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Cellular senescence (CS) is closely related to tumor progression. However, the studies about CS genes
across human cancers have not explored the relationship between cancer senescence signature
and telomere length. Additionally, single-cell analyses have not revealed the evolutionary trends
. of malignant cells and immune cells at the CS level. We defined a CS-associated signature, called
. “senescence signature”, and found that patients with higher senescence signature had worse
. prognosis. Higher senescence signature was related to older age, higher genomic instability, longer
. telomeres, increased lymphocytic infiltration, higher pro-tumor immune infiltrates (Treg cells and
MDSCs), and could predict responses to immune checkpoint inhibitor therapy. Single-cell analysis
. further reveals malignant cells and immune cells share a consistent evolutionary trend at the CS level.
. MAPK signaling pathway and apoptotic processes may play a key role in CS, and senescence signature
© may effectively predict sensitivity of MEK1/2 inhibitors, ERK1/2 inhibitors and BCL-2 family inhibitors.
: We also developed a new CS prediction model of cancer survival and established a portal website to
. apply this model (https://bio-pub.shinyapps.io/cs_nomo/).

. Introduction

. Aging is one of the important causes of cancer, with epidemiological investigations indicating that the cancer inci-

. dence increases with age'. Cellular senescence (CS) contributes to aging in humans?. CS is considered to be a state
of cell proliferation arrest due to the cell cycle being halted®. Both cancer and CS result from the time-dependent
accumulation of cellular damage, and many studies have shown a substantial overlap between the hallmarks of
CS and cancer”. These hallmarks include epigenetic changes, altered signaling pathways, chromosomal instability,
changes in protein homeostasis, damage to telomeres, mitochondrial dysfunction, and more*®. In particular, the

: discovery of the senescence-associated secretory phenotype (SASP)° suggests that senescent cells can promote

: tumor progression and metastasis by influencing the tumor microenvironment (TME)”.

' Antitumor acquired immune programs can be tampered with by factors secreted by senescent cells in the
TME, which regulate the malignant behavior of tumor by adjusting the components and functions of the innate
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immune system®. Extensive microarray analyses have manifested that the secretory expression profile of senes-
cent cells, called SASP, includes growth factors, inflammatory cytokines, chemokines, and proteases. The SASP
inhibits antitumor immune mechanisms by inducing immunosuppressive immune infiltrates’, promotes tumor
malignant behavior by secreting growth factors, enhancing angiogenesis and remodeling of the extracellu-
lar matrix (ECM)?®, and possesses high resistance to therapy'®~'2. Interleukin-6 (IL-6) is the most prominent
cytokine of the SASP and senescent stromal cells have been proven to promote immunosuppressive immune
infiltrates, such as myeloid-derived suppressor cells (MDSCs) and regulatory T (Treg) cells, in mouse exper-
iments through the secretion of IL-6°. Meanwhile, senescent cells can autocrine type I interferon (IFN-1) to
maintain the SASP and sustain immunosuppression'.

The CS has a significant impact on TME, meaning great potential for predicting immune therapy responses.
However, there are few studies on the response to targeted therapy or immunotherapy in cellular characteristics
of senescent cells. Most studies focus on age prediction of immunotherapy response, which remains controver-
sial. A thorough review of published datasets has revealed that currently available immune checkpoint inhib-
itors are very effective for the elderly'. In melanoma patients, the likelihood of response to anti-PD1 therapy
increases with age, a finding that has been replicated in young and aged melanoma mouse models'>. However, in
breast cancer, young mouse models show a significantly better response to anti-PDL1 or anti-CTLA4 treatment
compared to aged mouse models!®. Consequently, it is necessary to explore the heterogeneity of CS in various
tumor tissues and unify quantitative standards for CS to predict immune therapy responses.

The CS can be divided into two types based on their mechanisms. The first type, known as replicative senes-
cence, involves the persistent inhibition of cell proliferation discovered by Hayflick, which relies on the contin-
uous shortening of telomeres®!”. This type is mediated by the p14-p53-p21-Rb pathway'®'®. The second type,
termed premature senescence®, is a stress-induced accelerated senescence response independent of telomere
shortening and is mediated by the ATM-p53-p21-Rb and p16-Rb pathways?'~*. Although the two types of
CS are distinguished by whether telomere shortening occurs, telomere damage is present in both. Half of the
continuous DNA damages are pinned to telomeres of senescent cells*. Telomeres are nucleoprotein complexes
pinned to the tail of linear chromosomes, consisting of tandemly repeated DNA sequences (5 -TTAGGG-3")
and shelterin, a protein complex that protects DNA tails from many enzymes involved in DNA processing and
shortens with cells division®. Shelterin, a six-protein complex that includes TERF1, TERF2, POT1, TIN2, TPP1
and RAP1GAP, maintains telomere integrity’®. TRF2-RAP1GAP works to prevent ATM activation to maintain
chromosome integrity”. Telomerase (TERT), a reverse transcriptase that can repair shortened telomeres, is less
common in somatic cells and more prevalent in cancer cells*®. In telomerase-deficient mouse models, telomere
shortening has been shown to have tumor-suppressive effects?*. In colorectal carcinoma tissue, the expression
of human telomerase and telomere length can distinguish cancerous tissue from adjacent tissue, with longer
telomeres being associated with a worse prognosis®'.

