glyceraldehyde 

3-phosphate dehydrogenase mRNA levels and the analyses 

were performed in triplicate to remove the outliers. Relative 

gene expression was determined using the 2-dCt method. The 

primers were as follows:

CRH: forward: 5′-GGGAACCTCAACAAGAGCCC-3′, reverse: 

5′-AACACGCGGAAAAAGTTGGC-3′
IFNB1: forward: 5′-GCTTGGATTCCTACAAAGAAGCA-3′, 
reverse: 5′-ATAGATGGTCAATGCGGCGTC-3′
HOXA9: forward: 5′-AAAAACAACCCAGCGAAGGC-3′, 
reverse: 5′-ACCGCTTTTTCCGAGTGGAG-3′
PRG3: forward: 5′-CAACTATCGCATTCAGTGCTGC-3′, 
reverse: 5′-GGGACCAGTAAGCAAAATTCCA-3′
IL10: forward: 5′-TCAAGGCGCATGTGAACTCC-3′, reverse: 

5′-GATGTCAAACTCACTCATGGCT-3′
IL9: forward: 5′-CTCTGTTTGGGCATTCCCTCT-3′, reverse: 

5′-GGGTATCTTGTTTGCATGGTGG-3′
PTH2: forward: 5′-GTAGGGGACTGTGCGGGAAG-3′, 
reverse: 5′-CTCCATCACCTGTGGAGAACC-3′
RETNLB: forward: 5′-AGCTCTCGTGTGCTAGTGTC-3′, 
reverse: 5′-TGAACATCCCACGAACCACA-3′
NKX2-5: FORWARD: 5′-CAAGTGTGCGTCTGCCTTTC-3′, 
reverse: 5′-CGCACAGCTCTTTCTTTTCGG-3′
PRLH: forward: 5′-TGCAAGTCGTACCCATCGG-3′, reverse: 

5′-GGCGTACCAGGCAGGATTG-3′
NKX3-2: forward: 5′-ACCGAGACGCAGGTGAAAAT-3′, 
reverse: 5′-CACCTTTACGGCCACCTTCT-3′
UCN3: forward: 5′-GAGGCACCCGGTACAGATAC-3′, 
reverse: 5′-GAGGGACAGGGTGAACTTGG-3′
NR2C1: forward: 5′-CCAGATTGTGACAGCACTTGA-3′, 
reverse: 5′-CTTGGAGTAGAGCCGTCGT-3′

PRLHR: forward: 5′-TGAGTTCGGCCTGCTACAAC-3′, 
reverse: 5′-CCTGGCTAAGTGGCATCAGA-3′
REG1A: forward: 5′-ACCGGACCATCTCTCCAACT-3′, 
reverse: 5′-AGGGTTCCAAAGACTGGGGT-3′
TRIM31: forward: 5′-CGCAATCAGGTTCAACTCGC-3′, 
reverse: 5′-CTCGGGCATGTAGCCTCTTT-3′
PTX3: forward: 5′-CGAAATAGACAATGGACTCCATCC-3′, 
reverse: 5′-CTCATCTGCGAGTTCTCCAGCA-3.′

Statistical analysis

All figures and statistical analyses were performed based on 

R for Windows, version 3.4.2 (http://www.r-project.org). 

The least absolute shrinkage and selection operator method 

from the glnmet package was used to reduce the overfitting. 

The risk-score formula for predicting survival was developed 

based on the 10 IGPs and the regression coefficient derived 

from Lasso regression analysis. The risk score for each patient 

was calculated as follows:

Risk score  =  (β1×score(IGP1))  +  (β2×score(IGP2))  +  (β3×s 

core(IGP3))  +  (β4×score(IGP4)) + (β5×score(IGP5))  +  (β6×s 

core(IGP6))  +  (β7×score(IGP7))  +  (β8×score(IGP8))  +  (β9×s 

core(IGP9)) + (β10×score(IGP10))

Standard median splits can be used on either continuous or 

ordinal variables to convert them into dichotomous varia-

bles15,16. In the present study, patients were separated into 

low and high risk groups based on the cut-off point (median 

value). The Kaplan-Meier survival curve and log-rank test 

were used to evaluate the differences in OS. Univariate and 

multivariate Cox proportional hazard models were built 

using the Cox proportional hazards function from the sur-

vival package. All independent prognostic factors using 

multivariate analyses were then assessed by using the nom-

ogram. The bootstrap method (B = 1,000) was performed 

to calculate the concordance index (C-index) for each inde-

pendent dataset. P  <  0.05 was considered as statistically 

significant.

