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Objective: As a prevalent and infiltrative cancer type of the central nervous system, the prognosis of lower-grade glioma (LGG) in adults is highly heterogeneous. Recent evidence has demonstrated the prognostic value of the mRNA expression-based stemness index (mRNAsi) in LGG. Our aim was to develop a stemness index-based signature (SI-signature) for risk stratification and survival prediction.

Methods: Differentially expressed genes (DEGs) between LGG in the Cancer Genome Atlas (TCGA) and normal brain tissue samples from the Genotype-Tissue Expression (GTEx) project were screened out, and the weighted gene correlation network analysis (WGCNA) was employed to identify the mRNAsi-related gene sets. Meanwhile, the Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment analyses were performed for the functional annotation of the key genes. ESTIMATE was used to calculate tumor purity for acquiring the correct mRNAsi. Differences in overall survival (OS) between the high and low mRNAsi (corrected mRNAsi) groups were compared using the Kaplan Meier analysis. By combining the Lasso regression with univariate and multivariate Cox regression, the SI-signature was constructed and validated using the Chinese Glioma Genome Atlas (CGGA).

Results: There was a significant difference in OS between the high and low mRNAsi groups, which was also observed in the two corrected mRNAsi groups. Based on threshold limits, 86 DEGs were most significantly associated with mRNAsi via WGCNA. Seven genes (ADAP2, ALOX5AP, APOBEC3C, FCGRT, GNG5, LRRC25, and SP100) were selected to establish a risk signature for primary LGG. The ROC curves showed a fair performance in survival prediction in both the TCGA and the CGGA validation cohorts. Univariate and multivariate Cox regression revealed that the risk group was an independent prognostic factor in primary LGG. The nomogram was developed based on clinical parameters integrated with the risk signature, and its accuracy for predicting 3- and 5-years survival was assessed by the concordance index, the area under the curve of the time-dependent receiver operating characteristics curve, and calibration curves.

Conclusion: The SI-signature with seven genes could serve as an independent predictor, and suggests the importance of stemness features in risk stratification and survival prediction in primary LGG.
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INTRODUCTION

Lower grade glioma is one of the prevalent and infiltrative types of primary malignant intracranial tumors in adults, the main components of which are diffuse low-grade and intermediate-grade gliomas (Ceccarelli et al., 2016; Ostrom et al., 2018). Despite comprehensive regimens that involve maximum surgical resection and subsequent radiotherapy and chemotherapy, the prognosis of LGG has not improved in the past four decades (Claus et al., 2015). Due to the great intrinsically biological and clinical heterogeneity, the overall survival (OS) of LGG estimates a range from 1 to 15 years, and the response to standard treatment varies from person to person (Cancer Genome Atlas Research et al., 2015). Although the histopathological classification of LGG has traditionally used to predict clinical outcomes, there remains a high intraobserver and interobserver variability, and is often hard to accurately predict outcomes even within the same grade (Coons et al., 1997; van den Bent, 2010). Therefore, it is imperative to search for novel molecular biomarkers for LGG genetic classification. Recently, the 2016 WHO brain tumor classification established the molecular markers for subclassification, including the chromosomal 1p and 19q (chr1p/19q) co-deletion, the isocitrate dehydrogenase (IDH) mutation, and the histone 3 mutational status. However, it seems that these widely utilized biomarkers have provided useful but insufficient prediction for risk stratification of patients with LGG, especially in genetically heterogeneous populations. Thus, novel prognostic parameters are urgently needed to develop and improve the stratification of LGG with the use of multiple advanced molecular platforms.

The complexity and heterogeneity of glioma cells is not only related to its genetic polymorphisms, but also to the characteristics of the microenvironment, such as stemness features and oncogenic and tumor suppressive pathways (Venteicher et al., 2017; Dirkse et al., 2019). Recent advancements have revealed that the populations of glioma stem-like cells are associated with the radio- and chemo-resistance, and with prognosis and tumor recurrence (Yi et al., 2016; Roos et al., 2017). To our knowledge, stemness features have been extracted by the novel stemness indices, including DNA methylation-based stemness index (mDNAsi), mRNA expression-based stemness index (mRNAsi) (Malta et al., 2018). Besides, Pan et al. (2019) developed a 13-gene prognostic signature based on mRNAsi, which suggested the stemness of cancer stem cells (CSCs) and the unfavorable prognosis. However, no study has previously attempted to identify the prognostic and predictive value of stem cell-related genes in LGG.

The scores of mRNAsi in LGG were computed using a one-class logistic regression machine learning algorithm (OCLR), and Tathiane et al. found a strong relationship between mRNAsi and prognosis of glioma, which provided new insights into stratification tumors with distinct clinical outcomes (Malta et al., 2018). However, that study mainly focused on comprehensive pan-cancer analysis. Despite the significant association observed between mRNAsi and OS, however, it was investigated based only on the level of bulky tumor. It is reasonable to take the tumor purity into account in order to further investigate the prognostic value of the stemness index in tumor parenchyma. In addition, a series of genes related to mRNAsi have not been analyzed in detail, and their biological function is also unknown. Meanwhile, the univariable and multivariable survival analyses of predominant clinicopathological factors (age, gender, IDH status, radiation, and chemotherapy status, etc.) and genes related to mRNAsi have not been explored in different cohorts. In order to identify the genes related to mRNAsi, the weighted gene correlation network analysis (WGCNA) was employed. This method takes the interrelation of genes into account for structure generation, instead of regarding genes as single entities. WGCNA has been applied to identify trait-related preserved modules for discovering the key genes (Zhang and Horvath, 2005; Langfelder and Horvath, 2008; Liang et al., 2019).

In addition, the ESTIMATE (Estimation of Stromal and Immune cells in MAlignant Tumor tissues using Expression data) algorithm is one of the most common methods to calculate the tumor purity, and is based on scores related to the level of immune cells infiltration and stromal cells in tumor tissues (Yoshihara et al., 2013). In the current study, the primary purpose was to identify the prognostic value of high- and low-score groups based on the mRNAsi or mRNAsi/purity in a Kaplan-Meier survival analysis. Next, differentially expressed genes (DEGs) were screened from The Cancer Genome Atlas (TCGA) database and the Genotype-Tissue Expression (GTEx) database. Subsequently, the WGCNA was applied for identifying the hub gene clusters and for selecting the stemness indices associated key genes in LGG. Meanwhile, the Gene Ontology and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis was employed for function annotation. Finally, the stemness-index associated gene signature was established and validated in the TCGA database and the Chinese Glioma Genome Atlas (CGGA) database, which were used for internal and external validation, respectively.



MATERIALS AND METHODS


Data Source

The high-throughput RNA-seq data of 529 patients with LGG from the TCGA database and 1,152 normal brain tissue samples from the GTEx project were downloaded from the University of California Santa Cruz (UCSC) Xena website1. The gene expression profiles were quantified by fragments per kilobase of transcript per million mapped reads (FPKM) normalized estimation and log2-based transformation. Next, DEGs were selected by the “limma” package of R software under the threshold of absolute value of the log2-transformed fold change (FC) > 1 and the adjusted P-value (adj.P) < 0.05. Besides, the ComBat method was performed to remove the batch effects using the R package “sva.”



Acquisition of Stemness Index Based on RNA-Seq

Malta et al. (2018) provided a novel analysis for an oncogenic dedifferentiation evaluation that considered the mRNAsi. The mRNAsi scores of the LGG samples were calculated when a one-class logistic regression machine learning algorithm (OCLR) was applied to LGG datasets from TCGA. The gene expression-based stemness index was represented using β values ranging from zero (no gene expression) to one (complete gene expression). The mRNAsi was obtained from the multiplatform analysis based on this previous research.



Weighted Gene Correlation Network Analysis for Building Stemness-Index Associated Preserved Modules

The WGCNA was developed to discover the correlations among genes by constructing significant modules. The WGCNA analysis was performed by the “WGCNA package” for R (version 1.61)2 (Langfelder and Horvath, 2008).

Initially, the LGG transcriptome in the TCGA database was taken as a data source. The correlation of the expression levels of 5490 DEGs was analyzed with high precision and accuracy, which was a prerequisite for a WGCNA network development. Next, a parameter β was set based on the correlations of each DEG, which contributed to achieve a scale-free co-expression network. Next, the “blockwiseModules” function was carried out for constructing the network and detecting modules. Furthermore, the relationship between the modules and mRNAsi score was investigated, and the preserved module was determined by the top ranked modules with the strongest connections.

Finally, the key genes from the preserved module were explored. The Inclusive criterion for screening key genes was as follows: correlation (cor.) Gene GS > 0.5 and cor. Gene MM > 0.8 (Pan et al., 2019). Gene significance (GS) was calculated to measure the correlation between genes and sample traits (the values of mRNAsi), and Module Membership (MM) was used to assess the correlation between gene expression profiles and module eigengene. The associations among eigengenes, MM, and sample traits were assessed by Pearson’s correlation.



Evaluation and Bioinformatics Analysis of Key Genes

The different expression levels of each key gene were visualized in a heatmap, which was retrieved from the normal tissue and tumor tissue. In addition, the interactions among key genes was visualized in a heatmap based on correlations. Moreover, the identification of the functional annotation was another vital step in the exploration of the potential mechanism of key genes. Thus, gene ontology (GO) enrichment analysis (Gene Ontology Constorium, 2015 and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000; Wanggou et al., 2016) signaling pathways were performed on a list of key genes. The visualization of results was implemented with the R “ggplot2” package. A P value < 0.05, and a false discovery rate (FDR) < 0.05 were considered to determine statistical significance.



Inclusive and Exclusive Criteria of Enrolled Patients for the Construction of the Risk Signature

Inclusion criteria included: (1) patients who suffered from primary LGG (except for recurrent LGG), (2) complete clinicopathological feature, (3) diagnosed with WHO grade II or III glioma, (4) the RNA-sequencing data of samples was available, (5) the OS was set as the primary endpoint, and (6) patients with a minimum follow-up of 90 days.

The exclusive criteria were as follows: (1) patients with a pathological diagnosis of recurrence LGG, (2) patients who suffered from brain tumors other than LGG, and (3) absent survival status and clinicopathological parameters.



