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Aging-based molecular
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distinct prognosis, tumor
Immunogenicity, and
treatment sensitivity
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Ecology, Xiamen University, Xiamen, China

Objective: Aging is a complex biological process and a major risk factor for
cancer development. This study was conducted to develop a novel aging-
based molecular classification and score system in clear cell renal cell
carcinoma (ccRCC).

Methods: Integrative analysis of aging-associated genes was performed
among ccRCC patients in the TCGA and E-MTAB-1980 cohorts. In
accordance with the transcriptional expression matrix of 173 prognostic
aging-associated genes, aging phenotypes were clustered with the
consensus clustering approach. The agingScore was generated to quantify
aging phenotypes with principal component analysis. Tumor-infiltrating
immune cells and the cancer immunity cycle were quantified with the
ssGSEA approach. Immunotherapy response was estimated through the TIDE
algorithm, and a series of tumor immunogenicity indicators were computed.
Drug sensitivity analysis was separately conducted based on the GDSC, CTRP,
and PRISM analyses.

Results: Three aging phenotypes were established for ccRCC, with diverse
prognosis, clinical features, immune cell infiltration, tumor immunogenicity,
immunotherapeutic response, and sensitivity to targeted drugs. The
agingScore was developed, which enabled to reliably and independently
predict ccRCC prognosis. Low agingScore patients presented more
undesirable survival outcomes. Several small molecular compounds and
three therapeutic targets, namely, CYP11A1, SAAI1, and GRIK4, were
determined for the low agingScore patients. Additionally, the high
agingScore patients were more likely to respond to immunotherapy.
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Conclusion: Overall, our findings introduced an aging-based molecular
classification and agingScore system into the risk stratification and treatment

clear cell renal cell carcinoma, aging phenotypes, prognosis, tumor immunogenicity,
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decision-making in ccRCC.
KEYWORDS
treatment sensitivity
Introduction

Renal cell carcinoma (RCC) affects more than 400,000
people in the world annually (1). The age of diagnosis is
around 60, and men are diagnosed twice as often as women
(2). RCC has a few histological subtypes, with around 70% of
individuals diagnosed with clear cell renal cell carcinoma
(ccRCC) (1). Although ccRCC can be detected early and
successfully treated with surgery or ablation regimens, over
one-third of cases develop or progress to metastatic disease
that is almost uniformly lethal (3). ccRCC is highly immune
infiltrated, but there is extensive immune heterogeneity within
and between patients (4). Immune checkpoint blockade (ICB)
and combined strategies have favorably prolonged the survival
of ccRCC patients (5-7). Tumor-infiltrating cells enable to
influence the balance of antitumor immune response and
immune escape in ccRCC, and T-cell exhaustion within the
tumor microenvironment (TME) is responsible for the low

Abbreviations: RCC, renal cell carcinoma; ccRCC, clear cell renal cell
carcinoma; ICB, immune checkpoint blockade; TME, tumor
microenvironment; RNA-seq, RNA sequencing; TCGA, The Cancer
Genome Atlas; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal
papillary cell carcinoma; RMA, robust multiarray average; CAN, copy
number alteration; HAGR, Human Ageing Genomic Resources; CDF,
cumulative distribution function; PCA, principal component analysis;
ssGSEA, single-sample gene-set enrichment analysis; GSVA, gene set
variation analysis; MSigDB, Molecular Signatures Database; GO, Gene
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; EMT,
epithelial-mesenchymal transition; pan-FTBRS, pan-fibroblast TGFp
response signature; GSVA, gene set variation analysis; TIDE, Tumor
Immune Dysfunction and Exclusion; CTLs, cytotoxic T lymphocytes;
SubMap, Subclass Mapping; GDSC, Genomics of Drug Sensitivity in
Cancer; ICsg, half maximal inhibitory concentration; CCLs, cancer cell
lines; CCLE, Cancer Cell Line Encyclopedia; CTRP, Cancer Therapeutics
Response Portal; SNPs, single-nucleotide polymorphisms; SNV, single
nucleotide variation; TMB, tumor mutation burden; CTAs, cancer/testis
antigens; DEGs, differentially expressed genes; OS, overall survival; ROC,
receiver operating characteristic; DFS, disease-free survival; DSS, disease-
specific survival; PES, progression-free survival; AUC, area under the curve;

HR, hazard ratio; CI, confidence interval.
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response rate of ICB (4). Patients who respond to ICB present
remarkable enrichment of tissue-resident T-cell populations,
with enrichment of tumor-associated macrophages in resistant
patients (4). Nevertheless, predicting which patients will respond
to ICB remains a fundamental issue. Additionally, the drivers
and resistors of ICB responses are still not fully elucidated.

