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Background: Many biological clocks related to aging have been linked to the development of cancer. A recent study has identified that the inflammatory aging clock was an excellent indicator to track multiple diseases. However, the role of the inflammatory aging clock in glioblastoma (GBM) remains to be explored. This study aimed to investigate the expression patterns and the prognostic values of inflammatory aging (iAge) in GBM, and its relations with stem cells.
Methods: Inflammation-related genes (IRG) and their relations with chronological age in normal samples from the Cancer Genome Atlas (TCGA) were identified by the Spearman correlation analysis. Then, we calculated the iAge and computed their correlations with chronological age in 168 patients with GBM. Next, iAge was applied to classify the patients into high- and low-iAge subtypes. Next, the survival analysis was performed. In addition, the correlations between iAge and stem cell indexes were evaluated. Finally, the results were validated in an external cohort.
Results: Thirty-eight IRG were significantly associated with chronological age (|coefficient| > 0.5), and were used to calculate the iAge. Correlation analysis showed that iAge was positively correlated with chronological age. Enrichment analysis demonstrated that iAge was highly associated with immune cells and inflammatory activities. Survival analysis showed the patients in the low-iAge subtype had significantly better overall survival (OS) than those in the high-iAge subtype (p < 0.001). In addition, iAge outperformed the chronological age in revealing the correlations with stem cell stemness. External validation demonstrated that iAge was an excellent method to classify cancer subtypes and predict survival in patients with GBM.
Conclusions: Inflammatory aging clock may be involved in the GBM via potential influences on immune-related activities. iAge could be used as biomarkers for predicting the OS and monitoring the stem cell.
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1 INTRODUCTION
Glioblastoma (GBM) is the most common primary malignant tumor in adults, accounting for 48% of primary malignant tumors in the central nervous system (CNS) (Batash et al., 2017). Although the multidisciplinary treatments were taken, the median survival of GBM is merely approximately 15 months (Alifieris and Trafalis, 2015). The development of GBM is an evolutionary biological procedure with sequential steps, including genetic alteration, abnormal immunological functions, chronic inflammation, etc. (Waters et al., 2019; Ruff et al., 2020). It’s reported that the incidence of GBM rises dramatically after 54 years old and reaches a peak at the age of 74–85 years old (Ostrom et al., 2015). Several studies have identified that aging is a well-defined risk factor for GBM incidence and prognosis (Thakkar et al., 2014; Le Rhun et al., 2019).
Individual physical performance and health status markedly vary across chronological ages, at an accelerated or decelerated rate. It’s well appreciated that people at the same chronological age could have different physiological functions, while the individual at different chronological age may have same physiological conditions. Therefore, biological age, rather than chronological age, may be a more accurate biomarker to predict an individual age-related disorder. Aging is an inevitable time-dependent state and shares similar hallmarks with cancer (Aunan et al., 2017). One of the prominent features of aging is the stem cell exhaustion, which loss the capacity to maintain cellular homeostasis and repair injury (Rossi et al., 2008). Another hallmark in aging is the increase of low-grade inflammation, which is accompanied by the accumulation of proinflammatory damage and the dysfunction of immune cells (López-Otín et al., 2013). Contrary to acute inflammation, the aging cells secret diverse cytokines and induce the chronic adaptive immune response.
In 1863, Prof. Rudolf Virchow proposed the hypothesis that cancer may originate from chronic inflammation (Balkwill and Mantovani, 2001). Over the past century, the complex interplays between cancer and inflammation have been revealed. Nowadays, the mainstream view is that the GBM is cancer-induced inflammation, since the inflammation seems to be driven by oncogenes in GBM. In addition, radiation and cellular senescence could induce inflammation in GBM (Yeung et al., 2013). Cytokines released from inflammatory cells could promote tumor growth, enhance angiogenesis and induce metastasis (Coussens and Werb, 2002). Maybe the most meaningful clinical application is inflammation and anti-cancer therapy, and much data demonstrated that the anti-inflammatory drugs could reduce the tumor risk by 30% in some malignancies (Friis et al., 2015). Although the significances of inflammation are extensively explored, there are no standard methods to monitor the inflammatory cells changes and establish the reference values for age-related inflammation in GBM.
Recently, Prof. Furman David and his collaborative team have constructed a metric to estimate the age of systemic inflammation, termed inflammatory aging clock (Sayed et al., 2021). Similar to the epigenetic clock and transcriptomic clock, the inflammatory age (iAge) could track multifaceted aging phenotypes and have clinical significance in translation medicine. However, the potential applications of iAge in GBM have never been studied. Considering the intricated communications between inflammation and GBM, we systematically investigated the roles of iAge in GBM. We found that iAge was closely correlated with chronological age, and strongly correlated with inflammatory cell responses. Survival analysis showed that iAge could serve as a prognostic biomarker for overall survival (OS). Furthermore, the iAge could precisely predict GBM stem cells (GSC) stemness. Collectively, our findings provided evidence to depict the inflammatory clock, and characterize the iAge of patients with GBM.
2 MATERIALS AND METHODS
2.1 Acquisition of inflammation-related gene expression and clinical information