Results

Identification of 402 prognostic IGPs

To identify the IGPs for model development, the following 

steps were performed. First, the 2,214 shared immune genes 

were examined by pairwise comparisons to generate 2,449,791 

http://www.r-project.org
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IGPs. Next, we excluded unevenly distributed IGPs (displaying 

over 95% of the scores equal to 1 or 0) from the 3 datasets. 

Then, a total of 15,957 overlapping IGPs were identified for 

further analyses. The prognostic values of the IGPs were evalu-

ated using the log-rank test. There were 4,464, 4,911, and 3,557 

prognostic IGPs in the CGGA RNAseq cohort (training), 

CGGA microarray cohort (internal validation), and TCGA 

RNAseq cohort (external validation), respectively. We found 

that there was a modest overlap of prognostic IGPs (n = 411) 

between these 3 cohorts. After removal of 9 controversial gene 

pairs, we obtained a list of 402 prognostic IGPs.

Functional analysis of IGPs

To verify the prognostic utility of the selected IGPs, we defined 

IGPs with HR > 1 as unfavorable prognostic predictors (UPPs, 

n  =  277), and the others as favorable prognostic predictors 

(FPPs, n  =  125). The genes with higher expressions among 

UPPs or with lower expression among FPPs were identified as 

unfavorable genes (UGs, n = 88). In turn, the other genes were 

defined as favorable genes (FGs, n = 110). We found that FGs 

comprised a larger percentage of cytokine, cytokine receptor, 

and antigen processing genes (P = 0.072). Moreover, 34 genes 

behaving as both FG and UG among prognostic IGPs were 

termed two-side genes (TSGs) (Figure  2A). Figure  2B and 

2D shows that FGs, UGs, and TSGs mainly included genes for 

cytokines, cytokine receptors, and proteins involved in anti-

gen processing and presentation, as well as in natural killer cell 

cytotoxicity.

A gene co-expression network was constructed to evaluate 

the roles of IGPs. Figure 2E shows that the IGP co-expression 

network was represented by 232 unique immune genes. 

Of these, 7 genes with the highest connection degree were 

CD3G, ADAMDEC1, HOXA9, HIST1H2BG, CCR4, CRH, and 
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SERPINB12 (more than 15 connections/interactions). Among 

them, CD3G (n = 50), ADAMDEC1 (n = 37), HOXA9 (n = 28), 

HIST1H2BG (n = 20), and CCR4 (n = 16) were core mem-

bers of the UPP subset, accounting for 54.5% of the total 277 

UPPs. However, CRH (n = 27) and SERPINB12 (n = 18) were 

deemed as the core genes of the FPP subset. Further exam-

ination of the role of the above core genes suggested that 

CD3G, ADAMDEC1, HOXA9, HIST1H2BG, and CCR4 were 

significantly overexpressed in GBM and associated with unfa-

vorable prognoses, while the CRH had a protective function 

(Supplementary Figure S1).

We then used GO analysis to characterize the biological and 

functional annotations of the FGs and UGs. Because these sub-

sets were related to immune functions, there were both simi-

larities and differences with their GO annotations. Figure 2F 

shows that all FGs and UGs were significantly correlated with 

cytokine-cytokine receptor interactions and with responses to 

peptide hormones. In addition, FGs were strongly enriched in 

functions related to myeloid cell differentiation, myeloid leu-

kocyte migration, myeloid leukocyte activation, and positive 

regulation of the JAK-STAT cascade. However, the UGs were 

mainly involved in lymphocyte regulation and physiological 

functions, including second-messenger-mediated signaling, 

skeletal system morphogenesis, and regulation of appetite 

(Figure 2G).