The senescence process is very complex and lacks a single specific and unique marker, leading to the proposal
of CS as a collective phenotype of multiple effectors rather than a single entity®. In other words, senescence is
a syndrome manifested by a combination of related cellular changes, including chromatin reorganization, gene
expression profiles, secretome and metabolic pathways*. Here, we defined an index called “senescence signature”
through analyzing CS gene expression profiles. This index serves as a reliable indicator of pan-cancer prognosis.
In addition, this indicator was closely correlated with the immune characteristics of tumors, multi-omics alter-
ations, telomere changes, and significantly predicted the immunotherapy response of various cancers, thereby
guiding tumor treatment. We developed a new CS prediction model and established a portal website to apply this
prediction model to predict the prognosis of patients with pan-cancer (https://bio-pub.shinyapps.io/cs_nomo/).

Results

The CS patterns effectively distinguish between tumor and tumor-adjacent normal tissues
across pan-cancer types. We identified a co-expression module of genes, referred to as CS patterns, that
are highly related (Pearson r > 0.5) to CS through WGCNA. This module includes 25 CS-related protein-coding
genes, 2 IncRNAs and 32 miRNAs (Fig. S1A). Most of these CS-related protein-coding genes and extensive miR-
NAs interact within the co-expression regulation network (Fig. S1B). In the comparison of differential expression
between adjacent normal tissues and tumor tissues across 16 different tumor types, many miRNAs were more
highly expressed in tumor tissues, except in thyroid cancer (THCA) and pancreatic adenocarcinoma (PAAD)
(Fig. S1C). At the same time, some CS inhibitory genes which play a key role in genome stability and cell cycle,
including TACC3, BRCA1, E2H2, FOXM1, KIAA1524, AURKA and CDK1, showed similar expression patterns
to miRNAs (Fig. S1C). This suggests that high expression of CS inhibitory genes would drive tumor progression,
while miRNAs may exert a similar influence on tumor progression by down-regulating CS-induced genes. The
area under the curve (AUC) of distinguishing between tumor and normal tissues using CS patterns exceeded 85%
in most cancers (9 of 14) (Fig. S2A), suggesting that the CS patterns can discriminate between tumor and normal
samples. We also gained the first two principal components (PCs) from pairs of tumor and normal tissues via the
CS patterns and found that the two PCs were completely distinguishable in uterine corpus endometrial carcinoma
(UCEC), colon adenocarcinoma (COAD), and kidney renal clear cell carcinoma (KIRC) (Figs. S2B-I, S3A-F),
indicating that the CS patterns had a strong differential diagnostic role among the three cancers. We also ana-
lyzed the CS-related somatic genes mutation status in 33 cancers (Fig. S4). The top genes with the highest average
mutated frequency were TP53, EPHA3, PDZD2, NOTCH3, and MYLK, which are involved in cell proliferation.
It is missense mutation that was the most common form of mutation. These findings hinted the CS genes may be
prone to missense mutations that affect cell proliferation during the process of senescence.

Senescence signature could reflect intertumor and intratumor type heterogeneity and clas-
sify patients’ survival prominently in pan-cancer. To characterize the senescent microenvironment,

