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Characterization of aging tumor
microenvironment with drawing
implications in predicting

the prognosis and immunotherapy
response in low-grade gliomas

Zijian Zhou'*, JinHong Wei? & Wenbo Jiang'**

Aging tumor microenvironment (aging TME) is emerging as a hot spot in cancer research for its
significant roles in regulation of tumor progression and tumor immune response. The immune and
stromal scores of low-grade gliomas (LGGs) from TCGA and CGGA databases were determined by
using ESTIMATE algorithm. Differentially expressed genes (DEGs) between high and low immune/
stromal score groups were identified. Subsequently, weighted gene co-expression network analysis
(WGCNA) was conducted to screen out aging TME related signature (ATMERS). Based on the
expression patterns of ATMERS, LGGs were classified into two clusters with distinct prognosis via
consensus clustering method. Afterwards, the aging TME score for each sample was calculated via
gene set variation analysis (GSVA). Furthermore, TME components were quantified by MCP counter
and CIBERSORT algorithm. The potential response to immunotherapy was evaluated by Tumor
Immune Dysfunction and Exclusion analysis. We found that LGG patients with high aging TME
scores showed poor prognosis, exhibited an immunosuppressive phenotype and were less likely to
respond to immunotherapy compared to those with low scores. The predictive performance of aging
TME score was verified in three external datasets. Finally, the expression of ATMERS in LGGs was
confirmed at protein level through the Human Protein Atlas website and western blot analysis. This
novel aging TME-based scoring system provided a robust biomarker for predicting the prognosis and
immunotherapy response in LGGs.

Low-grade gliomas (LGGs) which are subdivided into oligodendroglioma, astrocytoma and oligoastrocytoma,
represent a group of primary tumors originating from glial cells in the central nervous system and are very com-
mon in young adults'. Despite the widely-accepted notion that LGGs exhibit inertia in histological malignancy,
they account for approximately 20% of all primary intracranial tumors and the prognosis of LGG patients can
be highly variable, with the median overall survival ranging from 5.6 to 13.3 years®™. The clinical outcomes for
LGG patients are far away from satisfactory even though maximum surgical resection combined with postop-
erative chemotherapy and radiotherapy are applied®. Therefore, investigation of the underlying mechanism in
tumorigenesis and tumor progression is urgently needed, with drawing implications in predicting the prognosis
and exploring novel treatment for patients suffering from LGGs.

Cancer has been recognized as a type of age-related disease, which mostly attributed to the fact that many
cancers arise as we age®. An accumulating number of studies have demonstrated that some common features
are shared between aging progress and development of tumor, in which cellular senescence is considered to
profoundly affect the physiological and pathological processes”®. As a dynamic evolving environment, tumor
microenvironment (TME) which refers to the surrounding compositions around tumor cells, includes a series
of immune cells, stromal cells and cytokines and plays substantial roles in tumor progression and metastasis®.
Previous studies reveal that TME appears susceptible to the impact of aging progress, especially the involved
fibroblasts and immune cells. Moreover, the age-induced changes of these components in TME are considered
to play a crucial role in tumor progression, which is significantly associated with prognosis'®. While senescent
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fibroblasts are proved to promote the proliferation of epithelial tumor cells in immunocompromised mice'!,
tumor aggressiveness may not correlate with age in all types of tumors. The complex interrelationship between
aging TME and development of tumor need to be further exemplified'’. The astounding success obtained in the
clinical trials of immunotherapy has shed light on the treatment of cancers. For example, immune checkpoint
blockade (ICB) therapy (anti-CLTA-4, anti-PD1 and anti-PD-L1) targeting T cells can improve anti-tumor
immunity and exert durable clinical benefit in patients. Unfortunately, the majority of patients get no or minimal
clinical benefit due to the lack of precise selection'. In recent years, the understanding of immune contexts of
TME has advanced, which contributes to the identification of multiple classifications of patients based on TME
for predicting and guiding immunotherapeutic responsiveness'’. However, the diverse roles of aging TME in
immunotherapy have not been well documented.

In this study, we developed an aging TME related signature (ATMERS) in LGGs through comprehensive
analysis of transcriptomic data from TCGA and CGGA databases. Furthermore, aging TME scoring system
based on ATMERS was established to predict the prognosis and immunotherapeutic response for LGG patients.
Furthermore, external datasets were used to verify the performance of aging TME score which serves as an
independent predictor. Finally, western blot analysis was performed to validate the ATMERS at protein level.

Results

Identification of aging TME related signature. The corresponding clinicopathological information for
LGG samples of the two datasets was shown in Supplementary Table 1 and Supplementary Table 2, respectively.
667 LGG patients in the merged dataset were classified into low and high immune score groups according to
the immune scores and survival information. As shown in Fig. la, patients with high immune scores lived
significantly shorter than patients with low scores (p <0.001). The robust DEGs between low and high immune
score groups were displayed in Fig. 1b. Similar results were obtained between low and high stromal score groups
(Fig. 1c,d, p<0.001). The robust DEGs above were merged for further analysis. Weighted Gene Co-expression
Network Analysis (WGCNA) was performed to determine the key module eigengenes which significantly corre-
lated with aging TME based on the expression profiles of extracted DEGs. The soft threshold (power) value was
set at 10 (scale independence R*=0.86, mean connectivity=_8.49) and the cut height was set at 0.30. We found
a total of four co-expression modules (Fig. le-h), in which the brown module exhibited negative correlation
with aging TME (R?=- 0.1 and p=0.009 with age, R*=— 0.72 and p=2e-108 with ESTIMATE score) and the
grey module demonstrated positive correlation with aging TME (R*=0.25 and p=5e-11 with age, R?=- 0.59
and p =2e—64 with ESTIMATE score). The two module eigengenes were merged and a total of 241 genes were
obtained and regarded as ATMERS (Supplementary Table 3).

Classification for LGG samples. Based on the expression patterns of ATMERS, LGG patients were clas-
sified into two clusters (Fig. 2a). Principal component analysis (PCA) verified the subgroup assignment of LGG
samples (Fig. 2b). Kaplan—Meier survival analysis revealed that C1 exhibited significantly shorter overall survival
than C2 (Fig. 2¢, p<0.001) and the progression free survival for C1 was significantly shorter than C2 (Fig. 2d,
p <0.001), indicating the prognosis for patients in C1 was worse than those in C2. The MCP counter analysis
demonstrated that most of the crucial immune and stromal cells in the TME of C1 were upregulated than those
in C2, especially T cells, CD8 T cells, Monocytic lineage, Myeloid dendritic cells and Fibroblasts (Fig. 2e, Supple-
mentary Fig. 1). As depicted in Fig. 2f, the C1 presented significantly higher immune, stromal, and ESTIMATE
score than C2 (p <0.001). We found lower tumor purity in C1 compared to C2 (p <0.001).

Comparison of the prognosis between low and high Aging TME score groups. Univariate cox
regression analysis was carried out to determine favorable and unfavorable ATMERS which positively or nega-
tively correlated with the prognosis of LGG patients. Consistent with the above results, the GSVA (gene set
variation analysis) scores for favorable ATMERS of C1 were significantly lower compared to C2 and the GSVA
scores for unfavorable ATMERS of C1 were significantly higher (Supplementary Fig. 2A). The expression levels
for favorable ATMERS of C1 were lower than those of C2 and the expression levels for unfavorable ATMERS of
C1 were higher compared to C2 (Supplementary Fig. 2B).