The comparative score of core immune genes 
was a prognostic factor

To determine the prognostic accuracy of the differential 

expression profiles, we developed an HR scoring algorithm 

to calculate the comparative pattern of specific genes. The 

HOXA9-related IGPs were the third highest number of unfa-

vorable gene pairs in 402 prognostic IGPs. There was a total 

of 28 HOXA9-related IGPs. The HR score of HOXA9-related 

IGPs ranged from 0–28 for each patient. Figure 3A shows that 

the majority of LGG patients had a HOXA9-score of 0. Survival 

analysis revealed that these patients had a better prognosis than 

those with a HOXA9-score of 28 (Figure  3B, P  =  0.00015). 

When strata were considered based on the 0–14 score cohorts 

and 15–28 score cohorts, patients in the higher HOXA9-score 

cohorts exhibited a significantly reduced OS compared to those 

in the lower HOXA9-score cohorts (Figure  3C, P  <  0.0001). 

Furthermore, when patients were divided into 5 groups based 

the HOXA9-score, patient survival tended to decrease with an 

increase in the HOXA9-score (Figure 3D, P < 0.0001).

The CRH-related IGPs were the most frequently favorable 

gene pairs in 402 prognostic IGPs. There was a total of 27 

CRH-related IGPs. The HR score of CRH-related IGPs ranged 

from 0–27 for each patient. Similar to the HOXA9-RGPs pre-

diction model, risk prediction on the FPP CRH-score resulted 

in a significant stratification of OS. Specifically, patients with a 

CRH-score of 27 had a better prognosis than those with a CRH-

score of 0 (Figure 3E and 3F, P < 0.0001). When patients were 

classified into 2 or 5 groups based on the CRH-score, a robust 

inverse correlation was observed between the CRH-score and 

survival time (Figure 3G and 3H). These results showed that 

the gene pair patterns of core immune genes enhanced our 

understanding of gene relationships and provided valuable 

information for the management of glioma patients.

Prognostic significance of the immune 
signature in the discovery and validation 
cohorts

To generate an immune signature with prognostic value, 

we conducted LASSO regression based on the 402 prognos-

tic IGPs to minimize the risk of overfitting (Figure  4A and 

4B). Ten IGPs, including 4 UPPs (HOXA9-PRG3, NKX2-5-

PRLH, IL10-IL9, NKX3-2-UCN3) and 6 FPPs (CRH-IFNB1, 

IL9-PTH2, IL9-RETNLB, NR2C1-PTX3, PRLHR-REG1A, and 

PRLHR-TRIM31), were selected using LASSO regression anal-

ysis (Figure 4C).

To determine the prognostic value of the immune signature, 

the median risk value was defined as the cutoff for patient clas-

sification into high or low risk groups. We found that patients 

in the low risk group (median survival: undefined) had a sig-

nificantly longer survival time than patients in the high risk 

group [median survival: 37.76 months; hazard ratio (HR), 

7.58; 95% confidence interval (CI), 4.31–13.31, P  <  0.0001] 

(Figure 4D). The same formula was used for the internal and 

external validation cohorts to further verify the prognostic 

utility of the immune signature. Patients were also divided 

into low and high risk groups according to the cutoff value. As 

expected, patients in the low risk group had a longer survival 

time than patients in the high risk group (CGGA microar-

ray cohort, median survival, undefined vs. 45.8 months. HR, 

7.02; 95% CI, 4.04–12.22, P < 0.0001; TCGA cohort, median 

survival, 134.18 months vs. 62.91 months; HR, 3.51; 95% CI, 

2.26–5.48, P < 0.0001) (Figure 4E and 4F). The results indi-

cated that the identified immune signature had robust prog-

nostic value across different testing platforms.
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Next, patients were stratified based on clinicopatholog-

ical features, including WHO grade (II and III), 1p/19q 

status (co-deletion and intact), IDH status (mutation and 

wild-type), and histology (astrocytoma and oligoastrocy-

toma). In the CGGA RNAseq cohort, the immune signa-

ture was an unfavorable indicator in all stratified analyses 

(Supplementary Figure S2) and patients in the low risk group 

presented a better prognosis than those in the high risk group. 