Cancer is regarded as an aging-related degenerative
malignancy, and aging is an independent risk factor of cancer
(8). The mechanisms by which aging results in cancer
progression remain being explored. Many aging-related
cellular events (genomic instability, inflammatory response,
immunity, etc.) are hallmarks of cancer (9). Despite the
widespread study of the aging microenvironment in cancers,
few studies focused on the overall characteristics of the
transcriptional landscape of aging-associated genes in ccRCC.
Previously, several aging-associated genes have been determined
to be linked to unfavorable survival outcomes of RCC (9).
Additionally, experimental evidence demonstrates that aging-
associated genes participate in RCC progression. The molecular
characteristics that reflect ccRCC ontogeny and development are
being increasingly defined. Herein, on the basis of molecular and
clinical information of ccRCC patients, we comprehensively
evaluated aging phenotypes and their interactions with the
tumor immune landscape. Three different aging phenotypes
were characterized, which presented different prognosis and
immunologic mechanisms, demonstrating the critical role of
the aging process in remodeling tumor immune landscape in
ccRCC individuals. Thereafter, aging phenotypes were
individually quantified via generating the agingScore.
Altogether, our findings might assist risk stratification and
guide treatment decision-making for ccRCC.

Materials and methods

Publicly available datasets and
processing

For the discovery cohort, RNA sequencing (RNA-seq) data
of The Cancer Genome Atlas-kidney renal clear cell carcinoma
(TCGA-KIRC) cohort (n = 529) were obtained via the UCSC

frontiersin.org


https://doi.org/10.3389/fimmu.2022.877076
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

Xena project (https://xenabrowser.net/datapages/). For the
verification cohorts, RNA-seq profiles of the TCGA-kidney
renal papillary cell carcinoma (TCGA-KIRP) (n = 286) were
also obtained from the UCSC Xena Portal, while the microarray
data of the E-MTAB-1980 cohort (n = 240) were downloaded
from the ArrayExpress database (https://www.ebi.ac.uk/

arrayexpress/) (10). RNA-seq data were further transformed to
log2 (TPM+1), which had higher similarity with microarray
profiling and higher comparability between samples. The
corresponding clinical information was collected from the
UCSC and ArrayExpress databases (Supplementary Table 1).
The microarray data were adjusted for background and
normalized by quantile utilizing the robust multiarray average
(RMA) approach from the affy package (11). For the TCGA-
KIRC project, the somatic mutational data as well as the copy
number alteration (CNA) data were acquired from the TCGA
portal (https://portal.gdc.cancer.gov/). Figure 1 depicts the work
procedure of this study. We collected 307 aging-associated genes

10.3389/fimmu.2022.877076

from the Human Ageing Genomic Resources (HAGR; https://
genomics.senescence.info/), which is a collection of online
resources for exploring the biology of human aging (12).

Establishment of aging phenotypes

The optimum number of clusters was determined in the
TCGA-KIRC cohort via the ConsensusClusterPlus package
based on the expression profiling of prognostic aging-
associated genes generated from the univariate Cox regression
models (13). Eighty percent of the samples were subsampled in
each iteration, and each subsample was divided into at most k
(maximum k value = 9) groups via the k-means algorithm
through the Euclidean distance. This analysis was repeated
1,000 times. Thereafter, the perfect clustering result was
determined by considering consistent cumulative distribution
function (CDF) graphs. Afterward, the results were illustrated as
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FIGURE 1
The workflow of our study.
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consensus matrix heatmaps generated by the heatmap package.
The reproducibility of the clusters was evaluated in the E-
MTAB-1980 cohort.

Functional and pathway enrichment
analysis

The single-sample gene set enrichment analysis (ssGSEA)
algorithm from the gene set variation analysis (GSVA) software
(14) was implemented to ascertain the hallmark pathways and
evaluate the differences in biological significance among aging
phenotypes. The hallmark gene set was collected from the
Molecular Signatures Database (MSigDB) to run the GSVA.
Through the clusterProfiler package (15), functional annotation
of aging phenotype-associated genes was carried out. P <0.05
was regarded as significant enrichment in Gene Ontology and
Kyoto Encyclopedia of Genes and Genomes (KEGG). The
known pathways were acquired, consisting of epithelial-
mesenchymal transition (EMTI, 2, 3), immune checkpoint,
antigen processing machinery, CD8" T effector signature,
angiogenesis signature, and pan-fibroblast TGFP response
signature (pan-FTBRS) (16-18). The activities of the above
biological processes were computed via the ssGSEA approach.

Generation of tumor-infiltrating
immune cells

Through the ssGSEA, the infiltrations of 28 immune cell
types were quantified in accordance with the 782 metagenes
utilizing the GSVA package (14). Tumor purity as well as
stromal and immune scores was computed via the ESTIMATE
package with default parameters (19).

Cancer immunity cycle

The cancer immunity cycle can reflect the anti-tumor
immune response and comprises seven steps, as previously
described (20). The activities of the above steps were
quantified via the ssGSEA approach.

Immunotherapy response

Through the tumor immune dysfunction and exclusion
(TIDE) algorithm, the response to immunotherapy was
predicted in accordance with the tumor immune escape
mechanisms: inducing T-cell dysfunction within tumors
with enhanced infiltrations of cytotoxic T lymphocytes
(CTLs) as well as preventing the infiltrations of T cells
within tumors with reduced CTLs [21]. The expression
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similarity between phenotypes and the patients who
differently responded to immunotherapy was evaluated with
the Subclass Mapping (SubMap) approach that employed
the GSEA algorithm to infer the commonality between
groups (21). P <0.05 suggested a significant similarity
between groups.