LGG patients were separated into low and high aging TME score groups according to the scoring system
based on GSVA method. Kaplan-Meier survival analysis indicated that high aging TME score group exhibited
significantly shorter overall survival than low aging TME score group in LGG patients from TCGA database
(Fig. 3a, p<0.001). The AUC (area under curves) values for the ROC (Receiver Operating Characteristic) curves
at 1, 2, 3 years were 0.854, 0.826 and 0.814, respectively, demonstrating that the predictive accuracy was pretty
well (Fig. 3b). Univariate cox regression analysis revealed that the aging TME score significantly correlated with
prognosis (Fig. 3¢). Multivariate cox regression analysis revealed that the aging TME score served as an independ-
ent factor for predicting the prognosis of LGG patients in the TCGA cohort (Fig. 3¢, both values were < 0.005).
Similar results were obtained in LGG patients from CGGA database (Fig. 3d-f). In addition, we found that the
aging TME scores for younger patients were significantly lower compared to older patients and the aging TME
scores of patients with grade G2 were lower than those of patients with grade G3 (Supplementary Fig. 3A).
Stratified analysis was performed to further confirm the prognostic value of the aging score. For example, LGG
patients were divided into young age group (age <45) and old age group (age >45). The young age group was
further classified into low and high aging TME score groups. We found that LGG patients with low aging TME
scores presented better prognosis either in the young or old age group (Supplementary Fig. 3B). Similar results
were acquired when LGG patients were further stratified according to gender or grade (Supplementary Fig. 3B).

The alluvial diagram (Fig. 3g) exhibited the distribution of LGG patients across clusters, aging TME score
groups, grades and survival status. Moreover, the aging TME scores for C1 were significantly higher than C2
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Figure 1. Identification of aging TME related signature. (a) Kaplan-Meier analysis revealed that the overall survival of LGG patients
in high immune score group was shorter than those in low score group. (b) Volcano plots of DEGs between low and high immune
score groups. The red dots represented upregulated genes and the green dots represented downregulated genes. The black dots
represented genes with no significant difference. (c,d) Similar results were obtained between low and high stromal score groups. (e)
Determination of the scale-independence degree (left) and the mean connectivity index (right) for soft-threshold values ranging from
1 to 20. (f) Clustering for the module eigengenes. The cut height was set at 0.30 depicted with the red line. (g) Dendrogram of all DEGs
and modules with different colors. (h) Heatmap showing the key modules which mostly correlated with age and ESTIMATE scores

of LGGs. The Pearson correlation coefficients and p values were displayed in cells. TME, tumor microenvironment; LGG, low-grade
glioma; DEGs, differentially expressed genes.
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Figure 2. Classification for LGG samples based on the expression patterns of ATMERS. (a) Consensus
clustering for LGG samples identified two clusters. (b) PCA verified the subgroup assignment of LGG

samples. (c) C1 exhibited significantly shorter overall survival than C2. (d) The progression free survival for

C1 was significantly shorter than C2. (e) Heatmap showing the distinct TME patterns between C1 and C2.

(f) Comparisons of immune score, stromal score, ESTIMATE score and tumor purity between C1 and C2. *

means p <0.05, ** means p <0.01, and ***means p <0.001. LGG, low-grade glioma; ATMERS, aging tumor

microenvironment related signature; PCA, principal component analysis; TME, tumor microenvironment.

(Fig. 3h). The proportion of LGG patients with disease free status in the low aging TME score group was sub-
stantially higher than those in the high aging TME score group (Fig. 3i, p<0.001). The grade for LGGs in the
low aging TME score group was lower (Fig. 3j, p <0.001). We found more IDHI mutant LGG samples in the low
aging TME score group (Fig. 3k, p<0.001). LGG patients in the low aging TME score group were more sensitive
to conventional treatment (Fig. 31, p<0.001). All these findings indicated that LGG patients with low aging TME

scores were more likely to get better prognosis.
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aging TME score and multiple clinicopathological factors. (b) Determination of C-index values of multiple
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nomogram model and other clinicopathological factors at the time of 1 (d) and 2 (e) years. (f) DCA for the
nomogram model and other clinicopathological factors. TME, tumor microenvironment; C-index, consistency
index; ROGC, receiver operating characteristic; AUC, area under curves; DCA, decision curve analysis.

Construction of nomogram model. For clinical practice, a nomogram prognostic model combining
aging TME score and other clinicopathological factors was constructed to improve the predictive performance
(Fig. 4a). The nomogram was tested by proportional hazard assumption, in which p values for all the variables
in the nomogram model were more than 0.05 (Supplementary Table 4). As depicted in Fig. 4b, the C-index
(consistency index) value with 0.927 for aging TME score group (high or low) showed the highest compared to
other clinicopathological factors. The C-index value for nomogram model was 0.851, which were higher than
other factors. The calibration curves for the nomogram model indicated good agreement between the predic-
tive values and the actual observations (Fig. 4c). Regarding the ROC curves, the AUC values of the nomogram
for predicting 1- and 3-year overall survival were 0.786 and 0.840, respectively, which were higher than those
of other factors (Fig. 4d,e). The results of DCA (decision curve analysis) for the nomogram model confirmed
its outstanding performance for predicting the prognosis (Fig. 4f, 3-year overall survival). Despite the fact that
LGG patients with distinct immune or stromal scores tended to have different prognosis (Fig. 1a,c), as shown
in the ROC curves (Supplementary Fig. 4), the AUC values of the nomogram model or aging TME score were
evidently higher than those of immune or stromal score when predicting the 1, 2, and 3-year overall survival.
Moreover, the results of DCA of the nomogram model and aging TME score further confirmed their robust
performance for predicting the prognosis, compared to immune or stromal score (Supplementary Fig. 4).

Functional enrichment analysis. The expression levels for favorable ATMERS of the high aging TME
score group were lower than those of the low aging TME score group and the expression levels for unfavorable
ATMERS between the two groups exhibited reverse patterns (Fig. 5a,b). Molecular functions concerning pro-
gramed cell death, including tumor necrosis factor receptor superfamily binding, tumor necrosis factor receptor
binding, tumor necrosis factor activated receptor activity and death receptor activity, were significantly enriched
in the high aging TME score group (Fig. 5¢). Moreover, KEGG (Kyoto Encyclopedia of Genes and Genomes)
pathways related to tumorigenesis or progression, such as ECM (extracellular matrix) receptor interaction, focal
adhesion and apoptosis, were substantially enriched in the high aging TME score group compared to the low
score group (Fig. 5d).

Immunosuppressive phenotype was identified in the TME of the high aging TME score
group. Asshown in Fig. 6a, the abundance of most of the immune or stromal cells for the high aging TME
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score group was substantially higher compared to the low score group, which was consistent with the results of
immune or stromal scores calculated by ESTIMATE algorithm (Supplementary Fig. 5A). CIBERSORT algo-
rithm was utilized to further explore the correlation between aging TME score and infiltrated immune cells in
TME. We found that the aging TME score positively correlated with the infiltrated immune suppressive cells
such as T follicular helper cells and macrophages, indicating an immunosuppressive phenotype in the TME
(Fig. 6b, Supplementary Fig. 5B). Furthermore, we explored the immune molecules negatively regulating the
anti-tumor immune response to confirm the immunosuppressive phenotype in the high aging TME score group.
The immune related genes negatively regulating The Cancer-Immunity Cycle were obtained from Tracking
Tumor Immunophenotype website (http://biocc.hrbmu.edu.cn/) and the expression profiles of these genes were
identified between the low and high score groups. Most of these genes were highly expressed in the high aging
TME score group while the expression levels of EDNRB and SMC3 were higher in the low score group (Fig. 6¢c,
Supplementary Fig. 5C). The expression levels of chemokines induced by immune suppressive cells, such as
IL10, CD274 (PD-L1), TGFB1, TGFB2 and TGFB3 were also significantly elevated in the high score group'*-'¢
(Fig. 6d). In addition, common immune checkpoints including PDCD1, CD274, PDCD1LG2, CTLA4, CD80 and
CD86 were upregulated in the high score group (Fig. 6e). These findings indicated that LGG patients in the high
aging TME score group exhibited suppressive antitumor immunities, which might contribute to their pessimistic
prognosis. TIDE (Tumor Immune Dysfunction and Exclusion) website was used to explore the immunotherapy
response. We found that the immune dysfunction scores for the low aging TME score group were significantly
lower while the immune exclusion scores were higher compared to the high score group. Importantly, the TIDE
scores were substantially lower in the low aging TME score group, suggesting the LGG patients with low aging
TME scores were more sensitive to immunotherapy (Fig. 6f).