SCIENTIFIC DATA| (2024) 11:739 | https://doi.org/10.1038/s41597-024-03562-z 2


https://doi.org/10.1038/s41597-024-03562-z
https://bio-pub.shinyapps.io/cs_nomo/

www.nature.com/scientificdata/

we calculated the senescence signature scores for 33 types of tumors in the TCGA cohort to represent the degree
of senescence (Fig. 1A). There were differences in the distribution of senescence signature scores within the
same cancer cohort, as well as variations in the median senescence signature scores across different cancer
cohorts. Germ cell tumors, such as testicular germ cell tumors (TGCT) and ovarian serous cystadenocarcinoma
(OA), had the highest senescence signature scores, whereas adrenocortical carcinoma (ACC) had the lowest.
These results suggest significant intertumor and intratumor heterogeneity in CS levels across pan-cancer types.
Pan-cancer patients were divided into 3 CS clusters by K-means algorithm (Fig. S5A-B). The distinct CS clusters
corresponded to different senescence signature scores (Fig. 1B, P < 0.0001), with CS cluster 1 having the lowest
and CS cluster 3 the highest scores. Compared with CS cluster 1, CS clusters 2 and 3 had markedly worse OS (21
of 26), disease-specific survival (DSS) (16 of 22), and progression-free interval (PFI) (17 of 31) in most cancers
(Fig. S6A-C, Cox regression analysis). The 3 CS clusters (Fig. 1D, P =1.13e-66) and the 5 CS groups (Fig. 1E,
P =7.21e-26) were able to significantly classify overall pan-cancer patients’ survival, with higher senescence sig-
nature scores predicting worse prognosis. Compared with CS cluster 1, CS clusters 2 and 3 had a higher propor-
tion of stage IIT and IV cancers (Fig. S7). The ages increased among CS clusters 1 to 3 (Fig. S7, P=4.7e-08) and
senescence signature score group 1 to 5 (Fig. 1C, P =3.4e-08), indicating that the senescence signature effec-
tively reflects aging. Additionally, we developed a new CS prediction model and established a portal website to
apply this model to predict the prognosis of patients with pan-cancer (https://bio-pub.shinyapps.io/cs_nomo/)
(Fig. 1F).

Higher senescence signature was associated with higher genomic instability and proliferation
in pan-cancer. We explored the associations between the senescence signature and genomic instability to
establish its relationship with carcinogenesis. We found notable associations between SNVs and copy number
variations CN'Vs with senescence signature in pan-cancer (Mann-Whitney U test). For SNVs, we found fre-
quency of SNV occurrence increased in genes that inhibit cell proliferation, such as TP53 and PPP2RIA, and
decreased in MAPK signaling pathway genes, such as BRAF and HRAS, with increasing senescence signature
scores (Fig. 2A, all P < 0.01). For CNVs, frequent deletions of MAPK signaling pathway genes (e.g., MAP2K2/
MEK2 and MKNK2) and frequent amplifications of genes promoting cell proliferation (e.g., EGFEM1P and
MECOM) were associated with increased senescence signature scores (Fig. 2B, all P < 0.0001). Besides SNVs and
CNVs, the quantitative indexes of genomic instability include genomic breakpoints, aneuploidy, and intratumor
heterogeneity, which tend to increase with higher senescence signature scores. In the 3 CS clusters, genomic
breakpoint levels rose with increasing senescence signature score (Fig. 2C, all P < 0.001). Similarly, in the 5 CS
groups, aneuploidy scores increased with higher senescence signature scores (Fig. 2D, all P < 0.001). In the 3
CS clusters, level of intratumor heterogeneity also rose with increasing senescence signature scores (Fig. 2E, all
P < =0.0001). Higher senescence signature was related to higher proliferation, lower silent mutation rate, lower
nonsilent mutation rate and lower SNV neoantigens (Fig. S8A-B, all P < =0.001). For signaling pathways with
frequent genetic alterations, the TP53 pathway, cell cycle pathway, PTK-RAS pathway, and PI3k pathway showed
higher alteration frequencies in the high senescence signature group than in the low senescence signature group,
while Wnt pathway showed the opposite result (Fig. 2F). We further explored the differential expression of miR-
NAs and proteins between high and low senescence signature groups in pan-cancer. 8 of top 10 upregulated
miRNAs were related to MAPK pathway (Fig. 2G). 4 of top 10 downregulated proteins were related to PTK-RAS
pathway (P90-RSK, SHC, BRAF and ERK), while 3 of the top upregulated proteins were related to immune reg-
ulatory pathways (STATS5, LCK, SYK) (Fig. 2H). These results suggest the aforementioned pathways may play an
undeniable role in the CS process.

Higher senescence signature score was related to increased lymphocyte infiltration and higher
pro-tumor immune infiltrate in pan-cancer. Further exploration of the influence of CS on the TME
will play a role in understanding the mechanism of cancer promotion and immunotherapy. Higher senescence
signature was related to higher leukocyte and stromal fraction in the 5 CS clusters (Fig. SOA, both P < 2.2e-16). A
total of 28 immune categories showed significant differences among 5 CS groups (Fig. 3A, all P < =0.0001) and
3 CS clusters (Fig. 3B, all P < =0.05). Higher senescence signature score was related to increased lymphocyte
infiltrate, except for type 17 T helper cells (Th17 cells), and higher pro-tumor immune infiltrate (such as Treg
cell and MDSCs). The trends of eosinophil or neutrophil remained stable with increasing senescence signature
score. In addition, the trend of type 1 IFN response was growing with increasing senescence signature score.
Co-stimulation and co-inhibition of T cells, as well as co-inhibition of APCs, also showed a growing trend with
higher senescence signature score. Expression of immune regulatory pathway genes rose with increasing senes-
cence signature score in 5 CS groups (Fig. 3C). Specifically expressed genes of high senescence signature group
were enriched in most immune regulatory pathways by KEGG enrichment analysis (Fig. S9B). These results
suggest that one way CS promotes malignant tumor behavior is by regulating the immune cell components in
the TME.