Survival Analysis of mRNAsi

ESTIMATE, an algorithm based on a web tool3 provided information for the purity of the tumor tissue calculation (Yoshihara et al., 2013). The data of mRNA expression-based stemness index was calculated for each sample, and the Kaplan Meier analysis for samples with the high and low mRNAsi set was carried out. In view of the effects of tumor purity on the corresponding mRNAsi, the corrected mRNAsi (mRNAsi/tumor purity) was included. From another perspective, the survival rate between the high and low mRNAsi groups was re-compared using a Kaplan Meier analysis based on the corrected mRNAsi scores.



Construction of a Prognostic Signature

A univariate Cox regression analysis was performed by the “survival” package in R to identify genes that are highly associated with and crucial for survival. The prognostic key genes were then further optimized by the least absolute shrinkage and selection operator (LASSO) regression model, using the R package “glmnet.” After completing the variable selection and the shrinkage of prognostic key genes, a stepwise multivariate Cox regression analysis was performed to generate the risk score model. The following formula was built based on the coefficients and expression levels for each gene.
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Where k indicates the number of signature genes, β is equal to the coefficient index, and Si represents the expression level of key genes.

Afterward, using the “survminer” package in R (Li et al., 2019), the optimum cutoff value was obtained, and the primary LGG patients in the TCGA database were clustered into high-risk and low-risk groups. The gap of survival rates between the two groups was tested by the Kaplan–Meier analysis. The time dependent ROC was plotted in order to determine whether the risk score can accurately predict the survival status. Finally, the expression distributions of signature genes were shown in a heatmap using the “ComplexHeatmap” R package. The risk plot showed that the LGG patients in the TCGA database sorted by the rank of corresponding risk score.



Prognostic Value of the Seven-Gene-Based Signature

The patients suffering from primary LGG in the TCGA dataset were randomly categorized into the training group (accounting for 70%) and internal validation group (accounting for 30%) by using the “caret” package4. The risk scores and the corresponding clinical variants, including age, gender, grade, radiotherapy, chemotherapy, and IDH status were subjected to univariate and multivariate Cox model. Subsequently, proportional hazards assumption for different variables (Therneau, 1994) was examined by the scaled Schoenfeld residuals (Schoenfeld, 1982; R Development Core Team, 2014). In order to achieve the clinical application of survival prediction model, a prognostic nomogram was then constructed based on the outcomes of the multivariate Cox regression analysis (method = “enter”). Using the “rms,” “foreign,” and “survival” R packages, the nomogram was plotted based on the prognostic signature and six clinicopathology factors for the purpose of predicting 3-, and 5-OS of LGG. Furthermore, the concordance index (C-index) (Harrell et al., 1996) was employed to quantify predictive accuracies by using “survival” and “pec” package. Using the “timeROC” package of R, the time-dependent ROC curve was performed to estimate the prognostic power of the nomogram. To compare the accuracy and discrimination of different models (containing model 1: SI-risk signature; model 2: mRNAsi; model 3: corrected mRNAsi; model 4: six predominant clinic-pathological factors; model 5: model 4 + SI-risk signature), the net reclassification improvement (NRI) and the integrated discrimination improvement (IDI) were applied by using “survIDINRI” package (Pencina et al., 2008). Calibration curves were employed to evaluate the agreement between the observed and the predicted probability (3- and 5-years OS) in the nomogram. The bootstrap method with 1,000 resamples were utilized to evaluate both discrimination and calibration.



External Validation of the Prognostic Signature

Another primary LGG of gene expression information and related predominant clinical and prognostic factors were downloaded from the CGGA platform5. A total of 353 samples were enrolled for external validation of the risk signature. The samples were uniformly divided into two distinct groups according to the same cutoff value (1.495), and the Kaplan–Meier analysis was employed to assess the high-risk and low-risk groups. Afterward, the ROC curve analysis was used to assess the discriminatory power of the risk score in the external validation set. Further, a heatmap was generated to show the gene expression distributions of signature genes in the CGGA database, and the risk plot showed the distribution of the LGG patients according to their individual risk score. Similarly, the C-index, the time-dependent ROC curves, and calibration curves (bootstrap method with 1,000 resamples) were compared to determine the performance of the risk signature.



Cancer Cell Line Encyclopedia (CCLE) and Protein Expression Verification

The mRNA expression of seven genes profiled by RNA-Seq extracted from database available at The Cancer Cell Line Encyclopedia (CCLE)6 (Barretina et al., 2012). This portal covers genomic and expression data for more than 1000 cell lines from various tumors. The expression level of seven genes were analyzed in different types of cancer including LGG using CCLE. Cell lines of LGG were preliminary confirmed through six dedicated websites7 and only the consistent LGG cell lines be retained. In addition, the protein expression levels of the seven genes between glioma tissue and normal control were analyzed using Human Protein Atlas database8, and the data were visualized using immunohistochemistry staining.



Statistical Analysis

The statistical analysis in our exploratory study was carried out using the R software (version 3.6.0)9. For differentially expressed gene selection, the Wilcoxon test was performed. The OCLR method was implemented with the “gelnet” package1 with default parameters (Sokolov et al., 2016). Pearson’s chi-square tests and Kruskal–Wallis tests were used to detect the variables difference. An analysis of the distinctness of survival between the two risk groups was illustrated by the Kaplan–Meier curve (Klein and Moeschberger, 1997) with the Wilcoxon logrank test using the R package KMsurv. The univariate Cox regression analysis and multivariate Cox regression analysis were performed to assess the association between the factors and OS (Therneau, 2015). A p < 0.05 was deemed as statistically significant.



RESULTS


Data Processing


Identification of DEGs

The overview of the stemness index-related signature development and validation workflow is summarized in Figure 1. A total of 774 patients with primary LGG were enrolled in the generation of the stemness indices-associated risk signature, and the clinicopathological characteristics are listed in Table 1. The RNA-seq data (level 3) of 1,152 normal brain tissue samples and 529 LGG samples from GTEx projects and the TCGA were screened by the limma package. Before the identification of DEGs, the normalization and batch effect removal were tested. As illustrated in Supplementary Figures S1A,C, it performed well in normalization. Correspondingly, TCGA and GTEx samples separated obviously (Supplementary Figures S1B,D). Altogether, using the cutoff of significance of the absolute value of the log2-transformed fold change (FC) > 1 and the adjusted P value (adj.P) < 0.05, the differential expression analysis between 1,152 normal control samples and 529 LGG identified a cohort of 5,490 DEGs, of which 2,718 were upregulated and 2,772 were downregulated (Supplementary Figures S2A,B).


[image: image]

FIGURE 1. Flowchart presenting the process of establishing the stemness index-related signature.



TABLE 1. Clinicopathological characteristics of primary LGG patients from the TCGA and CGGA databases.
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mRNAsi Mining

Gene expression-based stemness indices for LGG were extracted by the one-class logistic regression machine learning algorithm (OCLR) (Malta et al., 2018). A cohort of LGG samples stratified by the mRNAsi, which is based on the stemness index model, were utilized for the integrative analyses.



WGCNA: Construction the Correlation Matrix of mRNAsi and Module Eigengene Values


Data Acquisition

Using the TCGA database, a WGCNA network was constructed by the WGCNA package for the purpose of identifying stemness indices-related modules. The LGG transcriptome in the TCGA database was employed as the primary source for the analysis. Afterward, a global view of RNA-seq data analysis specific to LGG were provided by the WGCNA.

After data preprocessing, a correlation analysis of 5,490 DEGs was conducted, and the soft threshold power of β was 5 (scale-free R2 = 0.9) to assure a scale-free topology model (Supplementary Figure S3A). A total of 5,490 DEGs were screened for further analysis according to the exclusion criteria.

Next, a clustering analysis on this basis for LGG identified a total of eleven diverse modules (module size ≥ 50 and cut height ≥ 0.25) in the network (purple, turquoise, black, brown, magenta, green, red, yellow, blue, pink, and gray). Genes in the same color module demonstrated common gene expression patterns (Supplementary Figure S3B).



Identification of Modules Associated With Stemness Indexes of LGG

Fold enrichment > 1 and p < 0.05 was regarded as the statistical threshold of significance for mRNAsi associated modules selection. There were ten sets of genes (modules) identified that were significantly associated with mRNAsi. The purple, brown, magenta, red, and gray modules were correlated negatively with mRNAsi (MEpurple:r = −0.094, P = 0.04, MEbrown:r = −0.77, P = 3E–100, MEmagenta:r = −0.27, P = 4E–10, MEred:r = −0.11, P = 0.01, MEgray:r = −0.13, P = 0.005). The turquoise, black, yellow, blue, and pink modules were correlated positively to mRNAsi (MEturquoise:r = 0.29, P = 3E–11, MEblack:r = 0.15, P = 0.001, MEyellow:r = 0.36, P = E–16, MEblue:r = 0.6, P = 4E–49, MEgray:r = 0.37, P = 2E–17) (Figure 2 and Supplementary Figure S3).
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FIGURE 2. The analysis of the weighted gene correlation network analysis (WGCNA) modules showed that there were ten sets of genes (modules) significantly associated with mRNAsi. The purple, brown, magenta, red, and gray modules were correlated negatively with mRNAsi.


The module-trait relationships showed that the brown module was most significantly related to mRNAsi, with the highest correlation value (r = −0.77, P = 3E–100). Thus, the brown module was selected for subsequent analyses to explore key genes.

Based on the threshold limits (cor. gene GS > 0.5 and cor. gene MM > 0.8), 86 out of 748 hub genes were identified after selection in the brown module.



Analysis and Functional Annotation of Key Genes in the Brown Module


Analysis of Key Genes in the Brown Module

The expression values of each key gene were retrieved from the normal control tissue and tumor tissue, which were visualized as heatmap (Supplementary Figure S4A). The heatmap showed that most of the key genes had median expression levels in tumor tissue, whereas CD74 Molecule (CD74), major histocompatibility complex, class I, E (HLA-E), major histocompatibility complex, class II, DR Alpha (HLA-DRA), major histocompatibility complex, class II, DR Beta 1 (HLA-DRB1), complement C1q B chain (C1QB), complement C1q A chain (C1QA), and complement C1q C chain (C1QC) exhibited the higher expression in samples from cancer patients. The correlation analyses between key genes were also visualized as a heatmap (Supplementary Figure S4B).



Functional Annotation of Genes Related to mRNAsi

The Gene ontology enrichment analysis was executed for further describing the function of the key genes. In total 30 GO biological processes consisting of 10 biological processes (BP) terms (regulation of leukocyte activation, etc.), 10 cellular components (CC) terms (secretory granule membrane, etc.), and 10 molecular functions (MF) terms (peptide binding, etc.) were enriched (Figure 3A).
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FIGURE 3. Gene Ontology (GO) and KEGG pathway analyses. In total, 30 GO biological process consisting of 10 biological processes (BP) terms, 10 cellular components (CC) terms, and 10 molecular functions (MF) terms were enriched (A). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis (B).