Somatic mutation analysis between the low and high aging TME score groups.

The TMBs

(tumor mutation burdens) of the high TME score group were significantly higher than those of the low score
group (p=4.1e-13) and we found that the aging TME score positively correlated with the TMBs (R=0.24,
p=1e-07) (Fig. 7a). Kaplan-Meier survival analysis demonstrated that LGG patients with high TMBs and high
aging TME scores presented the worst prognosis and patients with low TMBs and low aging TME scores got the
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Figure 6. Immunosuppressive phenotype was identified in the TME of the high aging TME score group. (a)
Results of the abundance of immune or stromal cells calculated by MCP counter algorithm and immune or
stromal scores calculated by ESTIMATE algorithm. (b) The correlation between aging TME score and infiltrated
immune cells evaluated by CIBERSORT algorithm. (c¢) The expression profiles of genes involved in the negative
regulation of anti-tumor immune response between low and high aging TME score groups. (d) Differentially
expression of the immune suppressive cytokines between the two groups. (e) Differentially expression of the
common immune checkpoints between the two groups. (f) Comparisons of TIDE scores between the two
groups. * means p <0.05, ** means p <0.01, and **means p <0.001. TME, tumor microenvironment.
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Figure 7. Somatic mutation analysis between the low and high aging TME score groups. (a) Correlation
analysis between aging TME score and TMB. (b) Kaplan—-Meier survival analysis of aging TME score
and TMB. (c,d) Top 20 mutated genes in the low (c) and high (d) aging TME score groups. TME, tumor
microenvironment; TMB, tumor mutation burden.

highest survival rate. Moreover, LGG patients with low TMBs and high aging TME scores tended to get worse
prognosis than those with high TMBs and low aging TME scores (p <0.001, Fig. 7b). All these data suggested
that TMB negatively correlated with the prognosis and aging TME score served as an independent predictor for
prognosis regardless of TMB. As depicted in Fig. 7¢,d, the top 5 genes with the highest mutation frequency in
low aging TME score group were IDHI, TP53, ATRX, CIC and FUBPI, whereas, EGFR, TP53, TTN, PTEN and
NF1 were included in high aging TME score group. Hao demonstrated that, based on the TCGA data, the top six
most frequently mutated genes in LGGs were IDH]I (77.25%), TP53 (48.04%), ATRX (39.22%), CIC (22.75%),
TTN (17.06%), and PIK3CA (8.43%), while the top six most frequently mutated genes in GBMs (glioblastoma
multiforme) were PTEN (34.86%), TTN (32.57%), TP53 (31.55%), EGFR (26.97%), MUCI6 (18.07%) and NFI
(12.98%)". This indicated that the top 5 most mutated genes in high Aging TME score group including EGFR,
TP53, TTN, PTEN and NF1, were also frequently mutated in GBMs, implying that the LGGs of high Aging TME
score group might represent more aggressive tumors genetically similar to GBMs. Consistent with our results,
gene mutations including EGFR, TP53 and PTEN have been reported to significantly correlate with poor sur-
vival in gliomas'®-22,

Validation of ATMERS. In the validation cohort from CGGA database (DataSet ID: mRNAseq_325), LGG
patients in the high aging TME score group got worse prognosis compared to the low score group (p<0.001,
Fig. 8a). The AUC values for the time-dependent ROC curves at 1, 2, 3 years were 0.790, 0.799 and 0.818, which
confirmed the predictive accuracy of ATMERS (Fig. 8b). Similar results were obtained in the merged validation
cohort from GEO database (GSE4271, GSE4412, GSE43378 and GSE84010), with the predictive accuracy of
0.614, 0.691 and 0.684 at 1, 2, 3 years. (Fig. 8c,d). Furthermore, the predictive value of aging TME score derived
from ATMERS was verified in IMvigor210 cohort (p<0.001, Fig. 8¢). We found that patients with low aging
TME scores tended to get better response to anti-PD-L1 therapy (p=0.005, Fig. 8f) and the aging TME scores
of patients sensitive to anti-PD-L1 immune therapy were significantly lower compared to patients resistant to
the immune therapy (p=0.00022, Fig. 8g). Considering that urothelial carcinoma in IMvigor210 cohort repre-
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response in IMvigor210 cohort. (h-k) Identification of unfavorable ATMERS in immunohistochemistry staining. (1) Determination of
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sented a distinct form of cancer, we demonstrated that the TME of LGG shared common features with those of
urothelial carcinoma regarding the expression patterns of TME related genes (Supplementary Fig. 6). By using
WGCNA, we found that 229 out of 241 genes in the ATMERS which were identified in LGGs, significantly cor-
related with the TME of urothelial carcinomas. Consistent with the results in LGGs, the high aging TME score
group exhibited significantly higher scores with respect to TME, compared to the low aging TME score group in
IMvigor210 cohort. Based on these findings, we suppose that there are major similarities in TME and aging TME
between LGG and urothelial carcinoma. Therefore, the ATMERS based aging TME scoring system established in
LGG can be reasonably applied to urothelial carcinoma.

As depicted in Fig. 8h-k, four genes including CA3, HSPB6, FABP5 and SERPINF1 were randomly selected
from the unfavorable ATMERS and scanned on The Human Protein Atlas website. The expression levels of the
corresponding proteins were found upregulated in LGG tissues compared to normal brain tissues. Moreover,
western blot analysis was carried out to further confirm the high expression patterns of the four genes in LGG
tissues at protein level (Fig. 81, the original blots are presented in Supplementary Fig. 7).

Discussion

Despite the WHO (World Health Organization) has published a renewed classification method for gliomas by
integrating histopathological results with molecular phenotypes such as IDH mutation and 1p/19q codeletion®,
patients with LGGs show variable clinical prognosis even with the same diagnosis due to high heterogeneity
of tumors®!. Besides, current therapy strategy including surgery, radiotherapy and chemotherapy could not
significantly improve the poor prognosis of LGG patients. It remains challenging for the treatment of LGGs?.
As a crucial component of tumor, TME is recognized as a dynamic and heterogeneous environment and closely
correlates with tumor initiation and progression'’. Novel immunotherapy targeting TME such as ICB therapy, has
achieved astounding successes across diverse tumor types®®~%°. Numerous studies have revealed the indispensable
roles of TME in regulation of tumor immune responses and immunotherapy response'®. The realization of the
essential roles of TME has revolutionized our understanding of tumor. Many studies have been focusing on the
local and systemic microenvironment rather than tumor cell only. In recent years, it is well documented that the
essential populations within TME are susceptible to age-related impact. The significant roles of aging TME in the
regulation of tumor progression and tumor immune response need to be extensively addressed. Paradoxically, the
senescent cells and the induced senescence-associated secretory phenotype within TME regulate tumor devel-
opment in both tumor-suppressive and tumor-promoting ways*>*!. Therefore, in-depth investigation of aging
TME will aid in our understanding of the complexity and diversity of the development of tumor with appealing
implications in predicting the prognosis and immunotherapy response for patients with tumor.