Inflammation-related genes (IRG) expression profiles were downloaded from the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/), which contained the RNA-seq data and clinical information. The batch effect and normalization of the raw data in each sample were completed by the “sva” and “DESeq2” packages, respectively. We only recruited samples with complete RNA-seq data and clinical information, and excluded the patients with incomplete or unavailable information. The clinical information of patients with GBM included gender, age, tumor grade, TNM stage, OS, and survival status. In addition, patients with survival time less than 30 days were also excluded to reduce censored data and avoid survival bias. Two hundred IRG were retrieved from the previous study (Liang et al., 2021), and gene items were available in Supplementary Table S1.
2.2 Expression profiles of inflammation-related genes in pan-cancers and functional enrichment
The detailed summary of IRG was retrieved from the hallmark gene sets from the Molecular Signatures Database v7.4 (http://www.gsea-msigdb.org/gsea/msigdb/index.jsp),which contains 200 IFRGs. To investigate the IRG expression levels, we estimated the IRG expression profiles between tumors and corresponding normal samples in 20 cancers from TCGA. Next, significantly differentially expressed genes were compared between normal and tumor groups. Genes with |log2 fold change, logFC| > 1.5 and false discovery rate (FDR) <0.05 were considered significantly different.
To explore the IRG functions and possible mechanisms involved in the GBM, we performed the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis by the “clusterProfiler” package (Yu et al., 2012). Three levels annotations of KEGG were downloaded from KEGG Pathway Maps (https://www.kegg.jp/kegg-bin/get_htext?br08901.keg) (Shi et al., 2019). Then, to verify whether the pattern of differentially expressed genes appears randomly, we conducted the randomization test and repeated it 1,000 times. Next, to determine whether up- and downregulated IRG were significantly enriched in the inflammation-related activities, we performed the ROAST test by the “limma” and “statmod” packages. ROAST test is an alternative hypothesis that all target genes could be expected to regulate in the same direction (Wu et al., 2010).
2.2.1 Data collection and curation of the inflammatory aging clock-related inflammation-related genes
According to age classification criteria proposed by Zhu et al. (2019), we divided chronological ages into four categories: the young group: ≤ 44 years old; the middle-aged group: 45–59 years old; the old-young group: 60–74 years old; old group: ≥75 years old. To identify inflammatory aging clock-related IRG, we calculated the correlation coefficients between IRG and chronological age in normal samples from pan-cancers. Then, the predicted iAge was calculated based on the formula: iAge = C * (β1 * X1 + β2 * X2 + β3 * X3 + ... βm * Xm). iAge is the predicted inflammatory age; C is the chronological age; β is the coefficient and X represents the IRG expression level.
2.2.2 Characterization of glioblastoma subtypes and survival analysis based on inflammatory age
To predict the subtypes of patients with GBM, we divided patients into high- and low-iAge subtypes according to the median of iAge. Patients’ prognosis and survival status between high- and low-iAge subtypes were compared by the “reshape2”, “ggplot2” packages (Zhang et al., 2021).
To explore the survival values of the iAge-related IRG in patients with GBM, we first performed the univariate Cox regression analysis. Then, the random forest algorithm was applied to further screen the prognostic genes, and the seed was set as 12345678. The importance of each IRG, hazard ratio (HR), confidence interval (CI) and out-of-bag estimates were calculated. This work was done by the “randomForestSRC” package (Yuan et al., 2020).
2.3 Inflammatory age and stem cell index
To explore the associations between inflammation and stem cells in GBM, we analyzed the relationships between predicted age, chronological age and stem cell index using linear regression. The stem cell index included mRNA expression-based stemness index (mRNAsi), epigenetically regulated mRNAsi (EREG-mRNAsi), DNA methylation-based stemness index (mDNAsi), DNA methylation-based mDNAsi (EREG-mDNAsi) (Malta et al., 2018). Every stem cell index in each sample was obtained from the published study (Malta et al., 2018). The details of the stem cell index were provided in Supplementary Tables S2, S3.
2.4 External validation
We apply the Chinese Glioma Genome Atlas (CGGA) (http://www.cgga.org.cn/), a glioma-related resource with genomic and clinical data, to validate the results from TCGA. Patients were recruited for analysis according to the inclusion criteria: 1) primary GBM; 2) single GBM; 3) complete clinical information and genomic data. The external validation serves two purposes: 1) to verify whether iAge was an effective method to classify the GBM subtypes; 2) to verify whether iAge was a prognostic tool to predict patients’ survival. The overall study design is presented in Figure 1.
[image: Figure 1]FIGURE 1 | The flowchart of overall study design. Data acquisition and iAge establishment were based on TCGA dataset, and validation was from GEO database. TCGA, the Cancer Genome Atlas; iAge, inflammatory age; GBM, glioblastoma; CGGA, Chinese Glioma Genome Atlas.
2.5 Statistical analysis
Wilcoxon matched-pair signed test was used to compare the gene expression differences between normal and 20 tumor samples. The statistical criteria of functional enrichment analysis were as follows: logFC > 1 and p < 0.05. Spearman correlation was used to correlation coefficients between IRG and chronological age, and the |coefficient| ≥ 0.5 was regarded as significant correlation. Cox regression was performed to select the prognostic factors. Log-rank test was applied to compare the survival differences, and the Kaplan-Meier curve was established to visualize the results. p < 0.05 was considered statistically significant. All the analyses were completed using R language software (version 4.0.3).
3 RESULTS