In addition, KEGG signaling pathway analysis indicated that the key genes were significantly enriched in 30 pathways, and several pathways were immune-related, such as antigen processing and presentation and cell adhesion molecules (CAMs) (Figure 3B). The above results suggest the potential regulatory mechanism of mRNAsi-associated genes in the development of LGG.



Survival Analysis of mRNAsi

After calculating the mRNAsi for all LGG samples, a cohort of 447 patients with LGG were classified into either a high mRNAsi score group or a low mRNAsi score group, using the optimum cutoff value of 0.354. The survival curves showed that the OS values were significantly different between the two groups (P = 9.676E–4), based on Kaplan-Meier survival analysis (Supplementary Figure S5A).

Considering the interferences of tumor purity, the corrected mRNAsi (mRNAsi/tumor purity) was adopted. By applying ESTIMATE (Yoshihara et al., 2013), the tumor purity was calculated in any given LGG sample.

Similar results were also observed when the Kaplan-Meier survival analysis was applied to all the 463 samples based on corrected mRNAsi. There was a significant difference in OS between high mRNAsi score group and low mRNAsi score group (P = 5.019E–4) (Supplementary Figure S5B).



Identification of Key Prognostic Genes in Primary LGG

To find out the prognostic value of stemness-index associated genes, 86 key genes were tested by univariate Cox regression analysis. It was found that 80 genes were significantly associated with OS in primary LGG. Surprisingly, all prognostic key genes were identified as risk factors (Figure 4).
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FIGURE 4. Forest plot showing the hazard ratios from the univariate Cox regression analysis.




Construction of Stemness-Index Associated Prognostic Signatures

Taking co-linearity into account, 80 key prognosis-related genes were subjected to LASSO Cox regression. A set of 11 key genes were then included in the subsequent analysis with non-zero regression coefficients. Next, 7 key genes were filtered and optimized for constructing a risk signature when implementing the stepwise multivariable Cox regression analysis (Table 2). The 7 key genes contained ArfGAP with dual PH domains 2 (ADAP2), arachidonate 5-lipoxygenase activating protein (ALOX5AP), apolipoprotein B mRNA editing enzyme catalytic subunit 3C (APOBEC3C), Fc fragment of IgG receptor and transporter (FCGRT), G protein subunit gamma 5 (GNG5), leucine rich repeat containing 25 (LRRC25), and SP100 nuclear antigen (SP100). Finally, a risk score formula was developed based on the seven key genes along with their individual coefficients and expression level, which was defined as follows: (−0.88603 × expression level of ADAP2) + (0.416964 × expression level of ALOX- 5AP) + (0.914674 × expression level of APOBE- C3C) + (−0.73585 × expression level of FCGRT) + (0.631697 × expression level of GNG5) + (−0.64501 × expression level of LRRC25) + (0.745358 × expression level of SP100).


TABLE 2. Results of the seven key genes in the multivariable Cox regression analysis.
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Evaluation of Survival Predicts the Accuracy of Seven-Gene-Based Signature

The robustness of the seven stemness-index associated genes was validated by evaluating the ability of stratifying the high-or low-risk group in TCGA datasets. Patients with primary LGG were dichotomized into high- (risk score ≥ 1.495) or low-risk group (risk score < 1.495) based on the optimal cutoff values. The Kaplan–Meier survival curve analysis showed that different risk groups by this risk scoring system were significantly linked with OS (Figure 5A). Next, the 1y-, 3y-, and 5y-AUC of the time-dependent ROC were 0.899, 0.875, and 0.778, respectively (Figure 5B), confirming the satisfactory prediction efficiency of the seven-gene stemness index-based signature in OS. Furthermore, as observed in the heatmap, FCGRT and GNG5 had the highest expression levels, whereas LRRC25, SP100, ALOX5AP, ADAP2, and APOBEC3C exhibited low and medium expression levels (Figure 5C). Consecutively, the distribution of risk scores and survival status showed that patients with a risk score of 1.495 or higher generally had poorer survival when compared with another group (Figure 5D).
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FIGURE 5. Construction of a risk score based on the seven stemness indices-related gene signature in the TCGA cohort. (A) Kaplan-Meier analysis of OS for low-risk and high-risk patients in the training cohort. Additionally, the table indicating the number at risk for each group at corresponding time points. (B) The time-dependent receiver operating characteristics (ROC) curve for 1-, 3-, and 5-year OS predictions for stemness-index related risk signature. (C) Heatmap showing the distribution of the expression of the seven genes of the stemness index in the TCGA cohort. (D) Risk plot presenting each point sorted based on risk score, representing one patient. Green and red points represent patients with low- and high-risk, respectively.




Prognostic Value of the Seven Gene-Based Signature

A cohort of 421 patients with primary LGG in the TCGA database were classified into training set (n = 297) and internal validation set (n = 124) randomly at a ratio of 7:3. In consideration of the prognostic value of the stemness-index associated signature, the risk score was set as a potential factor and explored by the univariable and multivariable Cox regression analysis. The forest plot of the univariable Cox regression analysis, based on 6 clinicopathologic features showed that risk group (HR = 6.648, p < 0.001), age (HR = 3.573, p < 0.001), grade (HR = 2.864, p < 0.001), radiation therapy (HR = 2.137, p = 0.014), and IDH status (HR = 0.143, p < 0.001) were prognostic elements associated with OS (Figure 6A). Next, the results revealed that risk (HR = 4.545, p < 0.001), age (HR = 3.399, p < 0.001), and IDH status (HR = 0.330, p < 0.001) were statistically significant in multivariable Cox regression analyses (Figure 6B).
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FIGURE 6. Development of a prognostic stemness indices-related gene signature for primary low-grade glioma (LGG). (A) Univariable Cox regression analysis for the training cohort. (B) Multivariable Cox regression analysis for the training cohort. (C) A nomogram including risk score and other clinical features for predicting 3- and 5-years overall survival (OS) of primary LGG. (D) Time-dependent receiver operating characteristics (ROC) curve analysis for 3- and 5-years OS predictions for the nomogram compared with actual observations. Calibration plot of nomogram for predicting probabilities of 3- (E) and 5-year (F) OS of primary LGG patients in the TCGA database.


Based on the above results, the nomogram was established for predicting primary LGG 3- and 5-years survival, which integrated both the unique risk score and clinicopathologic variables (Figure 6C). The C-index of the nomogram was 0.8701 (95% CI; 0.8358–0.9044). The area under the curves (AUCs) of the 3- and 5-years OS predictions for the constructed nomogram were 0.905, and 0.837 in the training set, respectively (Figure 6D). Meanwhile, the calibration curves for this nomogram were developed and plotted in Figures 6E,F.

In addition, the comparison of the accuracy and discrimination in five models were conducted. The c-indexes of five models were 0.775, 0.658, 0.615, 0.852, and 0.870, respectively (Figure 7A). Moreover, as shown in Table 3, when defined the model 1 as the reference, the continuous NRI for the 1y-, 3y-follow ups were significant lower in mRNAsi group (model 2) with NRIs were -0.598 (P = 0.01) and -0.548 (P = 0.022). Correspondingly, the continuous NRI for the 1y-, 3y-follow ups were also significant lower in corrected mRNAsi group (model 3), with NRIs were -0.663 (P < 0.001) and -0.508 (p < 0.001). Conversely, the 1y-, 3y-NRI were significantly improved in model 4 and model 5 with NRIs were 0.458 (P = 0.016), 0.317 (P = 0.028), 0.708 (P < 0.001), and 0.433 (P < 0.001). Furthermore, the comparison between the model 4 and model 5 was also conducted. The 1y-, 3y-NRIs were also significant higher in model 5 (comprising all the seven factors in nomogram).
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FIGURE 7. (A) The calculation of the C-indexes in five models. (B–D) Internal validation of a prognostic stemness index-related gene signature for primary LGG. (B) Time-dependent ROC curve of the seven-gene-based risk score for 3- and 5-year OS probability in the internal validation cohort. Calibration plot for internal validation of 3- (C) and 5-year (D) OS of primary LGG patients.



TABLE 3. Comprehensive comparison of the accuracy and discrimination in five models.

[image: Table 3]Moreover, the 3y-, 5y IDI were significantly decreased in model 2 (IDI = -0.146 and -0.189). The 1y-, 3y-IDI were significantly decreased in model 3 (IDI = -0.063 and -0.178) with borderline significance in 5y-IDI (P = 0.056). Conversely, the 1y-, 3y-IDI were significant higher in model 4 (IDI = 0.084 and 0.165). Interestingly, 1y-, 3y-, 5y-IDI were all significant improved in model 5. In terms of the comparison of IDI between model 4 and model 5, despite the IDI were all improved, however, the P values could not reach the levels of significance.



Internal Validation of Seven-Gene Stemness-Index Associated Prognostic Signature

Meanwhile, the clinical predictive model was evaluated in an internal validation set. The C-index was 0.8474 (95% CI; 0.7081–0.7971), the area under the curves (AUC) for 3 and 5-years-survival were 0.915 and 0.828, respectively (Figure 7B). Taking the calibration curves for the nomogram-probability of 3-years survival (Figure 7C) and 5-years survival (Figure 7D) together, the seven-gene signature was capable of predicting the OS of primary LGG patients with high efficiency.



Development and External Validation of the Prognostic Signature

According to the same cut-off value, the external validation set of 353 patients in the CGGA platform was employed and divided into high-risk cohort (n = 89) and low-risk cohort (n = 264). Similar procedures were conducted to assess the performance of the stemness-index associated signature. Using the Kaplan-Meier curve analysis, the high-risk cohort also showed a significantly poorer prognosis than the low-risk cohort (P = 6.924E–13) (Figure 8A). The 1y-, 3y-, 5y-AUC in the external validation set were 0.708, 0.727, and 0.725, respectively (Figure 8B). In accordance with the risk plot in the TCGA database, In accordance with the risk plot in the TCGA database, there was an inverse relationship between risk score and survival (Figure 8C). Subsequently, the AUCs for 3- and 5-years OS were 0.798, and 0.74, respectively (Figure 8D). The C-index in the external validation set was 0.7526. The calibration curves for the nomogram 3- and 5-year survival probabilities are shown in Figures 8E,F, respectively.
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FIGURE 8. External validation of a prognostic stemness index-related gene signature for primary low-grade glioma (LGG). (A) Kaplan-Meier analysis of OS for low-risk and high-risk patients in the external validation cohort. Additionally, the table indicating the number at risk for each group at corresponding time points. (B) The time-dependent receiver operating characteristics (ROC) curve for 1-, 3-, and 5-years OS predictions for the nomogram compared with actual observations. (C) The heatmap shows the expression of the seven genes between two risk groups in the CGGA cohort. (D) Time-dependent ROC for 3- and 5-years OS predictions for the nomogram compared with actual observations. Calibration plot of nomogram for predicting probabilities of 3- (E) and 5-year (F) OS of primary LGG patients in the CGGA database.