Higher senescence signature was associated with longer telomere and higher TERT expression
in pan-cancer. CS is closely related to changes in telomeres and telomerase. We found length of telomere
was longer in group with higher senescence signature (Fig. 4A, P <=0.0001), and telomere content (the ratio
of telomere length between tumor and adjacent normal tissue in tumor-matched samples) was higher in these
groups (Fig. 4B, P < =0.001) in pan-cancer. The aberrant telomere variant repeats (T'VRs), including TGAGGG
and TTGGGG, were more prevalent in groups with higher senescence signature (Fig. 4C, test, both P <=0.05).
Targeted telomere insertion (TTI) was also higher in group with higher senescence signature (Fig. 4D,
P <=0.0001). TERT expression was elevated in groups (Fig. 4E, P < =0.0001) and cluster (Fig. 4F, P <=0.001)
with higher senescence signature. With increasing senescence signature, TERT expression increased while
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Fig. 1 Landscape of senescence signature and the prediction of prognosis in TCGA pan-cancer. (A) Senescence
signature across 33 TCGA tumor types, ordered by median. (B) The senescence signature increased among CS
clusters 1-3 in pan-cancer (Wilcoxon test, all P < 0.0001). (C) Comparison of ages between CS groups defined by
senescence signature score percentile in pan-cancer (Wilcoxon test, all P < 0.0001). (D,E) Kaplan-Meier curves
of overall survival among 3 CS clusters (log-rank test, P =1.13e-66) and 5 CS groups (log-rank test, P =7.21e-26)
in pan-cancer. (F) We developed a new CS prediction model and established a portal website to apply this
prediction model to predict the prognosis of patients with pan-cancer (https://bio-pub.shinyapps.io/cs_nomo/).

RAPIGAP expression decreased (Fig. 4G-H). Our results suggested that CS affects tumor progression by altering
telomere length and the degree of DNA damage on telomeres.
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Fig. 2 High senescence signature was associated with higher genomic instability in pan-cancer.

(A,B) Heatmaps showing the notable associations of SNVs and CNVs with senescence signature in
pan-cancer (Mann-Whitney U test, all P < 0.01). (C) Level of genomic breakpoints rose among CS clusters
1-3 of pan-cancer (Wilcoxon test, all P < 0.001). (D) Aneuploid score increased among the CS groups 1-5 of
pan-cancer (Wilcoxon test, all P < 0.001). (E) Level of intratumor heterogeneity rose among CS clusters 1-3 of
pan-cancer (Kruskal-Wallis test, P < =0.0001). Following symbols were used to indicate statistical significance.
(*P < =0.05; **P < =0.01; ***P < =0.001; ***P < =0.0001). (F) Differences in pathway mutation fraction
between high and low senescence signature groups. (G,H) Bar plots showing miRNAs and proteins with
statistically different expression between high and low senescence signature groups. The downregulated
miRNAs/proteins of top 10 t value features were represented by blue, while upregulated miRNAs/ proteins of
top 10 t value features were represented by pink. Yellow indicates miRNAs involved in the MAPK signaling
pathway, blue indicates proteins involved in PTK-RAS pathway, and pink indicates proteins related to immune
regulatory pathways.
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Fig. 3 The immune landscape of CS in pan-cancer. (A) Boxplots showing the tumor microenvironment cell
infiltration among 5 CS groups (Kruskal-Wallis test, all P < =0.0001). Tumor infiltration scores for each tumor
sample were calculated through ssGSEA. (B) Bar charts showing differences in tumor microenvironment

cell infiltration among 3 CS groups (Kruskal-Wallis test, all P < =0.0001). Cell-types were identified through
CIBERSORT. (C) Expression of the immune regulatory pathways genes rose with increasing senescence

signature score among 5 CS groups.

Single-cell analysis revealed consistent evolutionary trends between malignant cells and
immune cells at the CS level. Single-cell analysis UMAP plots showed 539,350 cells from 16 cancers
(Fig. 5A) and categorized them into 22 cell types (Fig. 5B). The mean senescence signature of malignant cells was
positively correlated with the mean senescence signature of immune cells, including T cells, B cells, plasma cells,
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Fig. 4 Higher senescence signature was associated with longer telomeres and higher TERT expression in pan-
cancer. (A,B,D,E) Comparisons of telomere length, telomere content, telomere insertion and TERT gene expression,
respectively, between the high senescence signature group (pink) and the low senescence signature group (blue)

in pan-cancer (Wilcoxon test, all P < =0.001). (C) Bar plots showing the differences of telomere variant repeats
(TCAGGG and TTTGGG) between the high senescence signature group (pink) and the low senescence signature
group (blue) (Wilcoxon test, all P < =0.05). (F) TERT gene expression increased among CS clusters 1-3 (Kruskal-
Wallis test, P < =0.001). (G) Expression of shelterin genes among 5 CS groups. (H) Differences in expression of
shelterin genes between the high senescence signature group and the low senescence signature group.