3.1 Inflammation-related genes expression profiles in different chronological age groups
Chronological age refers to the length of time that one person has lived from birth to the time of calculation. To explore the expression profiles of the 200 IRG, we first collected the pan-cancers samples (n = 6249) and their corresponding normal samples (n = 702). The results showed the IRG expression levels were distinct between normal and tumor tissue in pan-cancer (Figure 2A). Then, we classified the normal samples (n = 702) into four groups according to the age classification criteria described above. The heatmap demonstrated the IRG expression pattern was significantly different among the four groups (Figure 2B). Next, we downloaded the GBM samples (n = 168) with complete clinical information and transcriptome data from TCGA according to the inclusion criteria, and we calculated the coefficients between IRG expression and chronological age in patients with GBM. The basic clinical information of patients with GBM was shown in Table 1. The results showed that there were 38 genes were significantly associated with chronological age (|coefficient| ≥ 0.5) (Figure 2C). The 38 IRG expression profiles in GBM samples were provided in Supplementary Table S4, and their correlations with age were provided in Supplementary Table S5. To further characterize the 38 IRG, gene positions in chromosomes were shown in Figure 2D. Next, we performed the network analysis among the 38 IRG, and the results were visualized in Figure 2E. MACRO, ADGRE1, IL15RA, RHOG, RNF144B, CXCL8, PLAUR, GNA15, C5AR1, CCRL2, PVR, LDLR, HRH1, IL18, CDKN1A, IRF1 and RAF1 had negative correlations. The other IRG had positive correlations.
[image: Figure 2]FIGURE 2 | IRG expression profiles in pan-cancers and GBM. (A) The expression landscape of IRG in pan-cancers. Y axis represented the IRG relative expression level. Every purple dot indicated one tumor sample, while the normal sample in green. p values were calculated based on the two-tailed Student t-test. (B) Heatmap of IRG expression patterns in four different chronological age groups. Red represented the IRG high expression, while the low expression in blue. (C) Pie chart of the IRG. Spearman correlation showed 38 IRG (20%) were significantly associated with age (|coefficient| ≥ 0.5, p < 0.05). (D) Distribution of IRG on chromosomes. The 38 IRG were marked by red boxes. (E) Network analysis among 38 IRG. Red lines indicate the positive correlation, while negative in blue.
TABLE 1 | Basic clinical information of patients with GBM in TCGA (n = 168).
[image: Table 1]3.2 Model construction of the inflammatory clock
The inflammatory aging clock was constructed to predict the inflammatory age based on the IRG expression levels and their correlations with chronological age. We controlled for iAge to ensure the authenticity and reliability of results. Through the linear regression, we found 38 IRG were significantly associated with chronological age (|coefficient| ≥ 0.5, p < 0.05), and used them to calculate the iAge according to the formula described above. The landscape of chronological age and iAge in patients with GBM was shown in Figure 3A. Linear regression demonstrated that they had a positive correlation (R = 0.62, p < 0.001) (Figure 3B). There were several abnormal prediction values (approximately 150 years old), suggesting the excessively activated inflammatory response. Next, we randomized the patients with GBM into training group and test group to evaluate the accuracy of the inflammatory aging clock. Training and test groups both exhibited excellent fitness and agreement (R = 0.77, p < 0.001; R = 0.64, p < 0.001) (Figures 3C,D, respectively). And the clinical characteristics of the training and test groups can be seen in Table 2.
[image: Figure 3]FIGURE 3 | Correlations analysis between iAge and chronological age. (A) Differential pattern of iAge and chronological age. Above the X-axis is the iAge, and chronological ages below the X-axis. (B) Scatter diagram showed the correlations between iAge and chronological age in the entire cohort (B), training cohort (C) and test cohort (D).
TABLE 2 | Basic clinical information of patients with GBM in training and test group.
[image: Table 2]3.3 Functional enrichment
To explore the physiologies and functions in which iAge was involved, KEGG functional categories were performed. KEGG results showed that the 38 genes were enriched in cell growth, cell death, immune system, and immune diseases (Figure 4A). Further analysis showed that iAge was significantly enriched in cellular senescence, cytokine-cytokine receptor and signal pathways. Consistent with the KEGG, GO results found the 38 genes were strongly associated with cellular response and immunological activities (Figure 4B). The above results indicated that iAge was strongly correlated with cellular senescence, and immunological activities. To determine the significance of the iAge-related IRG classification, we performed the randomization test with 1000 iterations. The result showed there was 75.8% probability of appearing in the iAge-related pathways (Figure 4C). Then, we used the ROAST algorithm to identify whether the iAge-related IRG were significantly enriched in the inflammatory activities. The results demonstrated that iAge-related IRG were highly correlated with inflammation (Figure 4D). Furthermore, the gene set analysis revealed that the up- and downregulated genes with expression changes were strongly correlated with iAge (Figure 4E). In a nutshell, the iAge-related IRG have close relationships with inflammatory activities.
[image: Figure 4]FIGURE 4 | Functional enrichment analysis. (A) KEGG enrichment analysis showed the 38 IRG were strongly associated with cellular response and immunological activities. (B) GO enrichment analysis demonstrated that IRG had close relationships with inflammatory cell activation, cellular response and immune cell activities. (C) iAge-related IRG randomization test result. The p value implied the probability that iAge-related IRG are randomly involved in the inflammatory activities. Gene set bar (D) and barcode plot (E) analysis. iAge-related IRG were visualized as a shaded rectangle. The red bars represented the upregulated IRG, while the downregulated ones in blue. The enrichment scores above and below the shaded rectangle indicated the enrichment levels.