Evaluation of the Correlation Between Clinical Parameters and Signature

The relationship between the clinicopathological features (age, gender, grade, radiotherapy, chemotherapy, and IDH mutation status) and the seven-gene-based signature was explored. Older patients, patients of grade III, and IDH wild type tended to have higher risk scores than the younger, grade II, and the IDH mutant type patients, respectively in the TCGA database (Supplementary Figure S6A). As for the CGGA database, the risk scores of patients with IDH1 mutant type, and grade II were lower than IDH1 wild type, and grade III, respectively (Supplementary Figure S6B).



Expression Analysis of Seven Genes From Cancer Cell Line Encyclopedia (CCLE) and Human Protein Atlas Database

To validate the mRNA expression of seven genes, the expression levels of ADAP2, ALOX5AP, APOBEC3C, FCGRT, GNG5, LRRC25, and SP100 in various human tumors and 14 LGG cell lines from the CCLE were determined (Supplementary Figure S7 and Table 4). As shown in Supplementary Figure S7, the mRNA expression of APOBEC3C, FCGRT, GNG5, and SP100 was elevated in glioma, whereas the expression of ADAP2, ALOX5AP, and LRRC25 was low. To further explore the expression patterns of the seven genes in tissue level, the Human Protein Atlas database was employed to analyze the differential expression between glioma tissue and normal control, and the protein expression was evaluated using immunohistochemistry data as shown in Supplementary Figure S8. Consistent with the RNA-seq data, the protein expression levels of FCGRT, and GNG5 were upregulated in tumor tissues when compared with the normal controls.


TABLE 4. List the expression of the seven genes in 14 LGG cell lines.
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DISCUSSION

In previous studies, the risk stratification of the stemness index has been investigated in pan-cancer cohorts. However, the comprehensive prognostic value of the stemness index has not been exploited in LGG. In addition, the function annotation of the stemness index-associated genes and the prognostic value of the risk signature have not been investigated. In the current study, significant differences were found in survival between low- and high mRNAsi (mRNAsi/purity) score groups in the Kaplan Meier curve. Moreover, the detail of stemness indices-related modules and genes were identified after the application of WGCNA. A total of 86 key genes were screened according to the threshold limits, which were most significantly correlated with stemness-index. Next, for the enrichment analysis of the brown module, GO terms consisting of “regulation of leukocyte activation,” “positive regulation of cytokine production,” and “neutrophil degranulation” were ranked at the top of the list. In addition, KEGG pathway results such as CAMs, natural killer cell mediated cytotoxicity, and antigen processing and presentation were also obtained. Next, after the application of univariate Cox regression analysis, LASSO Cox regression model, and multiCox analysis, seven key genes (ADAP2, ALOX5AP, APOBEC3C, FCGRT, GNG5, LRRC25, and SP100) were enrolled as vital elements in stemness index-related signature. Furthermore, age, grade, radiotherapy, IDH status, and risk group were significantly associated with OS in the univariable Cox regression analysis; however, only age, IDH status, and risk group were significantly correlated with OS for primary LGG patients by applying the multivariate Cox regression analysis.

In the first part, it was found that the mRNAsi was significantly associated with OS in primary LGG, which was consistent with a previous study in pan-cancer cohorts (Malta et al., 2018). However, it should be noticed that the population of bulky tumor includes tumor cells, immune cells, and stromal cells. Taking the tumor purity into account may accurately reflect the actual stemness characteristic in tumor parenchyma. Moreover, ESTIMATE is one of the most common algorithms for quantifying tumor purity and composition of stromal and immune cells. Hence, the concept of the corrected mRNAsi (mRNAsi/tumor purity) was adopted to reduce the interference of non-tumor tissue (Malta et al., 2018; Lian et al., 2019; Pan et al., 2019). Of note, after employing the survival analysis, the significant survival difference in OS was still observed between high- and low- score groups based on the corrected mRNAsi (mRNAsi/tumor purity), which was consistent with the results from a previous study of bladder cancer (Pan et al., 2019). Additionally, the comparisons of the accuracy and discrimination among three models (model 1, model 2, and model 3) were conducted. Interestingly, the constructed risk signature in current study was superior to the mRNAsi and corrected mRNAsi in predicting the overall survival of LGG. To our knowledge, there is no previous study investigating the improvements of the accuracy and discrimination between mRNAsi and corrected mRNAsi. Further pan-cancer analyses are warranted.

To gain insights into the biological functions of key genes in WGCNA, it was found that the key genes were mainly enriched in infiltration, inflammation, and immune-related pathways, which were critically involved in the initiation and progression of glioma (Balkwill and Mantovani, 2001; Shacter and Weitzman, 2002; Mantovani et al., 2008; Michelson et al., 2016; Mostofa et al., 2017). Several studies have explored the prognostic value of host inflammatory cells, such as neutrophils in glioma. The role of neutrophils in glioma has two sides, mainly depending on the maturation and activation state. For example, the series of infiltrating neutrophils have the ability of contributing to glioma infiltration and pro-tumoral activity by secreting elastase (Iwatsuki et al., 2000). Circulating neutrophil-induced immunosuppression can promote tumor growth by secretion of arginase I (Sippel et al., 2011). On the other side, it has been found that the activation of neutrophils have an anti-tumor effect through antibody-dependent cellular cytotoxicity (Hafeman and Lucas, 1979; Fanger et al., 1989). Apart from making use of the migration of neutrophils, anti-cancer drugs can be delivered to the inflamed brain in glioma patients after surgery, which may reduce the recurrence of glioma (Xue et al., 2017). Moreover, recent evidence has revealed that the potential role of phagosomes in tumorigenesis via different mechanisms including its engagement in the autophagy pathway (Kim and Overholtzer, 2013).

Several studies have focused on the role that stemness features play in survival outcomes in human cancers. Similar to our study, using 763 primary medulloblastoma patients from the Gene Expression Omnibus (GEO) datasets, Lian and colleagues identified and validated a stemness-related gene expression signature to effectively stratify patients with Sonic hedgehog medulloblastoma into different OS groups (HR = 1.80, 95% confidence interval: 1.45–2.24, P = 1.10E–07) (Lian et al., 2019). In terms of LGGs, age (≤40 years vs. > 40 years), tumor grade (II vs. III), and IDH status (wild-type vs. mutation) are well-established and widespread prognostic biomarkers in clinical practice (Ricard et al., 2012; Cancer Genome Atlas Research et al., 2015; Zeng et al., 2018; National Comprehensive Cancer Network, 2019).

In the present study, a seven-gene signature based on the mRNAsi was built to predict the prognosis of LGG. After the univariate and multivariate analysis, the stemness index-related gene signature, age, and IDH status were identified as independent prognostic markers for predicting OS in primary LGG patients. To our surprise, receiving radiation therapy and chemotherapy or not was not associated with OS in the multivariate analysis. The reason might be the undefined and inconsistency treatment protocols, including the duration of treatment, cycles of chemotherapy, total or fraction radiation dose, and combined treatment regimens. Moreover, numerous clinical trials have provided evidence for the adoption of chemotherapy and radiotherapy in gliomas and confirmed the OS benefit in adjuvant therapy. The Radiation therapy oncology group (RTOG) 9802 trial showed that radiotherapy combined with adjuvant procarbazine, 3 CCNU, and vincristine (PCV) chemotherapy substantially improves the median OS from 7.8 to 13.3 years (HR = 0.59; P = 0.002) in low-grade glioma patients older than 40 years or who did not undergo total tumor resection (van den Bent, 2014). Additionally, despite the six clinic-pathological factors comprised model performed fairly in predicting OS, however, integrating the risk signature further improve the c-index as well as the significant enhancements of 1y- and 3y-NRI. Thus, new prospective studies are necessary to further verify the prognostic value of the stemness index-associated risk signature in primary LGG patients who receive a combined standard approach of surgery, radiotherapy, and chemotherapy.

Among the seven genes, ALOX5AP, APOBEC3C, GNG5, and SP100 were identified as risk-associated genes, whereas ADAP2, FCGRT, and LRRC25 were confirmed as protective genes. Regarding the risk-associated genes, APOBEC3C was discovered as a vital member of the APOBEC family that encodes the APOBEC3C (apolipoprotein B mRNA editing enzyme catalytic subunit 3C, or A3C), clustered in the human chromosome 22 (Jarmuz et al., 2002). Some investigations have shown that the expression of APOBEC3C played a positive role in the invasiveness and prognosis of breast cancer (Zhang et al., 2015; Wang et al., 2019), hepatocellular carcinoma (Yang et al., 2015), and prostate cancer (Kawahara et al., 2019). Taking into account investigations on the role of GNG5 in carcinogenesis, Orchel et al. (2012) found that GNG5 may play a vital role in pathogenesis or progression of endometrial cancer. In addition, it has been revealed that GNG5 involved in PI3K-AKT and Wnt signaling pathway, and associated with reduced E-cadherin expression in invasive breast cancer (Alsaleem et al., 2019). ALOX5AP is one of the essential genes in the production of leukotrienes from arachidonic acid via encoding the ALOX5AP. Consistent with our results, Wu et al. (2018) found that high expression of ALOX5AP is associated with poor survival outcome in esophageal carcinoma. Additionally, ALOX5AP also involved in a risk model to serve as a prediction of osteosarcoma metastasis (Dong et al., 2019). It is known that the nuclear autoantigen SP100 participates in various biological processes, such as cellular gene expression, differentiation, and cell growth (Everett et al., 2006). It was found that high expression of SP100 was associated with poor cell differentiation in laryngeal cancer (Li et al., 2010). Moreover, the expression of SP100 could regulate the transcriptional activity of ETS1 and further influence the cell invasion in breast cancer (Yordy et al., 2004). Regarding the role of SP100 in glioma, previous study revealed that SP100 was overexpressed in glioblastoma cells and involved in the regulation of glioblastoma cell proliferation and migration (Held-Feindt et al., 2011). With regards to the protective genes of FCGRT, it has been found to be responsible for encoding neonatal Fc receptor (FcRn), which participates in the transport and homeostasis of immunoglobulin as well as anti-tumor immunity (Roopenian and Akilesh, 2007; Ward and Ober, 2009). The expression of FcRn in immune cells, particularly in antigen presenting cells, is associated with its involvement in antigen presentation and cross-presentation that contributes to its shape anti-tumor properties. Studies showed that FcRn-expressed dendritic cells (DCs) are critical for the number and activation of CD8 + T-cells and are associated with prognosis in colorectal carcinoma (Baker et al., 2013). The downregulation of FcRn is correlated with reducing maturation and activation of natural killer cells that in turn increase lung metastasis in an FcRn-depleted environment in mice (Castaneda et al., 2018). The protein encoded by ADAP2 is a GTPase-activating protein and increases the stability of microtubules. The investigation about the role of ADAP2 in solid tumor is rare. Only one study found the expression of ADAP2 was markedly decreased in in vivo tumors without further validation about the function or mechanism (Laukkanen et al., 2015). Correspondingly, the prognostic value of LRRC25 has not been investigated in solid tumors. Hoffman et al. found that the expression of LRRC25 was significantly associated with the risk of breast cancer (Hoffman et al., 2017). Further investigations are warranted to explore the mechanisms of LRRC25 in glioma.