Drug sensitivity analysis

Through the pRRophetic package (22), a ridge regression
analysis was conducted in accordance with the Genomics of
Drug Sensitivity in Cancer (GDSC) cell line expression data (23).
The half maximal inhibitory concentration (ICs,) value was
estimated to reflect the sensitivity to agents. The expression
profiling and somatic mutational data of human cancer cell lines
(CCLs) were retrieved from the Cancer Cell Line Encyclopedia
(CCLE) database (https://portals.broadinstitute.org/ccle/) (24).
CERES scores can be utilized for measuring the dependency of
target genes in certain CCLs. A negative score represents that the
cell line grows slower when the specific gene is knocked out, and
a positive score represents that the cell line grows faster when the
specific gene is knocked out. The CERES scores of CRISPR-
knockdown screening of over 18,000 genes across over 700 cell
lines were acquired from the dependency map (DepMap)
database (https://depmap.org/portal/). Drug sensitivity data of
CCLs were required from the Cancer Therapeutics Response
Portal (CTRP; https://portals.broadinstitute.org/ctrp)
containing 481 agents over 835 CCLs as well as from the
PRISM project (https://depmap.org/portal/prism/) containing
1,448 agents over 482 CCLs. The two datasets offer the area
under the dose-response curve (AUC) measures of drug
sensitivity. A lower AUC value indicates a higher sensitivity to
an agent. Since the CCLs in the two projects were required from
the CCLE project, expression profiling in CCLE was utilized for
further CTRP and PRISM analysis.

Analysis of single-nucleotide
polymorphisms and CNAs

The maftools package was applied for analyzing somatic
variants, and overall mutation status was illustrated across three
phenotypes (25). Through the GISTIC (version 2.0) software, the
amplified and deleted CNAs in the tumor were quantified with
the input of “SNP6” files (26).

Evaluation of tumor immunogenicity
indicators

Immune checkpoints with therapeutic potential were
collected from the study of Auslander et al. (27). Single
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nucleotide variation (SNV) neoantigens were calculated via
NetMHCpan (version 3.0) (28) in accordance with human
leukocyte antigen (HLA) types required from RNA-seq
utilizing OptiType (version 1.2) (29). Tumor mutation
burden (TMB) was quantified following the total count of
non-synonymous mutations (30). Homologous
recombination defects score was computed through three
DNA-based genomic instability: large (>15 Mb) non-arm-
level regions with loss of heterozygosity, telomeric allelic
instability, and large-scale state conversion with breaks
between adjacent segments >10 Mb (31). Intratumor
heterogeneity and cancer/testis antigens (CTAs) were
also involved.

Analysis of aging phenotype-associated
genes

The limma package was applied for determining the
differentially expressed genes (DEGs) between phenotypes
(32). The threshold was set as adjusted P <0.05 as well as at
least 1.5-fold changes in expression. The Venn plot directly
depicted the number of DEGs among phenotypes.

Generation of the aging gene signature

For quantifying the aging phenotypes of individual
patients, a scoring system was generated for assessing all
individuals, named as agingScore. Univariate Cox regression
analysis was conducted to determine the prognostic
implication of DEGs. The DEGs with P <0.05 were utilized
to compute the agingScore via the PCA algorithm. The
principal components (PCs) PC1 and PC2 acted as the
scoring system (33, 34). The formula of the agingScore was
as follows: aging ~ Score = EJ,:PCZ' + PCj where i and j indicate
the ranking and the total number of the prognostic DEGs,
respectively. The advantage of this approach is to focus the
score on the set with the largest well-related (or anti-
correlated) genes in the set while reducing the contribution
of genes that are not tracked with other set members.

Analysis of post-transcriptional features
correlated to agingScore

In the TCGA-KIRC cohort, differentially expressed miRNAs
or mRNAs were screened between high and low agingScore
groups in accordance with FDR <0.05 and at least 1.5-fold
changes. The targeted mRNAs were then predicted through
the miRbase database (http://www.mirbase.org/) (35). Analysis
of KEGG pathways enriched by the miRNA-targeted mRNAs
was carried out.
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Statistical analysis

The dissimilarity of the clusters was verified through
principal component analysis (PCA). Student’s t-test or the
Wilcoxon rank sum test was applied to evaluate the difference
between two groups, while one-way analysis of variance or the
Kruskal-Wallis test was implemented to estimate the
difference between three groups. The Benjamini-Hochberg
approach was implemented to correct multiple tests. Kaplan-
Meier analysis was implemented to compare the overall
survival (OS), disease-free survival (DFS), disease-specific
survival (DSS), and progression-free survival (PFS) between
groups utilizing survival and survminer packages. The
difference in OS was computed with the log-rank test. The
receiver operating characteristic (ROC) curves of OS, DFS,
DSS, and PFS were conducted and the AUC values were
calculated with the survivalROC package. Univariate Cox
regression analysis was implemented to identify the
significant associations of agingScore and clinical features
with OS, DFS, DSS, and PFS. Hazard ratio (HR), 95%
confidence interval (CI), and the P-value of each variable
were separately computed. Multivariable Cox regression
analysis was utilized to assess whether agingScore was
independent of other clinical features. In accordance with
the multivariate Cox regression results, a nomogram was
generated to provide a visualized risk prediction after each
factor was assigned a score via the rms package. The time-
dependent concordance index (C-index) was computed with
the pec package. A calibration diagram was drawn to estimate
the calibration capacity of the nomogram. Correlation analysis
was implemented with Pearson’s or Spearman’s correlation
test. All statistical P-values were two-sided, with P <0.05 as
statistically significant. All analyses were conducted with the R
software (version 4.0.2).