3.3.1 Characterization of the glioblastoma subtypes based on inflammatory age
We firstly calculated the iAge of each patient according to the above formula, and classified patients with GBM into high-iAge subtype (n = 84) and low-iAge subtype (n = 84). Then, we used three methods to evaluate the utilities of iAge clock: 1) Kaplan–Meier survival curve with the log-rank test between different subtypes; 2) iAge plot to visualize the predicted inflammatory age of each patient; 3) Survival status to illustrate patients’ outcomes. Our results showed that patients in the low-iAge subtype had significantly better OS than those with high-iAge (Figure 5A). Figure 5B demonstrated the iAge plot of each patient. With the increase of iAge, more and more patients died (Figure 5C). For these analyses, we controlled for age, Karnofsky score, gender, race and tumor size, because of the reported effect of each variable on the survival. Taken together, we successfully divided patients into high- and low-iAge subtypes.
[image: Figure 5]FIGURE 5 | GBM subtype classification based on iAge. (A) Kaplan–Meier survival curve with log-rank test between high- and low-iAge subtypes. (B) Visualization of the iAge plot in high- and low-iAge subtypes. The inflection point refers to the median of iAge. (C) Survival distribution plot. The red dots represent the dead, and bule represent the alive.
3.4 Associations between inflammatory age and survival
To evaluate the influence of iAge on patients’ survival, we first investigated the correlations among the clinical features in the two GBM subtypes by the “ggcor” package. We observed there were no significant clinical differences between the two groups (Figure 6A). The univariate Cox regression results demonstrated there were 42 significant prognostic IRG for OS (p < 0.05) (Figure 6B). Figure 6C displayed the top 15 significant prognostic IRG (TNFSF9, TNFSF15, PTGIR, PTGER2, PLAUR, MEFV, MARCO, IL4R, GNA15, DCBLD2, CXCL6, CD70, CCL20, C5AR1, AQP9). They were all risk factors for OS (HR > 1). Next, the random forest was used for further selection. The relations between the number of trees and error rate were shown in Figure 6D (the left box). The gene importance was demonstrated in Figure 6D (the right box).
[image: Figure 6]FIGURE 6 | Survival analysis of IRG for OS in patients with GBM. (A) Correlations analysis between clinical information and subtypes groups. The data demonstrated there were no significant clinical differences between the two clusters. (B) Volcano plot demonstrated the significant prognostic genes with p < 005. (C) Forest plot showed the top 15 significant prognostic IRG. (D) Relations between number of trees and error rate, and the out-of-bag importance of each IRG.
3.5 Correlations between the inflammatory age, chronological age and stem cell index
Stem cell index is a comprehensive score describing the degree of similarity between cancer cells and stem cells. Thus, stem cell index can be regarded as the quantitative presentation of cancer stem cells. Age is a negative indicator of cell stemness, and a higher stem cell index implies a higher dedifferentiation ability and malignancy (Zhang et al., 2021). To explore whether iAge is a factor affecting stem cell differentiation, we calculated the correlations between prediction age, chronological age and four stem cell indexes (mRNAsi, EREG-mRNAsi, mDNAsi, EREG-mDNAsi). Our data demonstrated that iAge is a negative factor of mRNAsi (R = −0.44, p < 0.01) and mDNAsi (R = −0.34, p < 0.01) (Figures 7A,C, respectively), which generally indicated that iAge could serve as a useful biomarker to deduce the stem cells characteristics and help to understand the cancer progression. We observed no significant correlations between iAge, EREG-mRNAsi and EREG-mDNAsi (Figures 7B,D, respectively). The chronological age had no close relationships between mRNAsi, EREG-mRNAsi, mDNAsi, EREG-mDNAsi (|R|<0.2, p > 0.05) (Figures 7E–H, respectively). Collectively, our findings suggested that iAge is a better factor reflecting the GSC stemness superior to chronological age.
[image: Figure 7]FIGURE 7 | Correlation analysis between stem cell index, iAge, and chronological age. Correlation scatter plots depicting the relations between iAge and mRNAsi (A), EREG-mRNAsi (B), mDNAsi (C) and EREG-mDNAsi (D). Similarly, Relations between chronological age and mRNAsi, EREG-mRNAsi, mDNAsi and EREG-mDNAsi were shown in (E–H), respectively. p < 0.05 was considered as statistical significance.
3.6 External validation of inflammatory age in CCGA
A total of 388 patients with GBM were downloaded from CGGA. According to the inclusion criteria described above, we excluded 172 patients (n = 163 for recurrent and multiple GBM, n = 9 for unknown survival time). Finally, 216 patients with GBM were recruited for analysis. According to the original 38 IRG calculated in the TCGA, we used the same genes to construct the iAge in the CGGA (The expression data of the 38 genes were provided in Supplementary Table S6). Then, we calculated the iAge of each patient according to the above formula. To test whether iAge is an appropriate method to classify patients into different subtypes, we set the median of the iAge as the threshold to divide these 216 patients into high- and low-iAge subtypes (n = 108, 108, respectively). The data demonstrated that patients in the low-iAge subtype had significantly better OS than those in high-iAge subtype (Figure 8A). Figure 8B demonstrated the iAge distributions of each patient, and patients in different subtypes were marked with different color. In addition, with the increase of iAge, more and more patients died (Figure 8C). The available data implied iAge was a useful tool to classify GBM subtypes.
[image: Figure 8]FIGURE 8 | Validation of GBM subtype classification based on iAge from CGGA. (A) Kaplan–Meier survival curve with log-rank test between high- and low-iAge subtypes. Patients in the low-iAge subtype had higher probabilities to survive longer (p = 0.01). (B) Visualization of the iAge plot in high- and low-iAge subtypes. The inflection point refers to the median of iAge. (C) Survival distribution plot. The red dots represent the dead, and bule represent the alive.