Several limitations should be noticed in the current study. First, the stemness index-related signature and the nomogram developed were able to accurately predict survival outcome in primary LGG. Nonetheless, the validation in cellular experiments, and animal and tissue models warrants further investigation. Second, due to an absence of 1p19q characterization in the TCGA datasets, the status of 1p19q co-deletion was not investigated by the univariate and multivariate Cox regression analysis and was not employed for the establishment of prognostic nomogram. Third, considering a lack of standard treatment strategies in the TCGA and CGGA databases, the effectiveness of the seven-gene signature in primary LGG patients who received standard treatment needs to be further verified in well-designed prospective clinical investigations.



CONCLUSION

Our study identified a novel gene signature based on seven genes relevant to the stemness index and developed a prognostic nomogram composed of the gene signature and clinical prognostic factors that effectively predict overall survival in primary LGG patients. ALOX5AP, APOBEC3C, GNG5, SP100, ADAP2, FCGRT, and LRRC25 might be candidate prognostic biomarkers in primary LGG.
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FIGURE S1 | The normalization and batch effect removal from TCGA and GTEx datasets. (A) Box plots illustrated the data distributions from TCGA and GTEx datasets before normalization. (B) PCA plot illustrated the cluster of the samples from TCGA and GTEx datasets before batch effect removal. (C) Box plots illustrated the data distributions from TCGA and GTEx datasets after normalization. (D) PCA plot illustrated the cluster of the samples from TCGA and GTEx datasets after batch effect removal.

FIGURE S2 | (A) Heatmaps showing that the 5,490 differentially expressed genes (DEGs) can effectively distinguish tumors from non-tumor tissues after integrated analysis. (B) Volcano plot presenting DEGs between LGG and non-tumor tissues. Red dots, and green dots represent up-regulated genes, and down-regulated genes, respectively.

FIGURE S3 | Weighted gene correlation network analysis for building stemness-index associated preserved Modules. (A) Determination of soft threshold for adjacency matrix, and plots of mean connectivity versus soft threshold. (B) Clustering results of WGCNA modules. The horizontal axis indicates modules with different colors.

FIGURE S4 | Analysis of key genes in the module brown. (A) The heatmap showing that the differentially expressed levels of the key genes between the normal control tissue and tumor tissue. (B) The heatmap of the correlation analysis among key genes.

FIGURE S5 | (A) Kaplan-Meier survival analysis of mRNAsi. (B) Kaplan-Meier survival analysis of corrected mRNAsi. Additionally, the table indicating the number at risk for each group at corresponding time points.

FIGURE S6 | Association between risk score and clinical-pathological parameters. Association between risk score and age, gender, grade, radiotherapy, chemotherapy, and IDH mutation status of primary LGG patients in TCGA cohort (A), in CGGA cohort (B).

FIGURE S7 | The mRNA expression level of ADAP2 (A), ALOX5AP (B), APOBEC3C (C), FCGRT (D), GNG5 (E), LRRC25 (F), and SP100 (G) in different types of human cancers.

FIGURE S8 | The protein expression level of immunohistochemistry (IHC) images collected from the Human Protein Atlas database of the risk genes between glioma tissue and normal control (ADAP2 was not available).
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1
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2
https://cran.r-project.org/web/packages/WGCNA/index.html

3
https://bioinformatics.mdanderson.org/estimate/

4
https://cran.r-project.org/web/packages/caret

5
http://cgga.org.cn/

6
https://portals.broadinstitute.org/ccle

7
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8
http://www.proteinatlas.org/

9
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REFERENCES

Alsaleem, M., Toss, M. S., Joseph, C., Aleskandarany, M., Kurozumi, S., Alshankyty, I., et al. (2019). The molecular mechanisms underlying reduced E-cadherin expression in invasive ductal carcinoma of the breast: high throughput analysis of large cohorts. Mod. Pathol. 32, 967–976. doi: 10.1038/s41379-019-0209-9

Baker, K., Rath, T., Flak, M. B., Arthur, J. C., Chen, Z., Glickman, J. N., et al. (2013). Neonatal Fc receptor expression in dendritic cells mediates protective immunity against colorectal cancer. Immunity 39, 1095–1107. doi: 10.1016/j.immuni.2013.11.003

Balkwill, F., and Mantovani, A. (2001). Inflammation and cancer: back to Virchow? Lancet 357, 539–545. doi: 10.1016/S0140-6736(00)04046-0

Barretina, J., Caponigro, G., Stransky, N., Venkatesan, K., Margolin, A. A., Kim, S., et al. (2012). The Cancer Cell Line Encyclopedia enables predictive modelling of anticancer drug sensitivity. Nature 483, 603–607. doi: 10.1038/nature11003

Cancer Genome Atlas Research, N., Brat, D. J., Verhaak, R. G., Aldape, K. D., Yung, W. K., Salama, S. R., et al. (2015). Comprehensive, integrative genomic analysis of diffuse lower-grade gliomas. N. Engl. J. Med. 372, 2481–2498. doi: 10.1056/NEJMoa1402121

Castaneda, D. C., Dhommee, C., Baranek, T., Dalloneau, E., Lajoie, L., Valayer, A., et al. (2018). Lack of FcRn impairs natural killer cell development and functions in the tumor microenvironment. Front. Immunol. 9:2259. doi: 10.3389/fimmu.2018.02259

Ceccarelli, M., Barthel, F. P., Malta, T. M., Sabedot, T. S., Salama, S. R., Murray, B. A., et al. (2016). Molecular profiling reveals biologically discrete subsets and pathways of progression in diffuse glioma. Cell 164, 550–563. doi: 10.1016/j.cell.2015.12.028

Claus, E. B., Walsh, K. M., Wiencke, J. K., Molinaro, A. M., Wiemels, J. L., Schildkraut, J. M., et al. (2015). Survival and low-grade glioma: the emergence of genetic information. Neurosurg. Focus 38:E6. doi: 10.3171/2014.10.FOCUS12367

Coons, S. W., Johnson, P. C., Scheithauer, B. W., Yates, A. J., and Pearl, D. K. (1997). Improving diagnostic accuracy and interobserver concordance in the classification and grading of primary gliomas. Cancer 79, 1381–1393. doi: 10.1002/(sici)1097-0142(19970401)79:7(1381:aid-cncr16(3.0.co;2-w

Dirkse, A., Golebiewska, A., Buder, T., Nazarov, P. V., Muller, A., Poovathingal, S., et al. (2019). Stem cell-associated heterogeneity in Glioblastoma results from intrinsic tumor plasticity shaped by the microenvironment. Nat. Commun. 10:1787. doi: 10.1038/s41467-019-09853-z

Dong, S., Huo, H., Mao, Y., Li, X., and Dong, L. (2019). A risk score model for the prediction of osteosarcoma metastasis. FEBS Open Biol. 9, 519–526. doi: 10.1002/2211-5463.12592

Everett, R. D., Rechter, S., Papior, P., Tavalai, N., Stamminger, T., and Orr, A. (2006). PML contributes to a cellular mechanism of repression of herpes simplex virus type 1 infection that is inactivated by ICP0. J. Virol. 80, 7995–8005. doi: 10.1128/JVI.00734-06

Fanger, M. W., Shen, L., Graziano, R. F., and Guyre, P. M. (1989). Cytotoxicity mediated by human Fc receptors for IgG. Immunol. Today 10, 92–99. doi: 10.1016/0167-5699(89)90234-X

Gene Ontology Constorium (2015). Gene ontology consortium: going forward. Nucleic Acids Res. 43, D1049–D1056. doi: 10.1093/nar/gku1179

Hafeman, D. G., and Lucas, Z. J. (1979). Polymorphonuclear leukocyte-mediated, antibody-dependent, cellular cytotoxicity against tumor cells: dependence on oxygen and the respiratory burst. J. Immunol. 123, 55–62.