Despite the fact that Cheng et al. have revealed ten aging-related genes which serve as potential prognostic
biomarkers for patients with gliomas®?, there are limited studies focusing on the exploration of aging TME, espe-
cially for LGGs. Unlike the aging-related prognostic model which was demonstrated by Cheng et al.*2, including
EEF2, ARNTL, FBX04, CHEK1, CHEK2, CTSC, MBD2, HMGA2, IGFBP2 and TIMP1, we identified a total of 241
genes which were defined as ATMERS in LGGs through comprehensive analysis of RNA-seq data from TCGA
and CGGA databases. To guide the genetic models in gliomas, Liu et al. screened out 29 highly overlapping genes
with strong prognostic potential by comprehensively reviewing 138 prognostic models®?, in which three genes
were involved in the ATMERS developed in our study, including LGALS3, BMP2 and KCNBI. Furthermore,
aging TME scoring system based on ATMERS was developed by using GSVA method to predict the prognosis
and immunotherapeutic response of LGG patients. Finally, three independent external datasets from distinct
databases were employed to verify the robust performance of aging TME score which served as an independent
predictor. In addition, western blot analysis was carried out for the validation of ATMERS at protein level. We
culminated in several consensuses based on the findings obtained in this study: (1) consistent with previous
studies, we found that TME significantly correlated with the prognosis of LGG patients; (2) aging TME score
served as a robust biomarker for the prognosis and therapeutic response to both conventional treatment and
ICB immune therapy in LGGs; (3) LGGs with high aging TME scores tended to be determined as immunosup-
pressive phenotype; (4) LGGs with high aging TME scores tended to bear high TMBs.

Cellular senescence was firstly raised by Leonard Hayflflick in the 1960s. Senescent cells are arrested in a
state of irreversible cell cycle after repeated rounds of replication and are resistant to cell death such as apoptosis,
thus, they can continue to survive and accumulate as we age***°. There are so many molecules involved in the
formation and stabilization of senescence due to the complicated mechanisms. It is in a dilemma to accurately
determine senescence-related genes. Therefore, we screened out a series of genes which were susceptible to age-
related impact via WGCNA method and then identified ATMERS in combination with TME score. Specifically,
in order to comprehensively characterize aging TME, our ATMERS included two groups of genes which were
negatively or positively associated with age and TME, respectively.

We identified two molecular patterns (C1 and C2) based on the expression of ATMERS via consensus cluster-
ing method in LGGs. Interestingly, we found that all the LGG samples of C2 belonged to low aging TME group
and the aging TME scores for C2 were significantly lower compared to C1, suggesting the consistency between
consensus clustering method and aging TME scoring system. In addition, the distinct clinical outcomes between
C1 and C2 indicated the underlying interrelationship between aging TME and the prognosis of LGG patients.

It is well known that aging TME is characterized by senescent cell and senescence-associated secretory phe-
notype (SASP)*'. Fibroblasts account for the most common stromal cells within TME, and various soluble factors
secreted by senescent fibroblasts play a crucial role in the regulation of migration and proliferation of tumor
cells. For example, the extracellular matrix (ECM) cytokines secreted by aged dermal fibroblasts contribute to
the decrease in collagen density, which can promote the aggression of melanoma cells*. Consistent with previous
studies, functional analysis in our study demonstrated that ECM receptor interaction related KEGG pathway
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was significantly enriched in high aging TME score group. Moreover, Kaur et al. suggested that activation of
the WNT signaling pathway induced melanocytes bypassing senescence. Similarly, we found that the WNT
signaling pathway was significantly enriched in low aging TME score group. Furthermore, we found significantly
positive correlation between age and aging TME score (R=0.13, p=0.00085, Supplementary Fig. 8A). The age
for LGG patients with high aging TME scores were substantially higher than those with low scores (p=1.9e-11,
Supplementary Fig. 8B). Moreover, an increasing number of evidence indicated that senescent immune cells
played an important role in promoting the accumulation of senescent cells during aging®. It was reported that
accumulated senescent cells contributed to the progression of many types of cancers®. In our study, we found
that both the immune and stromal scores for high aging TME score group were significantly higher, indicating
an increase in the immune or stromal components within the TME of high score group, which might attribute
to the accumulation of senescent immune and stromal cells. Additionally, we acquired a total of 6 molecules
including IL6, AREG, CXCL12, TGFf, VEGF and CCL2, which can be upregulated upon senescence, influence
immune cell functions, and play tumor-promoting roles in TME®. The expression levels of the corresponding
genes were compared between low and high aging TME score groups. Consistent with the above results, the genes
were highly expressed in high aging TME score group except for CXCL12 (Supplementary Fig. 9). Collectively,
all these findings suggested that the aging TME score built in our study not only had outstanding performance
in predicting prognosis and immunotherapy response, but also could serve as an indicator to characterize and
quantify the senescent status of TME for individuals to some extent. Considering the complexity and diversity
of aging TME, we believe that extensive in vivo and in vitro experiments are needed to further prove it.

Studies have shown that age-induced immunosenescence usually occurs in immune cells involved in tumor
immunity response, which could induce the infiltration of immunosuppressive cell types such as M2 tumor
associated macrophages (TAMs), and result in the increased predisposition to tumor progression*’. A large
amount of evidence has pointed that M2-like immunosuppressive macrophages play a key role in promoting
tumor progression in the aging context*'. Consistent with the previous findings, our results demonstrated that
LGGs in high aging TME score group presented an immunosuppressive phenotype with more infiltrating M2
macrophages and higher expression of immunosuppressive genes. In addition, Ladomersky et al. reported a
robust increase in the expression of PD-L1 in older samples, indicating older patients with lymphoma, glioma
and leukemia, may be less responsive to immunotherapy like ICB treatment*>**. Despite the fact that many
conflicting studies were reported according to the published data*!, we found that LGG patients with high aging
TME scores were resistant to ICB immune therapy in our study.

There were still some limitations in our study. Firstly, the urothelial carcinomas in the validation dataset
(IMvigor210 cohort) represented a distinct form of cancer compared to LGG, further investigation regarding
in vivo and in vitro research would be needed to explore the correlation between the ATMERS identified in
LGGs and the characteristics of aging TME in other forms of cancer. Secondly, due to limited information of
the acquired data, only IDH1 mutation status, gender, age and grade were involved in the construction of the
multivariate cox regression model and the nomogram model in our study. In the future, with the enrichment of
the datasets with respect to multiple clinicopathological factors including IDH1 mutation status, 1p-19q codele-
tion status, tumor size, extent of tumor resection, a nomogram model based on multi-omics data would be built
to predict the prognosis more efficiently. Thirdly, it might not be statistically reliable to conclude that the four
randomly selected genes from unfavorable ATMERS were related to worse prognosis in LGGs, only based on
the western blotting analysis of five samples, despite the fact that we have verified the prognostic values of the
genes in RNA-seq data from different independent cohorts. In the future, we would collect more LGG samples
to explore the correlation between gene expression at protein level and the prognosis of gliomas.

Conclusion

We identified a gene signature which significantly correlated with aging TME, based on which we developed a
robust aging TME scoring system to predict the prognosis and immunotherapeutic response of LGG patients.
This novel score could also reflect the status of aging TME and reveal the close relationship between aging TME
and immunosuppressive phenotype in LGGs. Our study might contribute to the understanding of aging TME
and guide the development of aging TME-targeted therapy for LGGs in future.