Finally, to validate the prognostic values of iAge in patients with GBM, we performed the survival analysis and calculated the annual survival probability. The median overall survival was 1.26 years, with the 5-year survival rate of 15%. The survival probability decreased per year relative to the total survival time (Figure 9).
[image: Figure 9]FIGURE 9 | Kaplan–Meier estimates for conditional survival up to 6 years in 216 patients given 0–6 years’ survival. Every column indicated the survived year, and every row represented the survival percentage. The Kaplan-Meier curves were truncated at the maximal survival time (Upper). Survival probability table of each year was shown in numerical form (Middle). The number of total survived patients were represented in numerical form corresponding to the 0–6 years (Bottom). For example, if a patient has survived 3 years, the probability to be alive at 4th and 5th years is 72% and 57%, respectively.
4 DISCUSSION
Tumorigenesis is a multiple process involving a series of cellular changes that accumulate over time. Recent works revealed that some critical inflammatory components are dramatically elevated alone with age, especially in the tumors, such as GBM (Balkwill and Mantovani, 2001; Yeung et al., 2013; Kotas and Medzhitov, 2015). Thus, it’s reasonable to speculate that age played vital roles in inflammatory cells and the initiation of GBM. The latest study demonstrated that aging could be utilized to detect the inflammatory phenotypes in age-related disease (Sayed et al., 2021). To elucidate whether inflammation is influenced by age in GBM, we comprehensively explored the associations between age and inflammations through bioinformatics. In the present study, we found that the inflammatory aging clock was a reliable method to predict the inflammatory age and classify the GBM subtypes. Moreover, the GSC indexes decreased with the predicted inflammatory age. Functional enrichment analysis implied that the inflammatory aging clock was engaged in GBM by inflammation-related activities, immune cells, and immune response.
The proposed iAge model was constructed based on a similar algorithm that Horvath S adopted (Horvath, 2013). It’s optimal for the identification of the major inflammatory age contributors. Unlike other well-established cancer clocks (Horvath and Raj, 2018; Choukrallah et al., 2020), iAge is capable of capturing the inflammatory features, and strives to explain the complicated cross-talks between chronic inflammation and age. In this study, we found the iAge had the same tendency with the chronological age (R > 0.5), implying inflammatory dysfunctions are prone to accumulate when getting older. This result was accordant with the previous study, which pointed out that physiological aging usually brings with the activation of inflammatory signals and persistent inflammations (Franceschi and Campisi, 2014). More importantly, we applied the inflammatory clock to depict the differences between iAge and chronological age. The results unraveled that GBM is characterized by abnormal inflammatory expression patterns, and the age differences between iAge and chronological age could help to understand the GBM development.
Tumors with exactly the same histopathology may have completely different therapeutic responses and survival outcomes as a result of molecular heterogeneity. Current various subtypes have fully considered the key molecules that drive GBM progression, but failed to help improve survival (Lee et al., 2018). Owing to the large-scale studies emphasizing the significances of genome and inflammation, thus, we tentatively classified the patients with GBM based on the inflammatory aging clock. The results showed our subtype was robust and had good discrimination ability to cluster patients based on iAge. The subtypes classification derived from consensus clustering have aggregated multi-omics data, designated inflammation and survival information, and may successfully reflect the relations between GBM and inflammation. In addition, previous work revealed the roles of cancer clock in survival are context-dependent across different tumors (Lin and Wagner, 2015), suggesting the inflammatory clock may be a double-edged sword. In our study, survival analysis demonstrated that the inflammatory clock was a prognostic factor for OS, and could be utilized as an assessment tool for patients’ outcomes.
The inflammatory and immunological response failures to recognize and destroy malignant cells may be a result of the initiation of GBM. Our data revealed significant master genes of IRG in GBM. In accordance with previous studies, IL4R was demonstrated to be a useful biomarker for inflammation, and immunotherapy response (Puri, 1999; Ellingson et al., 2021). Similarly, CD70 was an essential component maintaining aggressiveness and recurrence, as well as inflammation and immune, suggesting IRG could help to unlock the resident GBM microenvironment (Seyfrid et al., 2022). In addition, IRG could act as promising biomarkers to predict prognosis in patients with GBM (Qiu et al., 2020; Seyfrid et al., 2022). Our study appears to be a novel result revealing the inflammatory presence and serve as potential biomarkers to predict survival.
GSC are responsible for therapeutic resistance and tumor recurrence (Sharifzad et al., 2019). Tumor progression is usually accompanied by the loss of cell differentiation and the acquisition of stemness. The regulation of GSC stemness involves intrinsic and extrinsic mechanisms, such as the immune system and tumor microenvironment (Lathia et al., 2015). Inflammatory cells inside the microenvironment could lead to an immunosuppressive situation that favors tumor growths (Lathia et al., 2015). In this study, we found the GSC stemness decreased with the increase of age. The iAge led us to assess the relationships between cancer stem cells and GBM, and provided us a method to identify inflammatory factors that may influence cancer development based on iAge. Furthermore, it’s notable that the iAge outperformed the chronological age in revealing the relevance with stem cell stemness (Figures 6A,C,E,G), implying that GSC with low iAge harbor more substantial tumor-promoting properties. Since all the tissues and organs are derived from stem cells, confirmation of stem cell characteristics by iAge will reflect the individual physical conditions and disease development. These findings implicated that iAge may be an appropriate candidate to monitor the GSC stemness.