NK cells, mast cells, pDC, and myeloid cells in pan-cancer (Fig. 5C). Similarly, in 9 specific cancers, the mean
senescence signatures of malignant cells were positively correlated with the mean senescence signatures of
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above-mentioned immune cells (Fig. 5D). After treating glioblastoma (GBM) with seven different anti-cancer
drugs, senescence signature of malignant cell and other cell populations in TME (including myeloid cells, neurons
and oligodendrocyte) displayed a consistent downward trend (Fig. 5E, P < 2.2e-16). There was a higher degree of
interaction between malignant cells and immune cells in the high senescence signature group at the pan-cancer
level (Fig. 5F, P=10.0011). Moreover, a higher degree of interaction was observed between malignant cells and mye-
loid cells in the high senescence signature group across many human cancers (Fig. 5G and Fig. S10A). The recep-
tors on myeloid cells receive a rich range of proangiogenic factors from malignant, such as VEGFA and ICAM1.

The essentiality of each CS genes had distinction, and alternated at different levels of senes-
cence through CRISPR genome screening at the pan cancer level. We used a CRISPR genome
screening dataset to verify the essentiality of CS genes and analyze the relationship between the essentiality of
CS-related genes and senescence signature in pan-cancer. Interestingly, although both growth-inhibiting and
growth-promoting genes were involved in the senescence process, it seemed that growth-promoting genes
account for a greater proportion. Most of these genes were cell cycle-related genes, including CHEK1, CDK1,
RUVBL2, PSMD14, SUPT5H, RBX1, and AURKA, across 28 cancer types (Fig. SI1A). The essentiality of
CS-related genes varied between high and low senescence signature groups in a tumor-type-specific manner
(Fig. S11B). We found 12 CS-related genes whose essentiality had significant differences between high and low
senescence signature groups of pan-cancer. In high senescence signature group, the CS-related genes with higher
essentiality included CDKN2B and ANP32E, whereas the CS-related genes with lower essentiality included
ZFP36L1, GABI, and BRAT1. These findings may indicate that the essentiality of CS-related genes differentiates
at different CS levels (Fig. S12A).

Senescence signature had the potential to predict immunotherapy and targeted therapy
response. Senescence signature, as an index of TME features, has the potential to predict responses to immu-
notherapy. In MC38 cells of mice from GSE172162 dataset, senescence signature of group with receiving anti-PD-1
therapy was found to be lower than group without anti-PD-1 therapy (Fig. 6A, P < 0.028). In mammary tumor
with BRCA mutation mice from GSE130472 dataset, both senescence signature of groups receiving anti-PD-1
and anti-CTLA4 therapies were lower than those of groups without immunotherapy. (Fig. 6B, P =0.00087). In
hepatocellular carcinoma (HCC) patients from GSE140901 dataset, the proportion of high senescence signa-
ture of the group with clinical benefit response after anti-PD-1/anti-PD-L1-based therapy was significantly lower
than the group without clinical benefit (Fig. 6C, P=0.068). HCC patients with higher senescence signature pre-
dicted worse prognosis with PD-1/PD-L1 blockade immunotherapy (Fig. 6D, P =0.00071). Compared with INF-(3
stimulation group, TNF-o and INF-~ stimulation had lower senescence signature across 6 cancer types from
RTM28723893 of TISMO database* (Fig. S13A). Meanwhile, we also found correlation between senescence sig-
nature and sensitivity of antineoplastic drugs. The correlation of senescence signature with drug sensitivity was
performed using GDSC IC50 drug data in pan-cancer (Fig. S14A-B, all P < 0.05). Lower senescence signature was
associated with lower IC50 among multiple MEK1/2 inhibitors or ERK1/2 inhibitors, such as trametinib, selu-
metinib, refametinib, PD0325901, SCH772984. Higher senescence signature was associated with lower IC50 val-
ues among multiple BCL-2 family inhibitors, such as venetoclax, ABT-737, and AZD5991 (Fig. 6E-FE all P < 0.05).
The IC50 of venetoclax showed negative correlation with senescence signature scores in GDSC1 and GDSC2. The
IC50 of both trametinib and selumetinib showed positive correlation with senescence signature scores in GDSC1
and GDSC2. Higher senescence signature scores were related to lower expression of MAPK signaling pathway
genes (MAPK3/ERK1, MAPK1/ERK2, and MAP2K2/MEK?2) and higher expression of anti-apoptotic BCL-2 fam-
ily genes (BCL2A1, MCL1, and BCL2) (Fig. S15A-B). Genes targeted by up-regulated miRNAs were enriched in
MAPK signaling pathway by KEGG enrichment analysis (Fig. S16). Patients with high senescence signature had
low protein expression (BRAF and ERK2) in the MAPK signaling pathway (Figs. S17-18).