Results

The landscape of prognosis and clinical
features of the three aging phenotypes
in ccRCC

Among 307 aging-associated genes, univariate Cox
regression determined 173 genes significantly linked to
clinical outcomes among 529 ccRCC patients in the TCGA-
KIRC cohort (Supplementary Table 2), which were included
for consensus clustering analysis. Through applying the
ConsensusClusterPlus approach, three aging phenotypes
were achieved, termed as Cl, C2, and C3 in accordance
with the selection of k = 3 as the optimal k value
(Figures 2A-D). Thereafter, PCA affirmed the remarkable
difference among the three phenotypes (Figure 2E). Patients
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FIGURE 2

The landscape of prognosis and clinical features of the three aging phenotypes in The Cancer Genome Atlas-kidney renal clear cell carcinoma
(TCGA-KIRC) cohort. (A) The cumulative distribution functions (CDFs) of the consensus matrix for k = 2~9 marked by colors. (B) Relative
alterations in area under the CDFs for k = 2~9. (C) Tracking plot for the classification of the TCGA-KIRC dataset into diverse subtypes for

k = 2~9. (D) Classification of the TCGA-KIRC cohort into three clusters when k = 3. (E) PCA of the RNA expression profiling of prognostic aging-
associated genes. (F) Kaplan—Meier analysis for overall analysis (OS) among the three phenotypes. (G) Pie plots of the distribution of clinical

features across the three phenotypes.

with the C3 phenotype presented the best OS outcomes,
followed by C1 and C2 (Figure 2F). Figure 2G illustrates the
distribution of clinical features among the three phenotypes.
Because the E-MTAB-1980 cohort possessed relatively
complete prognostic information as well as a large sample
size, it was employed for validating the repeatability of this
classification. Similarly, consensus clustering analysis was
implemented on the cohort, and the three different
aging phenotypes were clearly clustered (Supplementary
Figures 1A-E). The remarkable difference in OS outcomes
was noted among the phenotypes (Supplementary Figure 1F),
affirming the reliability of this classification for ccRCC.

Frontiers in Immunology

The immune landscape of the three
aging phenotypes

To uncover the molecular mechanisms underlying the aging
phenotypes, we focused on the TCGA-KIRC dataset that had
relatively complete omics data and clinical characteristics. The
activity status of the hallmark pathways was firstly computed
across the three aging phenotypes. In Figure 3A, oxidative
phosphorylation, peroxisome, reactive oxygen species pathway,
and DNA repair presented relatively high activities in the C1
phenotype; the C2 phenotype had relatively high activities of
immune pathways (IL2-STATS5 signaling, inflammatory
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Immune landscape and antitumor immune responses of the three aging phenotypes in the TCGA-KIRC cohort. (A) Heatmap depicting the
activities of hallmark pathways across the three aging phenotypes. Activated and inhibited hallmark pathways are colored by red and cyan,
respectively. (B) Heatmap of the relative abundance of tumor-infiltrating immune cell populations across the three aging phenotypes. The high
and low enrichment levels are colored red and cyan, respectively. (C) Heatmap of the RNA expression of immune checkpoint molecules across
the three aging phenotypes. The high and low expression levels of immune checkpoints are marked by red and cyan, respectively. (D—F) Box
plots of the differences in (D) immune and (E) stromal scores as well as (F) tumor purity across the three aging phenotypes. (G) Heatmap of the
activation states of the seven steps within the cancer immunity cycle across the three aging phenotypes. Activated and inhibited steps are
colored red and cyan, respectively. (H) Heatmap of the activities of known biological processes across the three aging phenotypes. Activated or
inactivated processes are colored red or cyan. (I) Prediction of the response to anti-PD-1 and anti-CTLAL4 among the three aging phenotypes.
R, response; noR, non-response. (J) Distribution of the three aging phenotypes across known immune subtypes. (K) Kaplan—Meier analysis for
OS of the TCGA-KIRC cohort stratified by immune subtypes. (L) Kaplan—Meier analysis for OS of the TCGA-KIRC cohort stratified by immune
subtypes and aging phenotypes. Ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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response, complement, etc.) as well as stromal pathways (WNT
beta-catenin signaling, angiogenesis, etc.); and the C3 phenotype
presented features of activation of metabolism pathways (fatty
acid metabolism, bile acid metabolism, etc.). Extrinsic immune
evasion mechanisms were evaluated in accordance with the
absence of leukocytes as well as the presence of
immunosuppressive cell populations. As illustrated in Figure 3B,
the C1 phenotype presented deficient immune cell infiltrations
and immune-mediated elimination, which can be characterized as
the immune-deserted type; the C2 phenotype was recognized as
the immune-excluded type which had relatively high stromal
score and infiltrations of immunosuppressive cells [type 1
helper cells, type 2 helper cells, regulatory T cells, myeloid-
derived suppressor cells (MDSCs), T follicular helper cells, etc.];
and the C3 phenotype was recognized as immune-inflamed
characterized by the immune-active cells (CD4" T cells, CD8" T
cells, etc.). Therefore, we speculated that the Cl and C3
phenotypes probably reflected the deficiency of recruitment or
activation of innate immune cell populations, thereby triggering
the failure of adaptive antitumor immune responses. Moreover,
the C2 phenotype had a higher expression of co-stimulatory and
co-inhibitory immune checkpoint molecules in comparison to the
other phenotypes (Figure 3C), indicating that the C2 phenotype
might upregulate the immune checkpoint molecules to escape the
immune elimination following immune activation. Through the
ESTIMATE approach, we estimated the overall levels of immune
and stromal cells as well as tumor purity. Not surprisingly, the C2
phenotype presented higher immune and stromal scores as well as
lower tumor purity compared with the other phenotypes
(Figures 3D-F).