The strength of this study is that we explored the inflammatory aging clock in GBM for the first time with reliable and repeatable statistical methods, and validated in an external cohort. Undeniably, there are also several limitations. Firstly, the iAge clock proposed by Prof. Furman David et al. was mainly based on blood immunome (Sayed et al., 2021). It’s universally known that variation in gene expression is extensive among tissue specimens and blood. Differences of iAge sources between blood and tissue specimens are inevitable. While it’s reasonable to identify the causality between iAge and GBM in the context of transcriptome data from TCGA, the biological aging clock needs to be experimentally tested in further study. Secondly, despite the proven utilities of iAge to characterize the patients’ subtype and predict the survival by the theoretical algorithm, it may be not applied in the real-world study. Thirdly, the exact mechanisms between inflammatory aging clock and GBM are unclear, although enrichment analysis was performed and may not completely mirror the physiologies in vivo. Finally, the iAge does not apply to all types of cancers because of the tumor heterogeneities. Notwithstanding its limitations, this study shed light on the link between inflammation and age in GBM, and these shortcomings will be resolved if there were enough data from a real-world study.
In conclusion, we identified the physiological importance and function of the inflammatory aging clock in GBM, which can be used to predict survival and monitor the stem cell. We provided novel insights into how iAge is a critical event for the development of GBM. Elucidation of the relations between inflammation and age will ultimately aid in the creation of new therapy that targets GBM.
DATA AVAILABILITY STATEMENT
All data were available in TCGA database (https://portal.gdc.cancer.gov) and CGGA database (http://www.cgga.org.cn/). All the data displayed in the present manuscript are available from the corresponding author upon reasonable request.
AUTHOR CONTRIBUTIONS
LZ contributed to conception, design, data acquisition of the work. FW contributed to interpretation and data analysis. JH contributed to data collection and interpreted the results. HW revised the manuscript. GW conceived and designed the study protocol. JJ re-modified and enhanced the manuscript based on reviewers’ comments. QL reviewed and approved the final version of the manuscript. All authors contributed to the article and approved the submitted version.
FUNDING
This work was supported by Health Special Project of Pudong Health Bureau of Shanghai (PW2020E-5), Health Project of Pudong Health Bureau of Shanghai (PW2020A-51), Health Special Project of Pudong Health Bureau of Shanghai (PKJ2021-Y09), Taizhou the fifth “311 Project” scientific research support project (RCPY202129).
ACKNOWLEDGMENTS
We acknowledge TCGA and CGGA database for providing their platforms and contributors for uploading their meaningful datasets, and would like to thank all the authors listed for their contribution to the present study.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.925469/full#supplementary-material
ABBREVIATIONS
GBM, glioblastoma; CNS, central nervous system; iAge, inflammatory age; OS, overall survival; GSC, GBM stem cells; IRG, inflammation-related genes; TCGA, the Cancer Genome Atlas; logFC, log2 fold change; FDR, false discovery rate; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; HR, hazard ratio; CI, confidence interval; mRNAsi, mRNA expression-based stemness index; EREG-mRNAsi, epigenetically regulated mRNAsi; mDNAsi, DNA methylation-based stemness index; EREG-mDNAsi, DNA methylation-based mDNAsi; CGGA, Chinese Glioma Genome Atlas.
REFERENCES
 Alifieris, C., and Trafalis, D. T. (2015). Glioblastoma multiforme: Pathogenesis and treatment. Pharmacol. Ther. 152, 63–82. doi:10.1016/j.pharmthera.2015.05.005
 Aunan, J. R., Cho, W. C., and Søreide, K. (2017). The biology of aging and cancer: A brief overview of shared and divergent molecular hallmarks. Aging Dis. 8 (5), 628–642. doi:10.14336/AD.2017.0103
 Balkwill, F., and Mantovani, A. (2001). Inflammation and cancer: Back to virchow?Lancet 357 (9255), 539–545. doi:10.1016/S0140-6736(00)04046-0
 Batash, R., Asna, N., Schaffer, P., Francis, N., and Schaffer, M. (2017). Glioblastoma multiforme, diagnosis and treatment; recent literature review. Curr. Med. Chem. 24 (27), 3002–3009. doi:10.2174/0929867324666170516123206
 Choukrallah, M. A., Hoeng, J., Peitsch, M. C., and Martin, F. (2020). Lung transcriptomic clock predicts premature aging in cigarette smoke-exposed mice. BMC Genomics 21 (1), 291. doi:10.1186/s12864-020-6712-z
 Coussens, L. M., and Werb, Z. (2002). Inflammation and cancer. Nature 420 (6917), 860–867. doi:10.1038/nature01322
 Ellingson, B. M., Sampson, J., Achrol, A. S., Aghi, M. K., Bankiewicz, K., Wang, C., et al. (2021). Modified RANO, immunotherapy RANO, and standard RANO response to convection-enhanced delivery of il4r-targeted immunotoxin MDNA55 in recurrent glioblastoma. Clin. Cancer Res. 27 (14), 3916–3925. doi:10.1158/1078-0432.CCR-21-0446
 Franceschi, C., and Campisi, J. (2014). Chronic inflammation (inflammaging) and its potential contribution to age-associated diseases. J. Gerontol. A Biol. Sci. Med. Sci. 69, S4–S9. doi:10.1093/gerona/glu057
 Friis, S., Riis, A. H., Erichsen, R., Baron, J. A., and Sørensen, H. T. (2015). Low-dose aspirin or nonsteroidal anti-inflammatory drug use and colorectal cancer risk: A population-based, case-control study. Ann. Intern. Med. 163 (5), 347–355. doi:10.7326/M15-0039