Harrell, F. E. Jr., Lee, K. L., and Mark, D. B. (1996). Multivariable prognostic models: Issues in developing models,evaluating assumptions and adequacy, and measuring and reducing errors. Stat. Med. 15, 361–387. doi: 10.1002/(sici)1097-0258(19960229)15:4(361:aid-sim168(3.0.co

Held-Feindt, J., Hattermann, K., Knerlich-Lukoschus, F., Mehdorn, H. M., and Mentlein, R. (2011). SP100 reduces malignancy of human glioma cells. Int. J. Oncol. 38, 1023–1030. doi: 10.3892/ijo.2011.927

Hoffman, J. D., Graff, R. E., Emami, N. C., Tai, C. G., Passarelli, M. N., Hu, D., et al. (2017). Cis-eQTL-based trans-ethnic meta-analysis reveals novel genes associated with breast cancer risk. PLoS Genet. 13:e1006690. doi: 10.1371/journal.pgen.1006690

Iwatsuki, K., Kumara, E., Yoshimine, T., Nakagawa, H., Sato, M., and Hayakawa, T. (2000). Elastase expression by infiltrating neutrophils in gliomas. Neurol. Res. 22, 465–468. doi: 10.1080/01616412.2000.11740701

Jarmuz, A., Chester, A., Bayliss, J., Gisbourne, J., Dunham, I., Scott, J., et al. (2002). An anthropoid-specific locus of orphan C to U RNA-editing enzymes on chromosome 22. Genomics 79, 285–296. doi: 10.1006/geno.2002.6718

Kanehisa, M., and Goto, S. (2000). KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 28, 27–30. doi: 10.1093/nar/28.1.27

Kawahara, R., Recuero, S., Nogueira, F. C. S., Domont, G. B., Leite, K. R. M., Srougi, M., et al. (2019). Tissue proteome signatures associated with five grades of prostate cancer and benign prostatic hyperplasia. Proteomics 19:e1900174. doi: 10.1002/pmic.201900174

Kim, S. E., and Overholtzer, M. (2013). Autophagy proteins regulate cell engulfment mechanisms that participate in cancer. Semin. Cancer Biol. 23, 329–336. doi: 10.1016/j.semcancer.2013.05.004

Klein, J. P., and Moeschberger, M. L. (1997). Survival Analysis: Techniques For Censored And Truncated Data. R package version 0.1-5. Available online at: https://CRAN.R-project.org/package=KMsurv (accessed December 31, 2019).

Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted correlation network analysis. BMC Bioinformatics 9:559. doi: 10.1186/1471-2105-9-559

Laukkanen, M. O., Cammarota, F., Esposito, T., Salvatore, M., and Castellone, M. D. (2015). extracellular superoxide dismutase regulates the expression of small GTPase regulatory proteins GEFs. GAPs, and GDI. PLoS One 10:e0121441. doi: 10.1371/journal.pone.0121441

Li, M., Spakowicz, D., Burkart, J., Patel, S., Husain, M., He, K., et al. (2019). Change in neutrophil to lymphocyte ratio during immunotherapy treatment is a non-linear predictor of patient outcomes in advanced cancers. J. Cancer Res. Clin. Oncol. 145, 2541–2546. doi: 10.1007/s00432-019-02982-4

Li, W., Shang, C., Guan, C., Zhang, Y., Sun, K., and Fu, W. (2010). Low expression of Sp100 in laryngeal cancer: correlation with cell differentiation. Med. Sci. Monit. 16, br174–br178.

Lian, H., Han, Y. P., Zhang, Y. C., Zhao, Y., Yan, S., Li, Q. F., et al. (2019). Integrative analysis of gene expression and DNA methylation through one-class logistic regression machine learning identifies stemness features in medulloblastoma. Mol. Oncol. 13, 2227–2245. doi: 10.1002/1878-0261.12557

Liang, R., Zhi, Y., Zheng, G., Zhang, B., Zhu, H., and Wang, M. (2019). Analysis of long non-coding RNAs in glioblastoma for prognosis prediction using weighted gene co-expression network analysis. Cox regression, and L1-LASSO penalization. Oncol. Targets Ther. 12, 157–168. doi: 10.2147/OTT.S171957

Malta, T. M., Sokolov, A., Gentles, A. J., Burzykowski, T., Poisson, L., Weinstein, J. N., et al. (2018). Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell 173:338-354.e15. doi: 10.1016/j.cell.2018.03.034

Mantovani, A., Allavena, P., Sica, A., and Balkwill, F. (2008). Cancer-related inflammation. Nature 454, 436–444. doi: 10.1038/nature07205

Michelson, N., Rincon-Torroella, J., Quinones-Hinojosa, A., and Greenfield, J. P. (2016). Exploring the role of inflammation in the malignant transformation of low-grade gliomas. J. Neuroimmunol. 297, 132–140. doi: 10.1016/j.jneuroim.2016.05.019

Mostofa, A. G., Punganuru, S. R., Madala, H. R., Al-Obaide, M., and Srivenugopal, K. S. (2017). The process and regulatory components of inflammation in brain oncogenesis. Biomolecules 7:34. doi: 10.3390/biom7020034

National Comprehensive Cancer Network (2019). NCCN Clinical Practice Guidelines in Oncology: Central Nervous System Cancers. Available online at: https://www.nccn.org/professionals/physician_gls/pdf/cns.pdf (accessed December 31, 2019)

Orchel, J., Witek, L., Kimsa, M., Strzalka-Mrozik, B., Kimsa, M., Olejek, A., et al. (2012). Expression patterns of kinin-dependent genes in endometrial cancer. Int. J. Gynecol. Cancer 22, 937–944. doi: 10.1097/igc.0b013e318259d8da

Ostrom, Q. T., Gittleman, H., Truitt, G., Boscia, A., Kruchko, C., and Barnholtz-Sloan, J. S. (2018). CBTRUS statistical report: primary brain and other central nervous system tumors diagnosed in the United States in 2011-2015. Neuro Oncol. 20(Suppl. 4), 41–86. doi: 10.1093/neuonc/noy131

Pan, S., Zhan, Y., Chen, X., Wu, B., and Liu, B. (2019). Identification of biomarkers for controlling cancer stem cell characteristics in bladder cancer by network analysis of transcriptome data stemness indices. Front. Oncol. 9:613. doi: 10.3389/fonc.2019.00613

Pencina, M. J., D’Agostino, R. B., D’Agostino, R. B., and Vasan, R. S. (2008). Evaluating the added predictive ability of a new marker: From area under the ROC curve to reclassification and beyond. Stat. Med. 27, 157–172. doi: 10.1002/sim.2929

R Development Core Team (2014). R: A Language and Environment for Statistical Computing, 3.1.1. Vienna: R Foundation for Statistical Computing.

Ricard, D., Idbaih, A., Ducray, F., Lahutte, M., Hoang-Xuan, K., and Delattre, J. Y. (2012). Primary brain tumours in adults. Lancet 379, 1984–1996. doi: 10.1016/S0140-6736(11)61346-9

Roopenian, D. C., and Akilesh, S. (2007). FcRn: the neonatal Fc receptor comes of age. Nat. Rev. Immunol. 7, 715–725. doi: 10.1038/nri2155

Roos, A., Ding, Z., Loftus, J. C., and Tran, N. L. (2017). Molecular and Microenvironmental Determinants of Glioma Stem-Like Cell Survival and Invasion. Front. Oncol. 7:120. doi: 10.3389/fonc.2017.00120

Schoenfeld, D. (1982). Partial residuals for the proportional hazards regression model. Biometrika 69, 239–241. doi: 10.1093/biomet/69.1.239

Shacter, E., and Weitzman, S. A. (2002). Chronic inflammation and cancer. Oncology 16, 217–226.

Sippel, T. R., White, J., Nag, K., Tsvankin, V., Klaassen, M., Kleinschmidt-DeMasters, B. K., et al. (2011). Neutrophil degranulation and immunosuppression in patients with GBM: restoration of cellular immune function by targeting arginase I. Clin. Cancer Res. 17, 6992–7002. doi: 10.1158/1078-0432.CCR-11-1107

Sokolov, A., Paull, E. O., and Stuart, J. M. (2016). One-class detection of cell states in tumor subtypes. Pac. Symp. Biocomput. 21, 405–416.

Therneau, G. T. M. (1994). Proportional hazards tests and diagnostics based on weighted residuals. Biometrika 81, 515–526. doi: 10.2307/2337123

Therneau, T. (2015). A Package for Survival Analysis in S. version 2.38. Available online at: https://cran.r-project.org/web/packages/survival/index.html (accessed December 31, 2019).

van den Bent, M. J. (2010). Interobserver variation of the histopathological diagnosis in clinical trials on glioma: a clinician’s perspective. Acta Neuropathol. 120, 297–304. doi: 10.1007/s00401-010-0725-7

van den Bent, M. J. (2014). Practice changing mature results of RTOG study 9802: another positive PCV trial makes adjuvant chemotherapy part of standard of care in low-grade glioma. Neuro Oncol. 16, 1570–1574. doi: 10.1093/neuonc/nou297

Venteicher, A. S., Tirosh, I., Hebert, C., Yizhak, K., Neftel, C., Filbin, M. G., et al. (2017). Decoupling genetics, lineages, and microenvironment in IDH-mutant gliomas by single-cell RNA-seq. Science 355:aai8478. doi: 10.1126/science.aai8478

Wang, K., Li, L., Fu, L., Yuan, Y., Dai, H., Zhu, T., et al. (2019). Integrated Bioinformatics Analysis the Function of RNA Binding Proteins (RBPs) and their prognostic value in breast cancer. Front. Pharmacol. 10:140. doi: 10.3389/fphar.2019.00140

Wanggou, S., Feng, C., Xie, Y., Ye, L., Wang, F., and Li, X. (2016). Sample level enrichment analysis of KEGG pathways identifies clinically relevant subtypes of glioblastoma. J. Cancer 7, 1701–1710. doi: 10.7150/jca.15486

Ward, E. S., and Ober, R. J. (2009). Chapter 4: Multitasking by exploitation of intracellular transport functions the many faces of FcRn. Adv. Immunol. 103, 77–115. doi: 10.1016/S0065-2776(09)03004-1

Wu, B., Bai, C., Du, Z., Zou, H., Wu, J., Xie, W., et al. (2018). The arachidonic acid metabolism protein-protein interaction network and its expression pattern in esophageal diseases. Am. J. Transl. Res. 10, 907–924.

Xue, J., Zhao, Z., Zhang, L., Xue, L., Shen, S., Wen, Y., et al. (2017). Neutrophil-mediated anticancer drug delivery for suppression of postoperative malignant glioma recurrence. Nat. Nanotechnol. 12, 692–700. doi: 10.1038/nnano.2017.54

Yang, Z., Lu, Y., Xu, Q., Zhuang, L., Tang, B., and Chen, X. (2015). Correlation of APOBEC3 in tumor tissues with clinico-pathological features and survival from hepatocellular carcinoma after curative hepatectomy. Int. J. Clin. Exp. Med. 8, 7762–7769.