Methods

Data acquisition. The RNA sequencing (RNA-seq) data for a total of 508 LGG samples were obtained from
TCGA database (The Cancer Genome Atlas, http://cancergenome.nih.gov/). The corresponding annotation file,
Genome Reference Consortium Human Build 38 (GRCh38), was downloaded from the Ensembl website (http://
asia.ensembl.org/). The microarray dataset (dataset ID: mRNA-array_301) containing 159 LGG samples was
acquired from CGGA database (Chinese Glioma Genome Atlas, http://cgga.org.cn/index.jsp)*>.

Estimate. The RNA-seq data from TCGA database were firstly transformed to transcripts per million (TPM)
values. Then log2-scale transfermation was carried out for the RNA-seq data, followed which the RNA-seq data
from TCGA database were merged with the microarray dataset (dataset ID: mRNA-array_301) from CGGA
database. Normalization and batch effect correction for the merged data were conducted by using ‘sva’ package
in RY. The immune, stromal, ESTIMATE score (the score representing the whole TME) and tumor purity for
each LGG sample were calculated by ESTIMATE algorithm (Estimation of STromal and Immune cells in MAlig-
nant Tumour tissues using Expression data) through the ‘estimate’ package in R*. The optimal cut-off value of
the immune score was determined by the ‘survminer’ and ‘survival’ packages in R, based on which LGG samples
were classified into high and low-immune score groups. The same method was utilized for the classification of
LGG patients with distinct stromal scores.
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Identification of aging TME related signature. The robust DEGs between the low and high-immune
score groups were determined with [log, FC (fold change)|>1 and adjusted p values (FDR, false discovery
rate) <0.001 by using the ‘limma’ package in R¥. Similar method was utilized to screen out the robust DEGs
between the low and high-stromal score groups. The DEGs above were further merged into one gene set which
was defined as TME related gene signature (TMERS). WGCNA* (‘WGCNA' package in R) was used to deter-
mine the key genes significantly associated with aging TME based on the expression profiles of TMERS in the
merged data. The soft-threshold values which ranged from 1 to 20, were examined based on the scale independ-
ence and mean connectivity degree of the co-expression network. The optimal soft-threshold value was deter-
mined when the scale independence was higher than 0.85 and the connectivity degree was relatively higher. The
modules positively or negatively associated with aging TME (age and ESTIMATE score) were regarded as the
key modules, the genes involved in which were identified as ATMERS.

Classification for LGG samples based on the expression patterns of ATMERS. Firstly, univari-
ate cox regression analysis was carried out to screen out the ATMERS with prognostic values in which p<0.05
was regarded as statistically significant. The ‘ConsensusClusterPlus’ package in R>! was used to determine the
optimal category of LGG samples based on the expression profiles of prognostic ATMERS. PCA was utilized to
examine whether the LGG samples could be well distinguished based on the expression profiles of the prognostic
ATMERS.

Quantification of TME components. The relative abundance of the infiltrating immune cells in TME
was evaluated based on the CIBERSORT algorithm®. Moreover, the abundance of several critical immune and
stromal cells existing in TME were calculated through MCP counter™. TIDE website (http://tide.dfci.harvard.
edu/) was employed to calculate the TIDE related scores for LGG samples to investigate the immunotherapeutic
response.

Aging TME scoring system. The genes involved in ATMERS which positively correlated with the progno-
sis of LGG patients were determined as favorable ATMERS and the genes which negatively correlated with prog-
nosis were defined as unfavorable ATMERS. The enrichment score (GSVA score) regarding the two gene sets
(unfavorable and favorable ATMERS) for each sample was calculated via GSVA method and single sample gene
set enrichment analysis (ssGSEA) by using GSVA package in R software®*. GSVA method serves as a popular
method for scoring individual samples based on molecular characteristics or gene sets and acquired transcrip-
tional data. GSVA represents a method that evaluates the enrichment of a specific function activity (negatively
or positively associated with prognosis of LGG patients) over a sample population in an unsupervised manner.
According to the method described by Hinzelmann et al.>*, GSVA score of the unfavorable and favorable gene
sets for each sample was calculated in our study. The aging TME score for each LGG sample was produced
according to this formula: agingTMEscore = GSV AscoreA — GSV AscoreB, where the enrichment score for the
unfavorable ATMERS was defined as GSVAscoreA and the enrichment score for the favorable ATMERS was
defined as GSVAscoreB. The optimal cut-off value for the classification of LGG samples was determined by
‘survminer’ package in R based on which LGG samples were separated into the high and low-aging TME score
groups.

Construction of a nomogram model. A nomogram combining aging TME score and multiple clin-
icopathological factors was established to predict the prognosis of LGG patients more efficiently by using ‘rms’
package in R. The calibration curves, DCA and C-index were introduced to evaluate the predictive performance
of the nomogram model.

Functional enrichment analysis. The underlying molecular mechanisms between subgroups were
explored using ‘GSVA, ‘GSEABase’ and ‘limma’ packages in R, in which the reference files including “c5.go.mf.
v7.4.symbols” and “c2.cp.kegg.v7.4.symbols” which were obtained from GSEA database were utilized. The terms
with |log, FC|> 0.1 and adjusted p values (FDR) <0.05 were screened out. KEGG pathways and molecular func-
tions involved in Gene Ontology (GO) terms were selected for the functional enrichment analysis.

Somatic mutation analysis. The somatic mutation data (maf format) for LGG samples acquired through
the whole exome sequencing platform were retrieved from TCGA database. The ‘maftools’ package in R was
employed for the analysis and visualization of somatic variants. The cumulative nonsynonymous mutations in
per million bases in coding regions were defined as TMBs.

Validation of aging TME score in external data sets. A total of 172 LGG samples extracted from
CGGA database (dataset ID: mRNAseq_325) were treated as a validation cohort®>*. A total of 110 LGG sam-
ples from GSE4271, GSE4412, GSE43378 and GSE84010°%! were collected from the Gene Expression Omni-
bus database (GEO, https://www.ncbi.nlm.nih.gov/geo/). The gene expression profiles by array from GSE4271,
GSE4412, GSE43378 and GSE84010 datasets were firstly log2-scale transformed and then normalization for
the four datasets was carried out respectively for further analysis. Finally, the four datasets were merged into
one dataset, in which batch effect correction was conducted by using ‘sva’ package in R*.The merged data set
was treated as another validation cohort. In addition, the performance of aging TME score for predicting the
immunotherapeutic response was verified by using IMvigor210 cohort according to the Creative Commons 3.0
License®.
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Validation of unfavorable ATMERS at protein level. Four genes including CA3, HSPB6, FABP5 and
SERPINF]1 were randomly selected from the unfavorable ATMERS. The expression patterns of the four genes in
normal and LGG tissues were extracted from the Human Protein Atlas website (https://www.proteinatlas.org/)®.

Western blot analysis was carried out to further explore the expression levels of the four genes between
normal and LGG tissues. Brain tissues obtained from epilepsy patients who received temporal lobe resection
were treated as the control group. LGG tissues obtained from five patients who received tumor resection were
treated as the tumor group.

Tissues were separately homogenized and lysed in cold RIPA lysis buffer containing PMSF and protease
inhibitor at 0-4 °C for at least half hour. The lysates were then centrifuged at 1500g at 4 °C for 15 min to remove
the debris. The protein in the supernatant was regulated to the same concentration by using Bio-Rad protein assay
kit. Samples were homogenized with loading buffer containing SDS and then boiled at 100 °C for 5 min. Subse-
quently, equal amounts of protein samples were separately added to the 10% SDS-PAGE and electrophoresed at
60 V for 90 min. Afterwards, the separated protein samples on the SDS-PAGE were transferred to PVDF mem-
branes at 50 V for 2 h. After incubation with the primary antibodies for 12 h at 4 °C, the PVDF membranes were
then rinsed with PBS buffer for two times. The primary antibodies involved in the western blot analysis were as
follows: anti-Carbonic Anhydrase 3 (CA3), anti-Hsp20 (HSPB6), anti-FABP5 and anti-PEDF (SERPINF1).The
membranes were further incubated with the corresponding secondary HRP conjugated antibodies for two hours
at 23 °C. After washed with PBS buffer for two times, protein bands at the specific locations were developed by
ECL (enhanced chemiluminescence) solution. The images were visualized and saved by using ChemiDoc MP
imaging system.