Antitumor immune responses of the
three aging phenotypes

The activities of the cancer immunity cycle were computed to
reflect antitumor immune responses. In Figure 3G, most steps
within the cancer immunity cycle showed higher activity status in
the C2 phenotype in comparison to the other phenotypes. It was
also noted that the C2 phenotype was characterized by stromal
activation (EMT, pan-F-TBRS, etc.) as well as cell cycle
progression (cell cycle, DNA replication, etc.), as illustrated in
Figure 3H. It was predicted that the C2 phenotype responded to
anti-CTAL4 therapy (Figure 3I). A previous study has defined six
major immune subtypes (ISs) across pan-cancer in TCGA: IS1
(wound healing), IS2 (IFN-y dominant), IS3 (inflammatory), IS4
(lymphocyte depleted), IS5 (immunologically quiet), and IS6
(TGF-B dominant) (36). We sought to comprehend the
interaction of aging phenotypes with immune subtypes. Overall,
the IS1, IS2, and IS6 subtypes tended to have more C1 and C2
aging phenotypes, with more C3 aging phenotype in the IS3 and
IS4 subtypes (Figure 3]). Among five immune subtypes, ccRCC
patients in the IS3 subtype presented the best OS outcomes, with
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the worst outcomes for those in the IS1 subtype (Figure 3K).
Interestingly, the C3 patients were significantly enriched in the IS3
subtype (16.84% in C1, 17.37% in C2, 65.79% in C3). Although
both C3 and IS3 showed a favorable prognosis, nearly 34% of 1S3
patients had C1 and C2 phenotypes, which resulted in a poor
prognosis. Thus, we explored whether aging-related clusters could
further categorize patients into distinct survival groups. By
performing a log-rank test, IS3 belonging to the C3 phenotype
showed a more favorable prognosis compared to the other
phenotypes (Figure 3L). These results indicated that aging-
related genes could provide an additional characterization from
a preexisting molecular classification of ccRCC.

Sensitivity to known targeted drugs of
the three aging phenotypes

Considering that targeted treatment remains the preferred
therapeutic regimen against advanced RCC, the sensitivity to
axitinib, pazopanib, sorafenib, and sunitinib across the three
aging phenotypes was assessed on the basis of the GDSC cell line
expression data. The C2 phenotype presented higher sensitivity
to axitinib (Figure 4A) and pazopanib (Figure 4B), the C3
phenotype was more sensitive to sorafenib (Figure 4C), and
the C1 phenotype had higher sensitivity to sunitinib (Figure 4D).

Genomic alterations of the three
aging phenotypes

The somatic mutation landscape was determined in the
TCGA-KIRC cohort. Among the three aging phenotypes, VHL
(48%) and PBRM1 (41%) were the most frequent mutated genes
(Figure 4E). Additionally, the mutated genes were evenly
distributed across the three aging phenotypes. Further analysis
was conducted to delineate the significant focal copy number
alterations via GISTIC 2.0. Figure 4F illustrates the distinct focal
amplifications and deletions of CNVs in each phenotype. In
comparison to the Cl phenotype, a higher TMB score was
investigated in the C2 phenotype (Figure 4G). The diverse
genomic alteration preferences across the three phenotypes
might result in distinct ccRCC progression.

Intrinsic immune evasion mechanisms of
the three aging phenotypes

The intrinsic immune evasion mechanisms underlying the
three aging phenotypes were evaluated in accordance with a
series of indicators associated with tumor immunogenicity. The
C3 phenotype had a higher intratumor heterogeneity compared
with the CI and C2 phenotypes (Figure 4H). Genomic instability
was evaluated according to homologous recombination defects.
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Sensitivity to known targeted drugs, genomic alterations, and intrinsic immune evasion mechanisms of the three aging phenotypes in the
TCGA-KIRC cohort. (A-D) Box plots of the differences in sensitivity to (A) axitinib, (B) pazopanib, (C) sorafenib, and (D) sunitinib across the three
aging phenotypes. (E) Waterfall plot of tumor somatic mutation across the three aging phenotypes. The top bar plot shows TMB. Each column
represents an individual patient. Numbers and bar graphs depict the mutational frequencies as well as the proportions of mutation types.