Yi, Y., Hsieh, I. Y., Huang, X., Li, J., and Zhao, W. (2016). Glioblastoma stem-like cells: characteristics. microenvironment, and therapy. Front. Pharmacol. 7:477. doi: 10.3389/fphar.2016.00477

Yordy, J. S., Li, R., Sementchenko, V. I., Pei, H., Muise-Helmericks, R. C., and Watson, D. K. (2004). SP100 expression modulates ETS1 transcriptional activity and inhibits cell invasion. Oncogene 23, 6654–6665. doi: 10.1038/sj.onc.1207891

Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4:2612. doi: 10.1038/ncomms3612

Zeng, W. J., Yang, Y. L., Liu, Z. Z., Wen, Z. P., Chen, Y. H., Hu, X. L., et al. (2018). Integrative analysis of DNA methylation and gene expression identify a three-gene signature for predicting prognosis in lower-grade gliomas. Cell Physiol. Biochem. 47, 428–439. doi: 10.1159/000489954

Zhang, B., and Horvath, S. (2005). A general framework for weighted gene co-expression network analysis. Stat. Appl. Genet. Mol. Biol. 4:17. doi: 10.2202/1544-6115.1128

Zhang, Y., Delahanty, R., Guo, X., Zheng, W., and Long, J. (2015). Integrative genomic analysis reveals functional diversification of APOBEC gene family in breast cancer. Hum. Genom. 9:34. doi: 10.1186/s40246-015-0056-9

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Zhang, Wang, Chen, Guo and Hong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/xhtml/Nav.xhtml




Contents





		Cover



		Prognostic Value of a Stemness Index-Associated Signature in Primary Lower-Grade Glioma



		INTRODUCTION



		MATERIALS AND METHODS



		Data Source



		Acquisition of Stemness Index Based on RNA-Seq



		Weighted Gene Correlation Network Analysis for Building Stemness-Index Associated Preserved Modules



		Evaluation and Bioinformatics Analysis of Key Genes



		Inclusive and Exclusive Criteria of Enrolled Patients for the Construction of the Risk Signature



		Survival Analysis of mRNAsi



		Construction of a Prognostic Signature



		Prognostic Value of the Seven-Gene-Based Signature



		External Validation of the Prognostic Signature



		Cancer Cell Line Encyclopedia (CCLE) and Protein Expression Verification



		Statistical Analysis







		RESULTS



		Data Processing



		Identification of DEGs



		mRNAsi Mining







		WGCNA: Construction the Correlation Matrix of mRNAsi and Module Eigengene Values



		Data Acquisition



		Identification of Modules Associated With Stemness Indexes of LGG







		Analysis and Functional Annotation of Key Genes in the Brown Module



		Analysis of Key Genes in the Brown Module



		Functional Annotation of Genes Related to mRNAsi



		Survival Analysis of mRNAsi



		Identification of Key Prognostic Genes in Primary LGG



		Construction of Stemness-Index Associated Prognostic Signatures



		Evaluation of Survival Predicts the Accuracy of Seven-Gene-Based Signature



		Prognostic Value of the Seven Gene-Based Signature



		Internal Validation of Seven-Gene Stemness-Index Associated Prognostic Signature



		Development and External Validation of the Prognostic Signature



		Evaluation of the Correlation Between Clinical Parameters and Signature



		Expression Analysis of Seven Genes From Cancer Cell Line Encyclopedia (CCLE) and Human Protein Atlas Database











		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fgene-11-00441-t001.jpg
Characteristic

Age (Y)?
<40

>40
Gender
Male
Female
Grade

|
Radiation

o
Yes
Chemotherapy

o
Yes

IDHP Status
Wild-type
Mutation
Risk score
Low risk
High risk

Training Internal External
cohort validation validation
cohorts cohorts

TCGA TCGA CGGA
(n =297) (n =124) (n =353)
136 (46% 63 (51% 189 (54%,
161 (54% 61 (49% 164 (46%,
168 (57% 65 (52% 205 (58%
129 (43% 59 (48% 148 (42%,
144 (52% 54 (44% 196 (56%,
153 (48% 70 (56% 157 (44%,
99 (387%) 53 (43% 59 (17%)
198 (63% 71 (67% 294 (83%
133 (45% 58 (47% 147 (42%,
164 (55% 66 (53% 206 (58%
53 (18%) 26 (21% 94 (27%)
244 (82% 98 (79% 259 (73%
209 (70% 80 (65% 264 (75%
88 (30%) 44 (35% 89 (25%)

aNge, Age at pathological diagnosis of glioma. PIDH, Isocitrate dehydrogenase.





OPS/images/cover.jpg
frontiers
in Genetics

Prognostic Value of a Stemness
Index-Associated Signature
in Primary Lower-Grade Glioma





OPS/images/fgene-11-00441-t002.jpg
Genes

ADAP2
ALOX5AP
APOBEC3C
FCGRT
GNG5
LRRC25
SP100

Coef

—0.886027724
0.416963664
0.914673555

—0.735850888
0.631697047

—0.645008868
0.745358173

HR

0.412290235
1.617347377
2.495960324
0.479097627
1.880799678
0.52465789

2.107196041

HR.95L

0.22399138
1.10755058
1.783799483
0.294704586
1.385672452
0.315056856
1.21684173

HR.95H

0.758882942

2.07877013
3.492442955
0.778863129
2.5563029562
0.873702304
3.652017402

P-value

0.004423008
0.009433367
9.47E-08
0.002997479
5.09E-05
0.01318087
0.00789628





OPS/images/fgene-11-00441-t003.jpg
Index

Model 1 vs. Model 2

Model 1 vs. Model 3

Model 1 vs. Model 4

Model 1 vs. Model 5

Model4 vs. Model 5

IDI (1 year) —0.037 (p = 0.274) —0.0683 (p =0.02) 0.084 (p = 0.002) 0.108 (p < 0.001) 0.025 (p = 0.186)
Continuous NRI (1 year) —0.598 (p = 0.010) —0.663 (p < 0.001) 0.458 (p = 0.016) 0.708 (p < 0.001) 0.422 (p =0.032)
IDI (3 year) —0.146 (p = 0.040) —0.178 (p = 0.006) 0.165 (p = 0.014) 0.214 (p < 0.001) 0.049 (p =0.102)
Continuous NRI (3 year) —0.548 (p = 0.022) —0.508 (p < 0.001) 0.317 (p = 0.028) 0.433 (p < 0.001) 0.508 (p = 0.032)
IDI (5 year) —0.189 (p = 0.044) —0.211 (p = 0.056) 0.122 (p = 0.158) 0.177 (0 =0.018) 0.055 (p =0.292)
Continuous NRI (5 year) —0.530 (p = 0.078) —0.366 (p = 0.058) 0.157 (p = 0.274) 0.410 (p = 0.036) 0.398 (p = 0.106)

Model 1: only the Sl—risk signature was enrolled in the prognostic factor; Model 2: mRNAsi was enrolled in the prognostic factor; Model 3: corrected mRNAsi was
enrolled in the prognostic factor; Model 4: age, gender, grade, radiation therapy, chemotherapy, and IDH status were enrolled in the prognostic factors;, Model 5: age,
gender, grade, radiation therapy, chemotherapy, IDH status, and risk group were enrolled in the prognostic factors. NRI, net reclassification improvement,; IDI, integrated
discrimination improvement.






OPS/images/fgene-11-00441-t004.jpg
Gene

Gene expression (TPM)

Ha
HS683
KG1C
LN215
LN235
LN319
LNZ308
NMCGH
SF268
SNU738
SW1088
SW1783
TM31
U178

ADAP2

—3.234
—2.058
—1.336
—3.879
—5.352
—4.063
—4.406
—3.648
—4.211
—4.872
—5.636
—3.378
—2.523
—3.724

ALOX5AP

—2.279
—0.673
—1.609
—1.422
—1.489
—4.098
-3.171
—4.420
—-1.512

0.014
—2.916
—1.839
—1.341
—0.034

APOBEC3C

4.977
4.300
6.160
4.532
4.216
4.875
2.872
5.862
0.554
3.532
5.441
4.975
4.068
5.055

FCGRT

0.095
2.101
0.334
3.533
3.967
4.220
0.317
3.947
3.739
-3.016
1.140
2:043
3.116
—3.648

GNG5

4.544
6.059
5.218
6.074
6.028
6.443
7.113
5.529
6.236
6.417
6.274
5.975
6.403
5.367

LRRC25

—4.032
—6.675
—5.833
—7.049
—13.000
—13.000
—6.339
—8.266
—8.445
—13.000
—13.000
—13.000
—8.164
—6.019

SP100

3.775
3.185
3.823
4.243
2.936
1.443
2.853
2.392
2.833
1.792
3.756
2574
1.793
3.714

ACTB

10.664
11.276

9.971
10.537
11.236

9.7562
11.534
11.488
11.989
11.811
11.187
11.162
10.397
11.720

RRID

CVCL_1239
CVvCL_0844
CVCL_2971
CVCL_3954
CVvCL_3957
CVvCL_3958
CVCL_0394
CvCL_1608
CvCL_1689
CvCL_5087
CVCL_1715
CvCL_1722
CVCL_6735
CVCL_A758









OPS/images/logo.jpg
’ frontiers
in Genetics





OPS/images/cross.jpg
3,

i





OPS/images/fgene-11-00441-g008.jpg
0.6 0.8 1.0
L L

Sensitivity
02 04

0.0
L

B
Kaplan-Meier plot ROC Curve
1.00 == High risk 24 o
g‘ = Low risk
® o075 ©
a o P=6.924e-13 & 4
o
o )
g 0% > ol
= b o
= o
@ 0.25 o
- » g
o
0.00
o 1 2 3 4 5 6 7 8 9 10 11 12 o
Time(years) °
K £ @ AUC of 1 year survival: 0.708
) Highrisky 89 73 55 38 29 21 16 7 5 4 1 1 0 ° @ AUC of 3 year survival: 0.727
O Lowrisk{ 264 249 235 189 153 126 97 67 57 43 17 5 0 = AUC(of.5 year survival: 0.725
T T T T T T
& 1 2 3 4 5 & 7 8 5 40 0 B2 0.0 02 04 06 08 1.0
Time(years) 1-Specificity
- R RN type type
[ high
APOBEC3C | low
3
LRRC25
2
FCGRT ]
GNG5 0
-1
ALOX5AP
=2
ADAP2
SP100
E F
2 v ) o | " v
/? [1 )
— ® /." _® I
© o . © o 7 /
2 2
s
5 © ;w /_‘{
(D=4 [2R= .
— - —
g - g
> 4 o >«
b3 - 13
© # ©
3 o = &
=2 ’ =]
s y 231
’ |= AUG o1 5 e sumal 074 24/ of.-
T T T T T T T y T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity Nomogram-Predicted 3-Year Survival Nomogram-Predicted 5-Year Survival