Statistical analysis. Perl software (version 5.32.1.1) and R software (version 4.1.1) were utilized for the
statistical analysis and visualization of the results. Chi-square tests were used to compare the categorical vari-
ables between subgroups and Student’s t-tests were utilized to compare the continuous data between subgroups.
Two-sided p values <0.05 were considered statistically significant if not specially noted. Kaplan-Meier survival
analysis was used to compare the overall survival between two groups in which log-rank test was involved in
the statistical analysis. The Receiver Operating Characteristic (ROC) curves were drawn via ‘survival, ‘glmnet,
‘survminer’ and timeROC’ packages in R. Univariate and multivariate cox analysis were conducted by ‘survival’
R package.

Ethics approval and consent to participate. This study has been approved by “Medical Ethics Com-
mittee of Qingdao Municipal Hospital”. We have obtained the approval and consent from the participates. We
confirm that all experiments were performed in accordance with relevant named guidelines and regulations. We
Confirm that informed consent was obtained from all participants.

Data availability

The datasets analyzed during the current study are available in TCGA database (The Cancer Genome Atlas,
http://cancergenome.nih.gov/), CGGA database (Chinese Glioma Genome Atlas, http://cgga.org.cn/index.jsp/)
and GEO database (Gene Expression Omnibus database, https://www.ncbi.nlm.nih.gov/geo/). Tissues used for
western blot analysis were obtained from patients in department of neurosurgery, gingdao municipal hospital.

Received: 6 December 2021; Accepted: 24 March 2022
Published online: 31 March 2022

References
1. Louis, D. N. et al. The 2007 WHO Classification of tumours of the central nervous system. Acta Neuropathol. 114, 97-109. https://
doi.org/10.1007/500401-007-0243-4 (2007).
2. Louis, D. N. et al. The 2016 World Health Organization classification of tumors of the central nervous system: A summary. Acta
Neuropathol. 131, 803-820. https://doi.org/10.1007/s00401-016-1545-1 (2016).
3. Ostrom, Q. T. et al. CBTRUS statistical report: Primary brain and central nervous system tumors diagnosed in the United States
in 2008-2012. Neuro Oncol. 17, ivl1-iv62. https://doi.org/10.1093/neuonc/nov189 (2015).
4. Ostrom, Q. T. et al. CBTRUS statistical report: Primary brain and other central nervous system tumors diagnosed in the United
States in 2011-2015. Neuro Oncol. 20, 1-86. https://doi.org/10.1093/neuonc/noy131 (2018).
5. Lombardi, G. et al. Clinical management of diffuse low-grade gliomas. Cancers 12, 3008. https://doi.org/10.3390/cancers12103008
(2020).
6. Hsu, T. Educational initiatives in geriatric oncology— Who, why, and how?. J. Geriatr. Oncol. 7, 390-396. https://doi.org/10.1016/j.
j£0.2016.07.013 (2016).
7. Lee, S. & Schmitt, C. A. The dynamic nature of senescence in cancer. Nat. Cell Biol. 21, 94-101. https://doi.org/10.1038/s41556-
018-0249-2 (2019).
8. Aunan, J. R., Cho, W. C. & Sereide, K. The biology of aging and cancer: A brief overview of shared and divergent molecular hall-
marks. Aging Dis. 8, 628-642. https://doi.org/10.14336/AD.2017.0103 (2017).
9. Wu, T. & Dai, Y. Tumor microenvironment and therapeutic response. Cancer Lett. 387, 61-68. https://doi.org/10.1016/j.canlet.
2016.01.043 (2017).
10. Fane, M. & Weeraratna, A. T. How the ageing microenvironment influences tumour progression. Nat. Rev. Cancer 20, 89-106.
https://doi.org/10.1038/s41568-019-0222-9 (2020).
11. Liu, D. & Hornsby, P. J. Senescent human fibroblasts increase the early growth of xenograft tumors via matrix metalloproteinase
secretion. Can. Res. 67, 3117. https://doi.org/10.1158/0008-5472.CAN-06-3452 (2007).
12. Topalian, S. L., Drake, C. G. & Pardoll, D. M. Immune checkpoint blockade: A common denominator approach to cancer therapy.
Cancer Cell 27, 450-461. https://doi.org/10.1016/j.ccell.2015.03.001 (2015).
13. Binnewies, M. et al. Understanding the tumor immune microenvironment (TIME) for effective therapy. Nat. Med. 24, 541-550.
https://doi.org/10.1038/s41591-018-0014-x (2018).

Scientific Reports |

(2022) 12:5457 | https://doi.org/10.1038/541598-022-09549-3 nature portfolio


https://www.proteinatlas.org/
http://cancergenome.nih.gov/
http://cgga.org.cn/index.jsp/
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.1007/s00401-007-0243-4
https://doi.org/10.1007/s00401-007-0243-4
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1093/neuonc/nov189
https://doi.org/10.1093/neuonc/noy131
https://doi.org/10.3390/cancers12103008
https://doi.org/10.1016/j.jgo.2016.07.013
https://doi.org/10.1016/j.jgo.2016.07.013
https://doi.org/10.1038/s41556-018-0249-2
https://doi.org/10.1038/s41556-018-0249-2
https://doi.org/10.14336/AD.2017.0103
https://doi.org/10.1016/j.canlet.2016.01.043
https://doi.org/10.1016/j.canlet.2016.01.043
https://doi.org/10.1038/s41568-019-0222-9
https://doi.org/10.1158/0008-5472.CAN-06-3452
https://doi.org/10.1016/j.ccell.2015.03.001
https://doi.org/10.1038/s41591-018-0014-x

www.nature.com/scientificreports/

14. Zhu, Z. et al. PD-L1-mediated immunosuppression in glioblastoma is associated with the infiltration and M2-polarization of
tumor-associated macrophages. Front. Immunol. 11, 2977. https://doi.org/10.3389/fimmu.2020.588552 (2020).

15. Cheng, H., Wang, Z., Fu, L. & Xu, T. Macrophage polarization in the development and progression of ovarian cancers: An overview.
Front. Oncol. 9, 421. https://doi.org/10.3389/fonc.2019.00421 (2019).

16. Carambia, A. et al. TGF-B-dependent induction of CD4+CD25+Foxp3+ Tregs by liver sinusoidal endothelial cells. J. Hepatol. 61,
594-599. https://doi.org/10.1016/j.jhep.2014.04.027 (2014).

17. Hao, Z. & Guo, D. EGFR mutation: Novel prognostic factor associated with immune infiltration in lower-grade glioma; an explora-
tory study. BMC Cancer 19, 1184-1184. https://doi.org/10.1186/s12885-019-6384-8 (2019).

18. Saadeh, E. S., Mahfouz, R. & Assi, H. I. EGFR as a clinical marker in glioblastomas and other gliomas. Int. J. Biol. Markers 33,
22-32. https://doi.org/10.5301/ijbm.5000301 (2017).