Furthermore, the high risk group tended to present a poor out-

come in subgroups of the CGGA microarray (Supplementary 

Figure  S3) and TCGA RNAseq (Supplementary Figure  S4) 

cohorts, even if some of the results were statistically margin-

ally significant.

In addition, uni- and multivariate Cox regression analyses 

revealed that the immune signature was an independent prog-

nostic factor for LGG patients in 3 independent cohorts after 
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adjusting for age, sex, WHO grade, IDH status, and 1p/19q sta-

tus (Supplementary Table S1). Moreover, HR analysis showed 

that the presence of the immune signature was a significant 

detrimental factor in nearly all subgroups (Supplementary 

Figure S5). Therefore, the immune signature was a robust pre-

dictor of OS in LGG patients.

Association of the immune signature with 
tumor immune infiltration

To characterize the immune risk score, we analyzed the asso-

ciation between the risk score and clinico-pathological and 

tumor-related immune parameters. The TME composition, 

composed of glioma purity, and human immune cells and 

stromal cells, was deconvoluted using the ESIMATE method, 

MCPcounter, and CIBERSORT algorithm. The glioma samples 

were arranged in order of increasing risk scores (Figure 5A). 

Pearson’s correlation analysis showed that the risk score had a 

significant positive association with the immune and stromal 

scores. Patients in the high immune risk score group mainly 

exhibited higher infiltration of M2-polarized TAMs and T cell 

CD4 resting memory. The infiltration of naïve B cells, acti-

vated mast cells, and plasma cells were significantly higher in 

the lower immune risk group (Figure 5B). In terms of clinical 

characteristics, we found that grade II glioma patients, as well 

as patients with the IDH mutation, 1p/19q codel, and meth-

ylated MGMT promoter were more likely to be in the low 

immune risk score group (Figure 5A).
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Moreover, the cytokine and chemokine environments 

characterizing the low and high immune risk score groups 

were analyzed17. The IDO1, CD274, HAVCR2, PDCD1, 

CTLA4, LAG3, and PD-L2 genes were identified as immune 

checkpoint-relevant transcripts9 (Figure  5C). The CXCL10, 

CXCL9, GZMA, GZMB, PRF1, CD8A, IFNG, and TBX2 genes 

were identified as immune activation-related transcripts 

(Figure 5D). The high immune risk score group exhibited a 

higher expression of immune checkpoint-related genes, while 

the immune activation-related genes displayed a relatively 

poor expression in the low immune risk score group. To gain 

a deeper understanding of the relationships between inflam-

mation and the immune risk scores, 7 lymphocyte-specific 

metagenes, including 7 subtypes of immune inflammation 

response genes, were collected18. Figure  5E shows that the 

activities of MHC I, MHC II, and STAT1 were specifically 

elevated in the high immune risk score group. Together, the 

results indicated that gliomas with higher immune risk scores 

were more likely to possess a more complex physiological 

immune homeostasis.
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Development and validation of a prognostic 
nomogram

To maximize the predictive accuracy, a nomogram combining 

our immune signature with traditional clinical features was 

developed. Three independent covariates (immune signature, 

1p/19q status, and grade) were selected using multivariate 

Cox regression analysis (Figure 6A). The nomogram was able 

to predict OS with a c-index of 0.85, which was significantly 

higher than those obtained with the individual traditional clin-

ical and the combined traditional clinical factors (Figure 6B). 

The calibration plots indicated an optimal agreement between 

the predictions and the observed 1, 2, 3, and 5-year survival 

percentages (Figure 6C).