Discussion

According to evaluated levels of CS in 10,510 tumors spanning 33 tumor types, we found intertumor and intra-
tumor heterogeneity of CS within each tumor type. Meanwhile, senescence signature effectively reflected the
prognosis of pan-cancer patients, with higher senescence signature scores correlating with worse prognosis. CS
is a dynamic process driven by a variety of stressors that cause persistent DNA damage and genomic instability,
which in turn promotes and maintains CS***. Studies have shown that senescence escapers exhibit a stem-like
signature with high tumor-initiating potential*®. In our research, high senescence signature groups represent
these “senescence escapers”. We found higher senescence signature scores were related to older age, higher
genomic instability, greater intratumor heterogeneity, higher proliferation, longer telomeres, and higher tel-
omerase expression. Genomic instability, which drives heterogeneity, is not only a predisposing factor of cancer
but also a marker of advanced cancer*!. TRF2-RAP1GAP is important for maintaining chromosomal integrity
by preventing ATM activation?’. We found higher senescence signature scores were related to low expression of
RAP1GAP, and verified that telomeres play a role in genome instability during CS. Consistent with our finding
that patients with higher senescence signature and longer telomeres have worse clinical outcomes, previous
studies have shown that expression of human TERT and telomere length can distinguish cancerous tissue from
adjacent tissue, with longer telomeres being associated with worse prognosis®'.

We revealed the evolutionary trend of malignant cells and immune cells at the CS level. While most
single-cell analysis on the senescent TME focus on the intercellular heterogeneity of CS levels*>-*4, the linear
relationship between malignant cells and immune cells at the CS levels has not been studied. Our single-cell
analysis found a positive correlation in the senescence signature between malignant cells and immune cells.
In addition, our results showed a higher degree of interaction between these cell types in the high senescence
signature group. This may indicate that malignant cells and immune cells interact to achieve a consistent
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Fig.5 Single-cell analysis revealed malignant cells and immune cells have a consistent evolutionary trend
at the CS level. (A) UMAP plot showing 539,350 cells from16 cancers. (B) UMAP plot categorizing 539,350
cells into 22 cell types. (C)The mean senescence signature of malignant cells was positively correlated with
the mean senescence signature of immune cells, including T cells, B cells, plasma cells, NK cells, mast cells,
pDC, and myeloid cells in pan-cancer. (D) In 9 single cancers, the mean senescence signatures of malignant
cells were positively correlated with the mean senescence signatures of immune cells, including T cells,

B cells, plasma cells, NK cells, mast cells, pDC, and myeloid cells. (E) After using 7 anti-cancer drugs to
treat glioblastoma (GBM), senescence signature of malignant cell and components of TME (myeloid cells,
neurons and oligodendrocyte) decreased (Wilcoxon test, P < 2.2e-16). (F) The higher degree of interaction
between malignant cells and immune cells in the high senescence signature group (t test, P=0.0011). Each
of these dots represents a cancer species. (G) Interaction analysis showing enriched receptor-ligand pairs

in myeloid cells and malignant cells between high and low senescence signature groups in cancers. The left
panel shows the action of malignant cells on myeloid cells, while the right panel shows the action of myeloid
cells on malignant cells.
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Fig. 6 Senescence signature could predict immune therapy and targeted therapy response. (A) Comparison

of senescence signature scores between PD-1 blockade treatment and no treatment group in MC38 cells
(Wilcoxon test, P < 0.028). (B) Differences of senescence signature score among different immunotherapy in
mammary tumor with BRCA mutation mice (Kruskal-Wallis test, P =0.00087). (C) The HCC patients with
objective response after anti-PD-1/anti-PD-L1-based therapy divided into two groups with or without clinical
benefit response. The differences in the proportion of high senescence signature between the two groups were
tested by Fisher’s exact test, P =0.068. (D) After anti-PD-1/anti-PD-L1-based therapy, OS of HCC patients with
high senescence signature was worse than those with low senescence signature (log-rank test, P =0.00071).
(E,F) The correlation of senescence signature with drug sensitivity was performed with GDSC drug data in pan-
cancer. Blue dots represent the 5 top drugs with a negative correlation and p < 0.05, red dots represent the top 5
drugs with a positive correlation and a p < 0.05.

evolutionary trend during the progression of CS. Previous studies have also shown that senescent malignant
cells can induce chronic senescent inflammation, promoting cancer progression by modulation of cytoplas-
mic chromatin-cGAS-STING pathway*. Our research supports this viewpoint. We also found that in the high
senescence signature group, the interaction between malignant cells and myeloid cells involves proangiogenic
factors such as VEGFA and ICAML. This is consistent with previous reports that proangiogenic factors drive
immunosuppressive macrophages in HCC*S.