 Horvath, S., and Raj, K. (2018). DNA methylation-based biomarkers and the epigenetic clock theory of ageing. Nat. Rev. Genet. 19 (6), 371–384. doi:10.1038/s41576-018-0004-3
 Horvath, S. (2013). Erratum to: DNA methylation age of human tissues and cell types. Genome Biol. 14 (10), R115. doi:10.1186/s13059-015-0649-6
 Kotas, M. E., and Medzhitov, R. (2015). Homeostasis, inflammation, and disease susceptibility. Cell. 160 (5), 816–827. doi:10.1016/j.cell.2015.02.010
 Lathia, J. D., Mack, S. C., Mulkearns-Hubert, E. E., Valentim, C. L., and Rich, J. N. (2015). Cancer stem cells in glioblastoma. Genes. Dev. 29 (12), 1203–1217. doi:10.1101/gad.261982.115
 Le Rhun, E., Preusser, M., Roth, P., Reardon, D. A., van den Bent, M., Wen, P., et al. (2019). Molecular targeted therapy of glioblastoma. Cancer Treat. Rev. 80, 101896. doi:10.1016/j.ctrv.2019.101896
 Lee, E., Yong, R. L., Paddison, P., and Zhu, J. (2018). Comparison of glioblastoma (GBM) molecular classification methods. Semin. Cancer Biol. 53, 201–211. doi:10.1016/j.semcancer.2018.07.006
 Liang, Y., Wu, X., Su, Q., Liu, Y., and Xiao, H. (2021). Identification and validation of a novel inflammatory response-related gene signature for the prognosis of colon cancer. J. Inflamm. Res. 14, 3809–3821. doi:10.2147/JIR.S321852
 Lin, Q., and Wagner, W. (2015). Epigenetic aging Signatures are coherently modified in cancer. PLoS Genet. 11 (6), e1005334. doi:10.1371/journal.pgen.1005334
 López-Otín, C., Blasco, M. A., Partridge, L., Serrano, M., and Kroemer, G. (2013). The hallmarks of aging. Cell. 153 (6), 1194–1217. doi:10.1016/j.cell.2013.05.039
 Malta, T. M., Sokolov, A., Gentles, A. J., Burzykowski, T., Poisson, L., Weinstein, J. N., Kamińska, B., Huelsken, J., Omberg, L., Gevaert, O., Colaprico, A., Czerwińska, P., Mazurek, S., Mishra, L., Heyn, H., Krasnitz, A., Godwin, A. K., Lazar, A. J., Stuart, J. M., Hoadley, K. A., Laird, P. W., Noushmehr, H., and Wiznerowicz, M.Cancer Genome Atlas Research Network (2018). Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell. 173 (2), 338–354. e15. doi:10.1016/j.cell.2018.03.034
 Ostrom, Q. T., Gittleman, H., Fulop, J., Liu, M., Blanda, R., Kromer, C., et al. (2015). CBTRUS statistical report: Primary brain and central nervous system tumors diagnosed in the United States in 2008-2012. Neuro. Oncol. 17, iv1–iv62. doi:10.1093/neuonc/nov189
 Puri, R. K. (1999). Development of a recombinant interleukin-4-Pseudomonas exotoxin for therapy of glioblastoma. Toxicol. Pathol. 27 (1), 53–57. doi:10.1177/019262339902700111
 Qiu, H., Li, Y., Cheng, S., Li, J., He, C., Li, J., et al. (2020). A prognostic microenvironment-related immune signature via ESTIMATE (PROMISE model) predicts overall survival of patients with glioma. Front. Oncol. 10, 580263. doi:10.3389/fonc.2020.580263
 Rossi, D. J., Jamieson, C. H., and Weissman, I. L. (2008). Stems cells and the pathways to aging and cancer. Cell. 132 (4), 681–696. doi:10.1016/j.cell.2008.01.036
 Ruff, M., Kizilbash, S., and Buckner, J. (2020). Further understanding of glioma mechanisms of pathogenesis: Implications for therapeutic development. Expert Rev. Anticancer Ther. 20 (5), 355–363. doi:10.1080/14737140.2020.1757440
 Sayed, N., Huang, Y., Nguyen, K., Krejciova-Rajaniemi, Z., Grawe, A. P., Gao, T., et al. (2021). An inflammatory aging clock (iAge) based on deep learning tracks multimorbidity, immunosenescence, frailty and cardiovascular aging. Nat. Aging 1, 598–615. doi:10.1038/s43587-021-00082-y
 Seyfrid, M., Maich, W. T., Shaikh, V. M., Tatari, N., Upreti, D., Piyasena, D., et al. (2022). CD70 as an actionable immunotherapeutic target in recurrent glioblastoma and its microenvironment. J. Immunother. Cancer 10 (1), e003289. doi:10.1136/jitc-2021-003289
 Sharifzad, F., Ghavami, S., Verdi, J., Mardpour, S., Mollapour Sisakht, M., Azizi, Z., et al. (2019). Glioblastoma cancer stem cell biology: Potential theranostic targets. Drug resist. updat. 42, 35–45. doi:10.1016/j.drup.2018.03.003
 Shi, W., Li, M., Wei, G., Tian, R., Li, C., Wang, B., et al. (2019). The occurrence of potato common scab correlates with the community composition and function of the geocaulosphere soil microbiome. Microbiome 7 (1), 14. doi:10.1186/s40168-019-0629-2
 Thakkar, J. P., Dolecek, T. A., Horbinski, C., Ostrom, Q. T., Lightner, D. D., Barnholtz-Sloan, J. S., et al. (2014). Epidemiologic and molecular prognostic review of glioblastoma. Cancer Epidemiol. Biomarkers Prev. 23 (10), 1985–1996. doi:10.1158/1055-9965.EPI-14-0275
 Waters, M. R., Gupta, A. S., Mockenhaupt, K., Brown, L. N., Biswas, D. D., Kordula, T., et al. (2019). RelB acts as a molecular switch driving chronic inflammation in glioblastoma multiforme. Oncogenesis 8 (6), 37. doi:10.1038/s41389-019-0146-y
 Wu, D., Lim, E., Vaillant, F., Asselin-Labat, M. L., Visvader, J. E., Smyth, G. K., et al. (2010). Roast: Rotation gene set tests for complex microarray experiments. Bioinformatics 26 (17), 2176–2182. doi:10.1093/bioinformatics/btq401
 Yeung, Y. T., McDonald, K. L., Grewal, T., and Munoz, L. (2013). Interleukins in glioblastoma pathophysiology: Implications for therapy. Br. J. Pharmacol. 168 (3), 591–606. doi:10.1111/bph.12008
 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Yuan, Y., Chen, J., Wang, J., Xu, M., Zhang, Y., Sun, P., et al. (2020). Development and clinical validation of a novel 4-gene prognostic signature predicting survival in colorectal cancer. Front. Oncol. 10, 595. doi:10.3389/fonc.2020.00595
 Zhang, M. Y., Huo, C., Liu, J. Y., Shi, Z. E., Zhang, W. D., Qu, J. J., et al. (2021). Identification of a five autophagy subtype-related gene expression pattern for improving the prognosis of lung adenocarcinoma. Front. Cell. Dev. Biol. 9, 756911. doi:10.3389/fcell.2021.756911
 Zhu, T., Gao, Y., Wang, J., Li, X., Shang, S., Wang, Y., et al. (2019). CancerClock: A DNA methylation age predictor to identify and characterize aging clock in pan-cancer. Front. Bioeng. Biotechnol. 7, 388. doi:10.3389/fbioe.2019.00388
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 © 2022 Zhu, Wang, Huang, Wang, Wang, Jiang and Li. 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/images/fgene-13-925469-g005.gif
A el W