(F) Somatic copy number alterations across the three aging phenotypes. The y-axis indicates the chromosome positions, while the x-axis
depicts the focal deletion or amplification identified by a horizontal blue or red bar. The green line indicates the significance threshold of FDR
<0.25. (G-K) Box plots of the differences in (G) TMB score, (H) intratumor heterogeneity, (I) homologous recombination defects, (J) SNV
neoantigens, and (K) CTA score across the three aging phenotypes. Ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.

The C2 phenotype presented higher homologous recombination
defects in comparison to the other phenotypes (Figure 4I). In
contrast to the C1 phenotype, increased SNV neoantigens were
investigated in the C2 and C3 phenotypes (Figure 4]). Moreover,
the C3 phenotype had a lower overall expression of CTAs in
comparison to the C1 and C2 phenotypes (Figure 4K). Overall,
the above elements associated with tumor immunogenicity had
remarkable differences in the three aging phenotypes.
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Identification of aging phenotype-
associated genes and generation of an
agingScore system for ccRCC

In total, 450 aging phenotype-associated genes were
identified by comparing the differential expression between
aging phenotypes (Figure 5A; Supplementary Table 3). Further
analysis demonstrated their roles in vessel morphogenesis and
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development, extracellular components, and signaling receptor
binding (Figures 5B-D). Additionally, these aging phenotype-
associated genes were involved in mediating tumorigenic
pathways (ECM-receptor interaction, PI3K-Akt signaling
pathway, proteoglycans in cancer, Rapl signaling pathway,
etc.; Figure 5E). As illustrated in Figure 5F, there was
widespread heterogeneity in the aging phenotype-associated
genes among the three aging phenotypes. Univariate Cox
regression determined 261 prognostic aging phenotype-
associated genes in the TCGA-KIRC cohort (Supplementary
Table 4). With the PCA approach, we computed an agingScore
system for ccRCC. The C3 phenotype presented a higher
agingScore in comparison to the Cl and C2 phenotypes
(Figure 5G). In accordance with the median value of
agingScore, we stratified the TCGA-KIRC, E-MTAB-1980, or
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TCGA-KIRP cohort into high and low agingScore populations.
A high agingScore presented more favorable OS outcomes in
comparison to a low agingScore in the TCGA-KIRC cohort
(Figure 6A), E-MTAB-1980 cohort (Figure 6B), and TCGA-
KIRP cohort (Figure 6C). Additionally, in the TCGA-KIRC
cohort, a high agingScore was linked to better DFS
(Figure 6D), DSS (Figure 6E), and PFS (Figure 6F), affirming
the prognostic implication of the agingScore in ccRCC.

Validation of the predictive performance
of the agingScore in ccRCC prognosis

The ROC diagram was drawn to verify the efficacy of this
agingScore in predicting ccRCC prognosis. The AUC values of
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the 1-, 3-, and 5-year OS were 0.77, 0.61, and 0.61 in the TCGA-
KIRC cohort and 0.70, 0.76, and 0.73 in the E-MTAB-1980
cohort (Figures 7A, B). Moreover, in the TCGA-KIRC cohort,
the AUC values of the 1-, 3-, and 5-year DFS were 0.65, 0.68, and
0.69, respectively (Figure 7C); the AUC values of the 1-, 3-, and
5-year DSS were 0.75, 0.75, and 0.76, respectively (Figure 7D);
and the AUC values of the 1-, 3-, and 5-year PFS were 0.69, 0.71,
and 0.73, respectively (Figure 7E). Overall, the agingScore was a
reliable prognostic indicator of ccRCC. In both the TCGA-KIRC
and E-MTAB-1980 cohorts, the agingScore was an independent
protective factor of ccRCC patients’ OS (Figures 7F, G).
Additionally, the agingScore was independently predictive of
ccRCC patients’ DFS, DSS, and PFS (Figures 7H-]).

Construction of an agingScore-based
nomogram for ccRCC prognosis

To facilitate the clinical application of the agingScore, we
conducted a personalized nomogram model. This nomogram for
OS prediction was conducted by incorporating the following
independent prognostic factors: age, stage, grade, and
agingScore. In Figure 7K, the 1-, 3-, and 5-year OS for ccRCC
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individuals from the TCGA-KIRC cohort can be evaluated by this
personalized nomogram model (C-index = 0.782). As illustrated
in the calibration diagram, a favorable overlap was found between
the nomogram-predicted and the observed 1-, 3-, and 5-year OS
of ccRCC patients (Figure 7L). Overall, the nomogram had a good
prediction performance in ccRCC prognosis.