To test the universality of the identified immune signature 

with respect to other populations and platforms, the nomo-

gram was applied to validation cohorts, yielding c-indices of 

0.80 in the CGGA microarray cohort (internal validation), 

0.80 in TCGA RNAseq cohort (external validation), and 0.79 

in the GSE16011 microarray cohort (independent validation). 

The predicted survival times based on the nomogram were 

highly consistent with the actual survival data from the val-

idation tests (Figure 6D, 6F and Supplementary Figure S6).

We also collected independent tumor tissue samples, includ-

ing 36 LGG patients, for immune signature validation using 

RT-PCR (Figure 6G). The nomogram confirmed its predictive 

robustness in this cohort, with a c-index of 0.75 (Figure 6H). 

These results showed that the nomogram was accurate in 
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predicting patient survival, and proved to be a new potential 

tool for use in clinical practice.

Discussion

Accounting for approximately one-third of adult gliomas, 

LGGs show highly variable clinical behaviors. Subgroups of 

LGG exhibit poor outcomes, similar to GBM, in spite of sub-

stantial differences in histology and genetic background19. 

Discrimination of patients at high risk of death, who might 

benefit from additional intensive treatment, remains one of 

the major clinical challenges. Although great effort has been 

expended in the identification of gene expression-based prog-

nostic signatures, their clinical application is still limited.

In this study, we reviewed gene expression profiles from 

different populations and designed a robust transcriptomic 

comparison method based on microarray, RNAseq, and rou-

tine qPCR technologies. We characterized the prognostic 
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profiles of gene pairs, which resulted in an immune signature 

that allowed for improved estimation of LGG patient survival. 

Conventional methods based on differentially-expressed genes 

are of limited applicability due to differences of the sequencing 

platform and batch effects. The gene-pair comparison method 

minimizes the impact of the batch effect, using differential-

ly-expressed genes at the individual level.

It has been well-established that innate and adaptive 

immune systems promote glioma malignancy by multiple 

mechanisms20-22. Recent studies proposed immunotherapy 

as a promising strategy for glioma23-25. In comparison with 

GBM, LGG displays moderate immune-mediated reactions 

characterized by weakened local immune response and lower 

immune cell infiltration26. We previously reported an immune 

gene signature for GBM, suggesting that the estimation of 

immune genes was a valuable strategy for prognosis and pre-

diction of treatment effectiveness27. However, few immuno-

logical signatures have been established for LGG. Here, an 

immune signature was established based on pair-wise com-

parisons. Unlike traditional methods for the normalization of 

gene expression data, this approach was based on comparative 

gene expressions, which provided more reliable results, avoid-

ing the heterogeneity between data sets and technical bias 

related to the diversity of measurement platforms. Therefore, 

this signature exhibited a robust predictive performance across 

different platforms and populations.

A total of 402 IGPs, including 277 UPPs and 125 FPPs, 

exhibited high prognostic consistency for LGG across 3 distinct 

datasets. The GO analyses revealed that FG-related immune 

functions, such as myeloid leukocyte differentiation, activa-

tion, and migration were closely correlated with the promo-

tion of an anti-tumor immune responses and with a favora-

ble prognosis for LGG patients. HOXA9 and CRH were core 

genes, which were more frequent among the IGPs. HOXA9 is 

a homeodomain-containing transcription factor, predicting 

poor survival in patients with leukemia28, ovarian cancer29 

and breast cancer30. CRH is a peptide hormone involved in 

the response of stress and inflammation31,32. The role of these 

factors in other cancers is consistent with our findings, which 

further confirmed the potential suitability of HOXA9 and 

CRH status as predictors of clinical outcome. Moreover, our 

HR scoring system proved an excellent predictor of survival, 

providing a model for risk stratification based on core gene 

comparative profiles.