19. Todorova, P. K. et al. Radiation-induced DNA damage cooperates with heterozygosity of TP53 and PTEN to generate high-grade
gliomas. Can. Res. 79, 3749. https://doi.org/10.1158/0008-5472.CAN-19-0680 (2019).

20. Pessoa, I. A. et al. Detection and correlation of single and concomitant TP53, PTEN, and CDKN2A alterations in gliomas. Int. J.
Mol. Sci. 20, 2658. https://doi.org/10.3390/ijms20112658 (2019).

21. Jesionek-Kupnicka, D. et al. MiR-21, miR-34a, miR-125b, miR-181d and miR-648 levels inversely correlate with MGMT and TP53
expression in primary glioblastoma patients. Arch. Med. Sci. 15, 504-512. https://doi.org/10.5114/a0oms.2017.69374 (2019).

22. Zhang, P. et al. Identification of the prognostic signatures of glioma with different PTEN status. Front. Oncol. 11, 633357-633357.
https://doi.org/10.3389/fonc.2021.633357 (2021).

23. Komori, T. The 2016 WHO classification of tumours of the central nervous system: The major points of revision. Neurol. Med.
Chir. 57, 301-311. https://doi.org/10.2176/nmc.ra.2017-0010 (2017).

24. Ellison, D. W. Multiple molecular data sets and the classification of adult diffuse gliomas. N. Engl. J. Med. 372, 2555-2557. https://
doi.org/10.1056/NEJMe1506813 (2015).

25. Hottinger, A. F, Hegi, M. E. & Baumert, B. G. Current management of low-grade gliomas. Curr. Opin. Neurol. 29, 782-788 (2016).

26. Garon, E. B. et al. Pembrolizumab for the treatment of non-small-cell lung cancer. N. Engl. ]. Med. 372, 2018-2028. https://doi.
0rg/10.1056/NEJMoal501824 (2015).

27. Brahmer, J. et al. Nivolumab versus docetaxel in advanced squamous-cell non-small-cell lung cancer. N. Engl. J. Med. 373, 123-135.
https://doi.org/10.1056/NEJMoal504627 (2015).

28. Larkin, J. et al. Combined nivolumab and ipilimumab or monotherapy in untreated melanoma. N. Engl. J. Med. 373, 23-34. https://
doi.org/10.1056/NEJMoa1504030 (2015).

29. Topalian, S. L. et al. Survival, durable tumor remission, and long-term safety in patients with advanced melanoma receiving
nivolumab. J. Clin. Oncol. 32, 1020-1030. https://doi.org/10.1200/JC0O.2013.53.0105 (2014).

30. Ruhland, M. K. & Alspach, E. Senescence and immunoregulation in the tumor microenvironment. Front. Cell Dev. Biol. 9, 2789.
https://doi.org/10.3389/fcell.2021.754069 (2021).

31. Yasuda, T., Baba, H. & Ishimoto, T. Cellular senescence in the tumor microenvironment and context-specific cancer treatment
strategies. FEBS J. https://doi.org/10.1111/febs.16231 (2021).

32. Xiao, G. et al. Aging-related genes are potential prognostic biomarkers for patients with gliomas. Aging 13, 13239-13263. https://
doi.org/10.18632/aging.203008 (2021).

33. Liang, X. et al. Promoting prognostic model application: A review based on gliomas. J. Oncol. 7840007-7840007, 2021. https://
doi.org/10.1155/2021/7840007 (2021).

34. Hayflick, L. & Moorhead, P. S. The serial cultivation of human diploid cell strains. Exp. Cell Res. 25, 585-621. https://doi.org/10.
1016/0014-4827(61)90192-6 (1961).

35. Schmitt, C. A. et al. A senescence program controlled by p53 and p16INK4a contributes to the outcome of cancer therapy. Cell
109, 335-346. https://doi.org/10.1016/S0092-8674(02)00734-1 (2002).

36. Northey, J., Przybyla, L. & Weaver, V. Tissue force programs cell fate and tumor aggression. Cancer Discov. 7, 1224-1237. https://
doi.org/10.1158/2159-8290.CD-16-0733 (2017).

37. Kaur, A., Webster, M. R. & Weeraratna, A. T. In the Wnt-er of life: Wnt signalling in melanoma and ageing. Br. J. Cancer 115,
1273-1279. https://doi.org/10.1038/bjc.2016.332 (2016).

38. Yousefzadeh, M. J. et al. An aged immune system drives senescence and ageing of solid organs. Nature 594, 100-105. https://doi.
0rg/10.1038/s41586-021-03547-7 (2021).

39. Gorgoulis, V. et al. Cellular senescence: Defining a path forward. Cell 179, 813-827. https://doi.org/10.1016/j.cell.2019.10.005
(2019).

40. Hurez, V., Padron, A., Svatek, R. S. & Curiel, T. J. Considerations for successful cancer immunotherapy in aged hosts. Exp. Gerontol.
107, 27-36. https://doi.org/10.1016/j.exger.2017.10.002 (2018).

41. Aras, S. & Zaidi, M. R. TAMeless traitors: Macrophages in cancer progression and metastasis. Br. J. Cancer 117, 1583-1591. https://
doi.org/10.1038/bjc.2017.356 (2017).

42. Ladomersky, E. et al. The coincidence between increasing age, immunosuppression, and the incidence of patients with glioblastoma.
Front. Pharmacol. 10, 200-200. https://doi.org/10.3389/fphar.2019.00200 (2019).

43. Mirza, N. et al. B7-H1 expression on old CD8" T cells negatively regulates the activation of immune responses in aged animals.
J. Immunol. 184, 5466. https://doi.org/10.4049/jimmunol.0903561 (2010).

44. Elias, R., Karantanos, T., Sira, E. & Hartshorn, K. L. Immunotherapy comes of age: Immune aging & checkpoint inhibitors. J.
Geriatr. Oncol. 8, 229-235. https://doi.org/10.1016/j.jg0.2017.02.001 (2017).

45. Fang, S. et al. Anatomic location of tumor predicts the accuracy of motor function localization in diffuse lower-grade gliomas
involving the hand knob area. Am. J. Neuroradiol. 38, 1990. https://doi.org/10.3174/ajnr.A5342 (2017).

46. Wang, Y. et al. Putamen involvement and survival outcomes in patients with insular low-grade gliomas. J. Neurosurg. 126, 1788—
1794. https://doi.org/10.3171/2016.5.Jns1685 (2017).

47. Leek, ]. T., Johnson, W. E., Parker, H. S., Jaffe, A. E. & Storey, J. D. The sva package for removing batch effects and other unwanted
variation in high-throughput experiments. Bioinformatics 28, 882-883. https://doi.org/10.1093/bioinformatics/bts034%]Bioinform
atics (2012).

48. Yoshihara, K. et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4, 2612.
https://doi.org/10.1038/ncomms3612 (2013).

49. Smyth, G. K., Michaud, J. & Scott, H. S. Use of within-array replicate spots for assessing differential expression in microarray
experiments. Bioinformatics 21, 2067-2075. https://doi.org/10.1093/bioinformatics/bti270%]Bioinformatics (2005).

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

51. Wilkerson, M. D. & Hayes, D. N. ConsensusClusterPlus: A class discovery tool with confidence assessments and item tracking.
Bioinformatics 26, 1572-1573. https://doi.org/10.1093/bioinformatics/btq170%]JBioinformatics (2010).

52. Newman, A. M. et al. Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 12, 453-457. https://doi.
org/10.1038/nmeth.3337 (2015).

53. Becht, E. et al. Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expres-
sion. Genome Biol. 17, 1-20. https://doi.org/10.1186/s13059-016-1070-5 (2016).