Identification of agingScore-related
candidate compounds and drug targets

On the basis of the GDSC cell line data, we computed the
associations of the AUCs of the GDSC-derived compounds with
agingScore. Figure 8A illustrates the agingScore-related GDSC-
derived compounds. The above compounds were involved in the
tumorigenic pathways (apoptosis regulation, DNA replication, cell
cycle, EGFR signaling, etc.; Figure 8B). The AUCs of six CTRP-
derived compounds (leptomycin B, CR-1-31B, SR-II-138A,
paclitaxel, ouabain, and methotrexate) were positively correlated
to agingScore (Figure 8C). The low agingScore group presented
lower AUCs of the above compounds in comparison to the high
agingScore group, demonstrating that patients with low
agingScore were more likely to be sensitive to the above
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compounds. Additionally, we determined the positive associations
of the AUCs of eight PRISM-derived compounds
(combretastatin-A-4, cabazitaxel, vincristine, PHA-793887,
romidepsin, gemcitabine, dolastatin-10, and YM-155) with
agingScore (Figure 8D). Lower AUCs were found in the low
agingScore group, indicating higher sensitivity to the above
compounds. Through Spearman’s correlation analysis between
the CERES score of drug targets and agingScore, 261 targets were
screened (P < 0.05, and correlation coefficient > 0.82; Figure 8E).
Additionally, Spearman’s correlation analysis of druggable protein
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expression with agingScore was carried out. As a result, 242
protein targets were determined based on P <0.05 and
correlation coefficient <0.1 (Figure 8F). Three genes, namely,
CYPI11AI, SAAI, and GRIK4, were determined as potential
therapeutic targets through the above analysis, indicating that
suppressing the functions of the above genes in low agingScore
individuals could present desirable therapeutic effects. Moreover,
CYP11AI and GRIK4 expression was validated in normal and
kidney tissues by immunohistochemistry from the Human
Protein Atlas (Figure 8G).
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Association between agingScore and
antitumor immune responses

As illustrated in Figure 9A, the low agingScore group
presented relatively high infiltrations of immunosuppressive
cells (MDSCs, type 1 helper cells, type 2 helper cells, T
follicular helper cells, etc.) as well as immune active cells
(CD4" T cells, CD8" T cells, etc.) in comparison to the high
agingScore group, indicating that tumors with high
agingScore lacked recruitment or activation of innate
immune cell populations. Moreover, the high agingScore
group showed a higher expression of most co-stimulatory
and co-inhibitory immune checkpoint molecules than the low
agingScore group (Figure 9B), indicating that high agingScore
might upregulate the immune checkpoint molecules to escape
the immune elimination after immune activation. In
Figure 9C, agingScore was positively linked with cancer
antigen presentation, CD8" T cell recruiting, NK cell
recruiting, infiltration of immune cells into tumors, and
killing of cancer cells. Additionally, agingScore was
positively linked with stromal activation (EMT, FGFR3-
related genes, angiogenesis, and WNT target) and antigen-
processing machinery and was negatively linked with cell
cycle progression. With the TIDE algorithm, patients who
responded to immunotherapy had relatively higher
agingScore both in the TCGA-KIRC cohort (Figure 9D) and
the E-MTAB-1980 cohort (Figure 9E). Therefore, individuals
with high agingScore had a higher probability to respond
to immunotherapy.

Post-transcriptional features correlated
to agingScore

In the TCGA-KIRC cohort, we identified 5 upregulated
miRNAs and 55 downregulated miRNAs in the high
agingScore group in comparison to the low agingScore group
in accordance with FDR <0.05 and at least 1.5-fold changes
(Figure 10A). Additionally, 2,921 mRNAs were upregulated and
476 mRNAs were downregulated in the high agingScore group
compared with the low agingScore group according to FDR
<0.05 and at least 1.5-fold changes (Figure 10B). Thereafter, the
targeted differentially expressed mRNAs of the above miRNAs
were predicted (Supplementary Table 5), and enrichment
analysis of the signaling pathways of their target genes was
conducted. The tumorigenic pathways especially were enriched
by the miRNA-targeted mRNAs in the high agingScore group,
containing pathways in cancer; miRNAs in cancer; FoxO, PI3K-
Akt, ErbB, and Notch signaling pathways; focal adhesion; and
Thl and Th2 cell differentiation (Figure 10C). These results
indicated that agingScore was related to post-transcriptional
mechanisms and tumorigenic pathways.
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Discussion

Over the past decade, high-throughput analysis has greatly
advanced our understanding of ¢ccRCC biology, allowing us to
recapitulate critical events in ccRCC initiation and progression
(2). The increase in understanding of the molecular profiles as well
as genetic alterations has translated into novel targets or
biomarkers, which affect ccRCC decision-making, thereby
shedding a novel insight into prolonging patients’ clinical
outcomes (1). Considering the unique molecular and clinical
features of ccRCC, tailoring specialized management is of
importance (36). Our study categorized ccRCC into three
clinically and therapeutically relevant subtypes in accordance
with the expression profiles of prognostic aging-associated genes
(12). Additionally, agingScore was generated and presented a
favorable performance in prognostication as well as
immunotherapeutic responses. Our findings proposed a precise
prognostic prediction approach for ccRCC patients with similar
biological patterns with more precise prognostication.