We found higher senescence signature scores were related to increased lymphocyte infiltrate (except for
type 17T helper cells), higher stromal cells infiltrate, and higher pro-tumor immune infiltrate (Treg cells and
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MDSCs) across 33 cancers. Although immune reaction of CS is activated because of higher lymphocyte infil-
trate, higher infiltrate of stromal cells, Treg cells and MDSCs promotes immune escape and thereby drives tumor
progression. The previous studies have shown that the immune reaction of CS is activated by a positive feed-
back regulation of the SASP factors such IL1, IL6, IL8, IFN-I, TGF and TNF**%47-53 Despite the past view that
high lymphocyte infiltrate predicts a good prognosis, immunocyte plasticity within TME refuted this view. The
recent study found that IFN-~ dominant subtype with high lymphocyte infiltrate predicts poor prognosis®.
Lymphocyte infiltrate represents the adaptive immunity in cancer and also possesses great plasticity within the
TME?. In addition, high Treg cells and MDSCs infiltrate enhances immune-evading mechanisms®®’. Senescent
stromal cells have been proven to promote immunosuppressive immune infiltrates in mouse experiments by
secreting IL-6, such MDSCs and Treg cells’. Cancer-associated fibroblasts (CAF) also can regulate myeloid and
T cell infiltration and produce factors that influence immune cell differentiation and plasticity, driving immu-
nosuppressive phenotypes®. Several drugs targeting the pro-inflammatory effects of SASP have been found
in previous studies. NF-kB-mediated signaling plays a key role in the pro-inflammatory effects of SASP, while
metformin and the mTOR inhibitor rapamycin can inhibit these effects of SASP by blocking NF-«xB-mediated
signaling® . Rapamycin has been reported to restrict the growth-promoting effects of senescent fibroblasts on
prostate cancer cells®'. We found TP53 mutation growing with increasing senescence signature. This finding
is consistent with the observation that TP53 mutation and TP53-deficient HCC cells bypass senescence and
secrete factors that stimulate macrophages into a tumor-promoting M2 state, promoting pro-tumor immune
infiltrate®>%. We found higher senescence signature scores predict worse immune therapy response. This is con-
sistent with the association of high pro-tumor immune infiltrate, greater intratumor heterogeneity, and lower
SNV neoantigens with reduced efficacy of immunotherapy in most cancer types®-°°.

Of note, we found that the lower senescence signature scores were associated with higher sensitivity of mul-
tiple MEK1/2 inhibitors or ERK1/2 inhibitors, such as trametinib, selumetinib, and refametinib. Conversely,
higher senescence signature scores were associated with higher sensitivity to BCL-2 family inhibitors, such as
venetoclax and ABT-737. With increasing senescence signature score, mutation decreased in MAPK signaling
pathway genes, such as BRAF and HRAS, while CNVs frequently resulted in the loss of MAPK signaling path-
way genes such as MAP2K2/MEK2. The expression of MAPK signaling pathway proteins, such as BRAF and
ERK2, was lower in patients with high senescence signature than those with low senescence signature. Higher
senescence signature scores were related to lower expression of MAPK signaling pathway genes (MAPK3/ERK1,
MAPKI1/ERK2, and MAP2K2/MEK2). In addition, genes targeted by up-regulated miRNAs were enriched in
MAPK signaling pathway by KEGG enrichment analysis. The miRNAs negatively regulate gene expression,
suggesting that the MAPK signaling pathway is down-regulated with increasing senescence signature score. In
Kras-mutant pancreatic ductal adenocarcinoma mice, dual inhibition of MEK and CDK4/6 can induce CS and
improve the efficacy of anti-PD-1 therapy®’. In lung adenocarcinomas mice, inducing CS by dual inhibition of
MEK and CDK4/6, followed by treatment with uPAR-targeting CAR T cells, selectively killed senescent cells and
limited tumor growth®. We also found that the expression of apoptotic genes in the BCL-2 family (BCL2A1,
MCL1, and BCL2) was higher in patients with high senescence signature than those with lower senescence
signature. There is substantial evidence that the selective killing of senescent cells with BCL-2 family inhibitors
is effective in the treatment of tumors. In a mouse xenograft model, navitoclax, a BCL-2 family inhibitor, com-
bined with doxorubicin or etoposide, effectively promoted tumor elimination®. In vitro and in mouse xeno-
grafts, navitoclax can efficiently kill ovarian and breast cancer cells with PARP inhibitor-related CS™. In vitro and
in vivo lung cancer models, the combined application of cisplatin and navitoclax can induce tumor regression’’.
ABT-737 has also been reported to remove senescent cells in the liver and promote normal hepatocyte regen-
eration’?. In a word, MAPK signaling pathway and apoptotic mechanisms may play a key role in the process of
CS. The senescence signature may effectively predict sensitivity of MEK1/2 inhibitors, ERK1/2 inhibitors, and
BCL-2 family inhibitors.