OPS/images/fgene-11-00441-g006.jpg
=
e

0.2

0.0

Age

Gender

Grade
radiation_therapy
chemotherapy
IDH_status

risk

Factors

Age

Gender
Grade
radiation
chemotherapy
IDH_status

risk

Factors

: - AUC of 3 year survival: 0.905
@ AUC of 5 year survival: 0837

T T T
0.2 0.4 0.6

1-Specificity

<0.001 3.573(2.097-6.088) | — —
0.640 0.893(0.557-1.433) [ ]
<0.001 2.864(1.740-4.712) | f— ———
0.014 2.137(1.164-3.923) ll—.—l
|
0.270 1.324(0.804-2.180) = —f
|
<0.001 0.143(0.088-0.232) [ ] |
<0.001 6.648(3.987-11.083) 1 [ s {
| I I I I |
0 2 4 6 8 10
P value Hazard ratio Hazard ratio
L}
P i
<0.001 3.399(1.865-6.196) £ « 1
|
0.595 0.875(0.536-1.430) 'T'
0.301 1.401(0.740-2.653) H—.—.
0.484 1.308(0.616-2.776) e —y
0.108 0.645(0.378-1.101) III—Il
|
<0.001 0.330(0.181-0.600) (] |
<0.001 4.545(2.381-8.676) 1 B = {
I I I 1
0 2 4 8
P value Hazard ratio Hazard ratio
P 0 10 20 3 o 50 0 70 80 0 100
Points
Age iy
<=40
Gender iy
female.
Grade —
G2
radiation_therapy —
no
chemotherapy P ¢
yes
risk =
ow
IDH_status o
mutation
Total Points
50 100 150 200 250 300 350 400
3-Year Survival
09 08 07 06 05 04 03 02 01
5-Year survival
09 08 07 06 05 04 03 02 01
E F
O_ E o | T : L L ‘Tr_I
— = of
2 o] Z o |
s o S o P
@ @
© .
= 37 5 S 1 ¢
]
T e 1 s
™ o 0 o
© ©
< < °
of.” 2 J
o o

T
1.0

00 02 04

06

08

10

Nomogram-Predicted 3-Year Survival

T T
0.0 0.2

T T T T
0.4 0.6 0.8 1.0

Nomogram-Predicted 5-Year Survival





OPS/images/fgene-11-00441-g007.jpg
Concordance index

0.9 1.0

0.8

0.6 0.7

0.5

Actual 3—Year Survival

Cox(model1)
Cox(model2)
Cox(model3)
Cox(model4)

)

Cox(model5

0.6 0.8 1.0
1 1

0.4

0.2

0.0
1

T 1 1 T ) T
0.0 0.2 0.4 0.6 0.8 1.0
Nomogram-Predicted 3-Year Survival

Sensitivity

Actual 5-Year Survival

0.8 1.0

0.6

0.2 0.4

0.0

0.2 0.4 0.6 0.8 1.0

0.0

@m» AUC of 3 year survival: 0.915

@ AUC of 5 year survival: 0.828

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

./_/

f

1 1 1 1 1 1
0.0 0.2 0.4 06 08 1.0
Nomogram-Predicted 5-Year Survival





OPS/images/fgene-11-00441-g004.jpg
ABHD15
ABI3
AC011462.1
AD.

TMIGD3
TNFAIP8L2
TNFRSF1B
TREM2
TYROBP
UCP2
VAMP8
WAS

Genes

N=WNOPLWHEW—=2BOON®

NONONODNDONNBNOBONOOWNRBO=2BDEWRWNWO

[ QU i QU Qi i G Qi Qi QI QU QU QI Y Y X, Pl QI Ol QUi QU QU QUi QU QU QT QU QU QEE Qi QY \| Y QU QU QI (A QU QU QU QI UiT QU U QU QU QU QUIY |\ J QT QI QU QI QU QU QU Qi QU QU QU QU QU QI QT GUEY { P QU QU QU QUF QUI QY. X Y QU QU G g Qury
WHBWWWWNWWBNDWORWHRWNEDVDWLNODWNODRNNDWWNODWWWADBBRNNDNNDNDONDEDWWN=N=RNNWND BN BWNODO
BoOESRECRERRENRRESBIOESOERINDAINRASSBOROIRIOL A IROARINDOINNINRLORBONBOR I NN E DL ER0)
SNNRDNWRONORNSDDOBREDOIR2DOEPPOOLODDNRONNIDEIUNNDOON B A B EEBEZON VR OOR2 W= B NOD D NORNDN
[ EENENENENENENENENENENEN X, SN NN NN NN NN NN NN NN NN NN NN NN NN
O L L DOONONANNSNOWNWAWOSWWOORDBORASB ELANWW BRI EPO SN NWNNONN 2N 20000 L L L LDONOON S
PIHIRNRSOPRNASRONNCIIRORNPOSNORERNOWANE L IARRONIOONNOONODEANANORANRRRIBESSBONNBNO
BAOWDNHEN ORLANOROORREAADENDUONIZOAO R AIODDDOZDG DONENOBRN IO OONBERRNIO

DNO OO U NN DRBDNNRNNINONDO=DDD2DONNONNO=B

O = N1 = O N
=NOANNWW

Hazard ratio

I L

——
L= '

==

—=—
=
B

 en—

|
2

Hazard ratio





OPS/images/fgene-11-00441-g005.jpg
Survival probability

Risk

kaplan-Meier plot B ROC curve

1.00 =k High risk o |
mh | ow risk
078 P=0e+00 o
3
0.50 >
= o
£ 3
‘@
0.25 S
»n <+ 4
S
0.00
0123 456 7 8 9 10111213 14 15 16 17 18 19 20 N e
Time(years) < 7
’
’ @ AUC of 1 year survival: 0.899
High risk{ 14110442 24 1510 8 6 4 3 2 1 0 0 0 0 0 0 O 0 0 | P S I A e
Low risk{ 30625114995 60 46 38 28 177 131210 7 5 4 2 1 1 0 0 O SN M : i : il
0123 456 7 8 9 10111213 14 15 16 17 18 19 20 00 02 04 06 08 10
Time(years) 1-Specificity
T T D e type
[ high
LRRC25 - low
SP100
2
FCGRT 1
GNG5 0
ALOX5AP 1
—2

ADAP2

APOBEC3C

1
e High risk . °
o <« d e lowRisk :
9] |
& '
x N o 1
o
m _____________________ T e e B TR R R A=
o 1
1
(_" |
o 1
1 1 1 1 1
0 100 200 300 400
® )
D o |® Dead 8 )
s T | e Alve ° ° I
o ° % ]
> o L L ] ! L] e
0 o~ ® e ® o
£ oo e .
% .' - - & ..:. ‘.‘ ° H .. ..: : ° .. . ‘.
0 - o o o
E ] A AR At e At
3o RO T T . (o)
1 1 1 1 1
0 100 200 300 400

Patients (increasing risk socre)





OPS/images/fgene-11-00441-g002.jpg
Module-trait relationships

MEpurple
MEturquoise

MEblack

0.5
MEbrown

MEmagenta

0.03 -0.25
(2e-08) =)

MEgreen

-0.13
(0.003)

MEred

0.087
(0.05)

MEyellow

-0.032
(0.5)

MEblue

-0.12
(0.007)

MEDpink

-0.083 -1
(0.06)

MEgrey

MRNASI EREG-mRNAsI





OPS/images/fgene-11-00441-g003.jpg
regulation of leukocyte activation

positive regulation of cytokine production
neutrophil degranulation s

neutrophil activation involved in immune response §
neutrophil mediated immunity 9

neutrophil activationd

regulation of immune effector process ¥

positive regulation of response to external stimulus 4
positive regulation of cell activation

positive regulation of leukocyte activation

d8

secretory granule membrane 3
plasma membrane protein complex 4
endocytic vesicley

lysosomal membrane

lytic vacuole membrane

side of membrane?

phagocytic vesicley

tertiary granule

MHC protein complexH

MHC class Il protein complexH

20

peptide binding4

amide binding ¥

MHC class |l protein complex binding ¥

MHC protein complex binding 4

amyloid-beta binding 4

lipopolysaccharide binding %

signaling pattern recognition receptor activity §
pattern recognition receptor activity 4
immunoglobulin binding ¥

peptide antigen binding

ELL

0.1 0.2
GeneRatio

Staphylococcus aureus infection 9
Phagosome

Tuberculosis %

Leishmaniasis ¥

Systemic lupus erythematosus 4

Antigen processing and presentation 4

Cell adhesion molecules (CAMs)

Human T-cell leukemia virus 1 infection
Viral myocarditis

Rheumatoid arthritis 4

Osteoclast differentiation

Kaposi sarcoma-associated herpesvirus infection 4
Epstein-Barr virus infection 4

Allograft rejection

Graft-versus—-host disease 4

Type | diabetes mellitus 4

Autoimmune thyroid disease 4

Pertussis

Complement and coagulation cascades
Hematopoietic cell lineage 4

Platelet activation 4

Natural killer cell mediated cytotoxicity 4
Asthma

Intestinal immune network for IgA production
Inflammatory bowel disease (IBD) 4

Th1 and Th2 cell differentiation

Chagas disease (American trypanosomiasis) 4
Th17 cell differentiation

Toxoplasmosis 4

Legionellosis

0 0.15 0.20
GeneRatio

o
e

Count

o
@
@
.20

p.adjust

0.002
0.004

0.006

p.adjust

0.001
0.002

0.003

Count
® 4

®s

@
o





OPS/images/fgene-11-00441-g001.jpg
GTEx database

TCGA database [

DEGs mRNAsi

GO enrichment analysis

:

WGCNA analysis

:

KEGG signaling

: 4
pathways analysis
Kaplan-Meier curve
ROC curve ——P>

Risk plot

Stemness indices-related hub genes

Training cohort =T

Risk signature [————>>

Kaplan-Meier survival analysis

ESTIMATE algorithm

!

mRNAsi/purity index

!

Kaplan-Meier survival analysis

Correlation analysis

}

Clinical-pathological factors

Internal validation

TCGA

Y

Prongositc analysis

‘T

External validation T

CGGA






OPS/images/fgene-11-00441-e000.jpg
k
Model : Riskscore = Z Bisi

=1