ccRCC is a highly heterogeneous tumor among individual
patients, encompassing different malignancies with different
pathologic characteristics and molecular pathways, which makes
it nearly impossible to determine a therapy that fits all ccRCC
cases (4). Intratumor heterogeneity, a common feature of ccRCC,
is linked to patterns of metastatic spread and prognosis after
surgery, complicating the assessment of prognostic indicators
(37). Hence, finding tailored therapeutic regimens for
subpopulations is significant for maximizing therapeutic
efficiency. In accordance with the expression profiling of 173
prognostic aging-associated genes, 529 ccRCC patients in the
TCGA-KIRC cohort were classified into three aging phenotypes,
which was affirmed in the E-MTAB-1980 cohort. The successful
development of new immunotherapy and immunotherapy-based
combination therapy requires an in-depth understanding of
c¢cRCC immunobiology. Many chromosomal alterations are
linked to the response or resistance to ICB in advanced ccRCC,
and the crosstalk of somatic alterations with immune infiltrations
impacts the response to ICB (38). It has been demonstrated that
previous genomic correlations of ICB responses in solid tumors
(TMB and PD-L1 status, etc.) cannot predict ccRCC, suggesting
the important role of the immune microenvironment in
modulating clinical benefits (39-41). Most ccRCC presents a
moderate TMB, but high infiltration of intratumoral CD8" T
cells is linked to an unfavorable prognosis. Three aging
phenotypes were characterized by diverse prognosis, clinical
features, immune cell infiltration, tumor immunogenicity,
immunotherapeutic response, and sensitivity to targeted drugs
(axitinib, pazopanib, sorafenib, and sunitinib), indicating the
roles of the aging process in ccRCC progression. Additionally,
the interactions of the aging phenotypes with the TME reflected
that aging processes seem to mediate immune cell subpopulations
in ccRCC tumors.
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Association between agingScore and antitumor immune responses. (A) Landscape of immune cell infiltrations in the high as well as low
agingScore groups in the TCGA-KIRC dataset. (B) Distribution of the expression of immune checkpoint molecules in the high and low
agingScore groups in the TCGA-KIRC cohort. (C) Association of agingScore with activities of cancer immunity cycle and known biological
processes in the TCGA-KIRC dataset. Solid lines represent positive correlations, while dashed lines represent negative correlations.

(D) Prediction of response to immunotherapy in the TCGA-KIRC dataset. (E) Validation of the response to immunotherapy in the high and low

agingScore groups in the E-MTAB-1980 cohort. *P < 0.05; ****P < 0.0001.

We generated the agingScore system, which enabled us to
reliably and independently predict ccRCC prognosis. Patients
with low agingScore presented undesirable prognosis in
contrast to those with high agingScore. Recently, Chen et al.
defined cellular senescence score for delineating the cellular
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senescence landscape across pan-cancer, which correlated to
genomic and immune features, immunotherapeutic responses,
and clinical outcomes (42). The nomogram is a useful and
easy-to-use tool used by doctors to predict outcomes, plan
personalized therapy, and determine follow-up or imaging
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Analysis of post-transcriptional features correlated to agingScore in the TCGA-KIRC cohort. (A) Volcano diagram of differentially expressed
miRNAs between the high and low agingScore groups. (B) Volcano diagram of differentially expressed RNAs between the high and low
agingScore groups. Red represents upregulation, while green represents downregulation. (C) Differences in miRNA-targeted signaling pathways
between the high and low agingScore groups. The red dot indicates the high expression of targeted mRNAs in the high agingScore group, while
the blue dot indicates the high expression of miRNAs in the low agingScore group.

intervals (43). Previous research has conducted several
nomogram models for ccRCC (44, 45). Regrettably, few
nomograms have been applied in clinical practice. Herein,
we developed the nomogram to estimate the personalized OS
probability of ccRCC subjects, comprising age, stage, grade,
and agingScore. Calibration plots confirmed the favorable
overlap between this model-estimated and investigated OS
probabilities of ccRCC. Hence, the agingScore-based
nomogram may provide individualized prognosis estimates
for ccRCC subjects. The agingScore was remarkably linked to
tumorigenic pathways, immune cell infiltration, and tumor
immunogenicity. Additionally, high agingScore patients were
responsive to immunotherapy. Several small molecular
compounds were determined for the low agingScore patients.
Proteins showing an enhanced negative association with
agingScore could possess therapeutic potential for patients
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with low agingScore (46). Nevertheless, most human proteins
are undruggable because they are short of distinct active sites
where small molecule agents can bind to as well as reside in
cells that are inaccessible to biological agents. Hence, it is of
importance to speculate on the potential druggable therapeutic
targets for low agingScore patients with undesirable survival
outcomes. Through Spearman’s correlation analysis of
agingScore with the CERES score of drug targets and the
expression level of druggable proteins, we determined the
three genes, namely, CYPI1AI, SAAI, and GRIK4, as
promising therapeutic targets for low agingScore patients.
Collectively, our findings offered a novel insight into
personalized prognostication methods as well as threw light on
combining tailored risk stratification with precision treatment.
Nevertheless, our analysis still possessed several limitations. At
first, the number of datasets with available RNA-seq or
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microarray profiles remained limited. The three aging subtypes
and agingScore needed to be verified with a larger sample size.
Secondly, the relationships between drug targets and small
molecular compounds lacked verification, thereby reducing the
persuasiveness of our conclusion. Thirdly, our results were
obtained from in-silico analysis, and more experimental and
clinical verification was required to facilitate the clinical
application of our findings.

Conclusion

Our findings revealed the interactions between aging-
associated genes in ccRCC and remodeling of the TME,
providing a novel insight into the molecular drivers underlying
ccRCC initiation and development. Collectively, our study
offered opportunities for ccRCC prevention, early detection,
and prognostication as well as therapy.
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