Scientific Reports | (2022) 12:5457 | https://doi.org/10.1038/s41598-022-09549-3 nature portfolio


https://doi.org/10.3389/fimmu.2020.588552
https://doi.org/10.3389/fonc.2019.00421
https://doi.org/10.1016/j.jhep.2014.04.027
https://doi.org/10.1186/s12885-019-6384-8
https://doi.org/10.5301/ijbm.5000301
https://doi.org/10.1158/0008-5472.CAN-19-0680
https://doi.org/10.3390/ijms20112658
https://doi.org/10.5114/aoms.2017.69374
https://doi.org/10.3389/fonc.2021.633357
https://doi.org/10.2176/nmc.ra.2017-0010
https://doi.org/10.1056/NEJMe1506813
https://doi.org/10.1056/NEJMe1506813
https://doi.org/10.1056/NEJMoa1501824
https://doi.org/10.1056/NEJMoa1501824
https://doi.org/10.1056/NEJMoa1504627
https://doi.org/10.1056/NEJMoa1504030
https://doi.org/10.1056/NEJMoa1504030
https://doi.org/10.1200/JCO.2013.53.0105
https://doi.org/10.3389/fcell.2021.754069
https://doi.org/10.1111/febs.16231
https://doi.org/10.18632/aging.203008
https://doi.org/10.18632/aging.203008
https://doi.org/10.1155/2021/7840007
https://doi.org/10.1155/2021/7840007
https://doi.org/10.1016/0014-4827(61)90192-6
https://doi.org/10.1016/0014-4827(61)90192-6
https://doi.org/10.1016/S0092-8674(02)00734-1
https://doi.org/10.1158/2159-8290.CD-16-0733
https://doi.org/10.1158/2159-8290.CD-16-0733
https://doi.org/10.1038/bjc.2016.332
https://doi.org/10.1038/s41586-021-03547-7
https://doi.org/10.1038/s41586-021-03547-7
https://doi.org/10.1016/j.cell.2019.10.005
https://doi.org/10.1016/j.exger.2017.10.002
https://doi.org/10.1038/bjc.2017.356
https://doi.org/10.1038/bjc.2017.356
https://doi.org/10.3389/fphar.2019.00200
https://doi.org/10.4049/jimmunol.0903561
https://doi.org/10.1016/j.jgo.2017.02.001
https://doi.org/10.3174/ajnr.A5342
https://doi.org/10.3171/2016.5.Jns1685
https://doi.org/10.1093/bioinformatics/bts034%JBioinformatics
https://doi.org/10.1093/bioinformatics/bts034%JBioinformatics
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1093/bioinformatics/bti270%JBioinformatics
https://doi.org/10.2202/1544-6115.1128
https://doi.org/10.1093/bioinformatics/btq170%JBioinformatics
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1186/s13059-016-1070-5

www.nature.com/scientificreports/

54. Hinzelmann, S., Castelo, R. & Guinney, ]. GSVA: Gene set variation analysis for microarray and RNA-Seq data. BMC Bioinform.
14, 7. https://doi.org/10.1186/1471-2105-14-7 (2013).

55. Bao, Z.-S. et al. RNA-seq of 272 gliomas revealed a novel, recurrent PTPRZ1-MET fusion transcript in secondary glioblastomas.
Genome Res. 24, 1765-1773. https://doi.org/10.1101/gr.165126.113 (2014).

56. Zhao, Z. et al. Comprehensive RNA-seq transcriptomic profiling in the malignant progression of gliomas. Sci. Data 4, 170024.
https://doi.org/10.1038/sdata.2017.24 (2017).

57. Lin, K. et al. TMEFF2 is a PDGF-AA binding protein with methylation-associated gene silencing in multiple cancer types including
glioma. PLoS ONE 6, e18608. https://doi.org/10.1371/journal.pone.0018608 (2011).

58. Phillips, H. et al. Molecular subclasses of high-grade glioma predict prognosis, delineate a pattern of disease progression, and
resemble stages in neurogenesis. Cancer Cell 9, 157-173. https://doi.org/10.1016/j.ccr.2006.02.019 (2006).

59. Freije, W. A. et al. Gene expression profiling of gliomas strongly predicts survival. Can. Res. 64, 6503. https://doi.org/10.1158/
0008-5472.CAN-04-0452 (2004).

60. Kawaguchi, A. et al. Gene expression signature-based prognostic risk score in patients with glioblastoma. Cancer Sci. 104, 1205-
1210. https://doi.org/10.1111/cas.12214 (2013).

61. Sandmann, T. et al. Patients with proneural glioblastoma may derive overall survival benefit from the addition of bevacizumab to
first-line radiotherapy and temozolomide: Retrospective analysis of the AVAglio trial. J. Clin. Oncol. 33, 2735-2744. https://doi.
0rg/10.1200/JC0O.2015.61.5005 (2015).

62. Mariathasan, S. et al. TGFp attenuates tumour response to PD-L1 blockade by contributing to exclusion of T cells. Nature 554,
544-548. https://doi.org/10.1038/nature25501 (2018).

63. Colwill, K. et al. A roadmap to generate renewable protein binders to the human proteome. Nat. Methods 8, 551-558. https://doi.
org/10.1038/nmeth.1607 (2011).

Acknowledgements
The authors would like to thank the TCGA, GEO, CGGA databases for data availability. Zijian Zhou would like
to thank his fiancée Yuqi Zhang for her meticulous support and help in life.

Author contributions

Z.Z. analyzed and interpreted the data and was a major contributor in writing the manuscript. J.W. performed
data preparation and visualization. As the co-corresponding author, W.J. contributed to the study conception
and design. All authors read and approved the final manuscript.

Funding
No funding was involved in this work, so there were no financial interests that were directly or indirectly related
to this work.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-09549-3.

Correspondence and requests for materials should be addressed to Z.Z. or WJJ.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:5457 | https://doi.org/10.1038/541598-022-09549-3 nature portfolio


https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1101/gr.165126.113
https://doi.org/10.1038/sdata.2017.24
https://doi.org/10.1371/journal.pone.0018608
https://doi.org/10.1016/j.ccr.2006.02.019
https://doi.org/10.1158/0008-5472.CAN-04-0452
https://doi.org/10.1158/0008-5472.CAN-04-0452
https://doi.org/10.1111/cas.12214
https://doi.org/10.1200/JCO.2015.61.5005
https://doi.org/10.1200/JCO.2015.61.5005
https://doi.org/10.1038/nature25501
https://doi.org/10.1038/nmeth.1607
https://doi.org/10.1038/nmeth.1607
https://doi.org/10.1038/s41598-022-09549-3
https://doi.org/10.1038/s41598-022-09549-3
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Characterization of aging tumor microenvironment with drawing implications in predicting the prognosis and immunotherapy response in low-grade gliomas
	Results
	Identification of aging TME related signature. 
	Classification for LGG samples. 
	Comparison of the prognosis between low and high Aging TME score groups. 
	Construction of nomogram model. 
	Functional enrichment analysis. 
	Immunosuppressive phenotype was identified in the TME of the high aging TME score group. 
	Somatic mutation analysis between the low and high aging TME score groups. 
	Validation of ATMERS. 

	Discussion
	Conclusion
	Methods
	Data acquisition. 
	Estimate. 
	Identification of aging TME related signature. 
	Classification for LGG samples based on the expression patterns of ATMERS. 
	Quantification of TME components. 
	Aging TME scoring system. 
	Construction of a nomogram model. 
	Functional enrichment analysis. 
	Somatic mutation analysis. 
	Validation of aging TME score in external data sets. 
	Validation of unfavorable ATMERS at protein level. 
	Statistical analysis. 
	Ethics approval and consent to participate. 

	References
	Acknowledgements