In this study, an immune signature was developed based on 

the profiling of 402 IGPs. After reducing the overfitting of the 

gene pairs profile by the LASSO regression model, a risk signa-

ture for glioma was developed, based on 10 comparative gene 

pairs. IL10 was the one of the key interleukins composed of 

unfavorable IGPs. Interleukin 10 encoded by the IL10 gene, is 

an anti-inflammation cytokine33. IL10 is involved in ERK1/2, 

p38, and NF-kB signaling, and down-regulates co-stimulatory 

molecules on macrophages34. Macrophages are key cells in the 

innate immune system. They phagocytose pathogens and cel-

lular debris, promote inflammation, and have important roles 

in tumor immunity35-37. Depending on the microenviron-

ment, macrophages can polarize to M1 (inflammatory) or M2 

(anti-inflammatory) phenotypes. Rafael et al.38,39 found that 

the IL-10/IL-10R axis was required for polarization of micro-

glia to the M2-like phenotype, and promoteed tumor growth 

in an IL-10-dependent manner. In addition, M2-polarized 

TAMs promoted tumorigenesis, the epithelial-mesenchymal 

transition, proliferation, and infiltration through the IL10-

related signaling pathway in cancers40-42.

Because of the robust relationship between genes, the 

immune signature retained its prognostic significance in 3 

large LGG cohorts tested by RNAseq or microarray platforms. 

Furthermore, the immune signature, either as a continuous 

or categorical variable, was an independent prognostic factor, 

after adjustment for clinical and molecular characteristics. 

These findings highlighted the potential of the immune signa-

ture as a new tool to improve prognostic accuracy.

Based on the analysis of the relationship between the 

immune signature and the TME, we found that patients in the 

high risk group had a high number of specific immune cell 

populations (T cells, CD8+ T cells, cytolytic lymphocytes, and 

monocytic lineage), and exhibited elevated expressions of genes 

involved in T-cell activation (CXCL10, CXCL9, GZMA, GZMB, 

PRF1, and TBX2), antigen presentation (MHC I and MHC 

II), and interferon signal transduction (STAT1). In addition, 

the immune checkpoints (PDCD1, CD274, PD-L2, HAVCR2, 

CTLA4, LAG3, and IDO1), which block T cell activation, were 

significantly upregulated in patients from the high risk group. 

This observation indicated that patients with a high immune 

risk score tended to have more complex interactions between 

gliomas and their immunological microenvironments.

Although numerous valuable prognostic factors are known, 

the appropriate combination of markers for individualized 

prognostic predictions is still needed. Nomograms are graph-

ical depictions of predictive statistical models, with a proven 

advantage over traditional systems for individualized predic-

tion, and have been developed for various types of cancers43. 
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To date, the assessment of nomograms has been rarely con-

ducted for LGG patients. Here, we developed a nomogram 

prediction module by integrating the identified immune sig-

natures with routine clinical features to predict 1-year, 2-year, 

3-year, and 5-year survival in LGG patients. The nomogram 

module exhibited more accurate projections in predicting OS 

than other prognosis markers reported in previous studies44.

We recognize some limitations in this study. First, some 

important molecular markers, including TERT, MGMT, 

CDKN2A/B, were not collected from TCGA, CGGA, and 

GSE16011 cohorts. Second, the GSE16011 and TCGA cohorts 

did not provide information of the extents of surgical resec-

tions. Third, there was some missing data of the 1p/19q status 

and IDH status in the GSE16011 cohort.

To our knowledge, this nomogram was the first to apply a 

gene comparison approach to gliomas, and exhibited excellent 

predictive accuracy across RNAseq, microarray, and qPCR 

cohorts. The nomogram provided an individualized and com-

prehensive estimate of the prognostic risks and may substan-

tially contribute to clinical management decisions.

Conclusions

In the present study, we first profiled the comparative pattern 

of immune genes and identified an immune signature based 

on 10 gene pairs with independent prognostic values of LGG 

patients. We established an individualized prognostic model 

combining the immune signatures with clinical information. 

Our study possessed good versatility and efficiency, large RNA 

sequencing cohorts for discovery and validation, and a robust 

validity based on RT-PCR. However, our study was limited due 

to its retrospective nature and should be validated by future 

studies. Overall, our findings provided clues to estimate the 

survival of LGG patients, and has great promise for the identi-

fication of novel molecular targets.
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