OPS/images/fgene-13-925469-g006.gif





OPS/images/fgene-13-925469-g003.gif





OPS/images/fgene-13-925469-g004.gif





OPS/images/fgene-13-925469-g009.gif





OPS/images/fgene-13-925469-g007.gif





OPS/images/fgene-13-925469-g008.gif
il R M






OPS/xhtml/nav.xhtml
Contents

		Cover

		Inflammatory aging clock: A cancer clock to characterize the patients’ subtypes and predict the overall survival in glioblastoma		1 Introduction

		2 Materials and methods		2.1 Acquisition of inflammation-related gene expression and clinical information

		2.2 Expression profiles of inflammation-related genes in pan-cancers and functional enrichment

		2.3 Inflammatory age and stem cell index

		2.4 External validation

		2.5 Statistical analysis





		3 Results		3.1 Inflammation-related genes expression profiles in different chronological age groups

		3.2 Model construction of the inflammatory clock

		3.3 Functional enrichment

		3.4 Associations between inflammatory age and survival

		3.5 Correlations between the inflammatory age, chronological age and stem cell index

		3.6 External validation of inflammatory age in CCGA





		4 Discussion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		Supplementary material

		Abbreviations

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-925469-g001.gif





OPS/images/fgene-13-925469-g002.gif





OPS/images/fgene-13-925469-t002.jpg
Clinical characteristics Training Test group (n = 84) p value
group (n = 84)

Age (y) 57.14 + 1400 6114 + 1297 0.39
iAge (y) 62.97 £ 15.69 70.19 £ 2115 055
Gender

Male 52 (61.90%) 56 (66.67%) 052
Race

White 70 (83.33%) 79 (94.05) 0.03
Karnofsky score 77.38 + 14.13 74.64 £ 1549 0.19
Tumor longest dimension (cm) 0.75 % 028 080 £ 0.18 0.06
Survival status

Dead 60 (71.43%) 75 (89.29%) 0.004
Survival time 225079 176 + 0.63 0.034

Bl v oeeaiie ki cmsiiene 0D o movsan & .





OPS/images/fgene-13-925469-t001.jpg
Characteristics No.
Age () 59.23 + 13.56
Gender

Male 108 (64.29%)
Race

White 149 (88.69%)

Kamofsky score
Tumor longest dimension (cm)
Survival status

Dead

Survival time (y)

76.13 + 14.69
077 £0.24

135 (80.36%)
198 £ 0.85

Data were presented in number (%) or mean & SD.









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