In summary, this study depicted a comprehensive molecular landscape associated with CS and TME in
pan-cancer. It suggested malignant cells and immune cells share a consistent evolutionary trend at the CS level,
highlighting the critical roles CS may play in cancer outcomes and tumor therapy. We developed a new CS
prediction model and established a portal website to apply this model to predict the prognosis of pan-cancer
patients.

Materials and Methods

Data collection and preprocessing. Pan-cancer mRNA, miRNA, mutation datasets and clinical informa-
tion were downloaded from TCGA”’. These datasets came from 33 cancer types. We filtered out samples without
clinical information such as age, clinical stage, and OS time. Finally, we acquired 10,510 samples containing
mRNA and miRNA expression data simultaneously. And we collected 96 proteins coding genes that are associ-
ated with CS (Table S1)7*. This research complies with the Ethics Committee of Peking University Third Hospital
and the Declaration of Helsinki.

TCGA has made good efforts to minimize the batch effect of expression data for mRNA and miRNA. To
reduce discrepancies of sequencing centers and platform differences, the expression data were additionally
adjusted and batch-corrected. Genes with residual batch effects (~10% of genes) or with mostly zero reads were
removed from the adjusted samples and replaced with NAs. Genes were adjusted using a novel algorithm called
EB++; a variant of the Empirical Bayes / ComBat algorithm with training and testing features added””. Different
cancer datasets from TCGA have been processed using a common set of bioinformatics pipelines, so that the
data can be directly compared and combined (https://gdc.cancer.gov/about-gdc).

WGCNA co-expression. We filtered IncRNAs and miRNAs that pearson correlation greater than 0.5 with
CS-related genes. Then we used these genes to acquire co-expression module by applying WGCNA (v1.69). We
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got one co-expression module contained 25 CS-related genes, 2 IncRNAs and 32 miRNAs (Table S2) and visual-
ized their relationship by Cytoscape (v3.9.1).

Discrimination of tumor and normal samples. To find out these genes expression whether different
between tumor and normal samples, we filtered out cancers that contain less than 3 tumor-normal pair samples,
and 14 cancer types remained. Then we computed fold change as follow:

mean(log, (Tumor, + 1
re _ meanlog( )

mean(log 2(Normali + 1))

Where i is each gene of 59 genes we acquired above. Then we use Principal Component Analysis to assess these
whether these 59 genes could discriminate tumor and normal samples. And in most cancers, tumor and normal
samples can be separated in PC1 and PC2. Each sample in PCA analysis would get a PCA scores”:

score = PC1 + PC2

These scores were evaluated by ROC, and the AUC scores of 9 cancers were larger than 0.9, suggested that
these genes can discriminate tumor and normal samples well.

Mutation frequency estimation. We summarized the tumor mutation frequency of CS-related genes in
different cancer types. The frequency was computed as follow:

n.
freq. = —
q; N

Where i is CS-related gene, n is the number of samples with mutation in i-th CS-related gene, N is the total sam-
ples in each cancer type (Table S3).

Unsupervised approach to define CS-related subtype. We used K-means clustering to cluster tumor
samples in each cancer type based on 59 genes that obtained from WGCNA. For cancer types contained at least
3 tumor-normal pairs samples, we keep genes that fold change less than 0.67 or greater than 1.5 in tumor sam-
ple versus normal samples as k-means input. If the number of remaining genes less than 5, we used all 59 genes
instead. Also, when a cancer type without normal samples, we used 59 genes to cluster samples. To ensure the
stability of clustering results, we set iterations to 1000. And the number of clusters was determined by elbow
method”.

Senescence signature definition. To select senescence genes that correlated with survival, we used a cox
regression model to acquire the HR value of each CS-related genes by adjusting age, clinical stage in each cancer
type. We defined genes with HR less than 1 and p value less than 0.05 in at least 5 cancer types as protective factor,
genes with an HR value greater than 1 and p value less than 0.05 as risk factors. After filtering above, 68 genes
remained (Table S4). Then we used these genes to define senescence signature for each cluster. The senescence
signature was defined by two steps. First, we got PC1 score for each gene by PCA analysis. Second, PC1 score
multiplied by corresponded gene expression, and summed them up.

senescence signature = Z(PCIi x Gj)

Where i is one of 68 potential signal genes, G is the expression of that gene. According to senescence signa-
ture score percentile, we divided tumor samples into 5 groups: groupl (0-20%), group2 (20%-40%), group3
(40%-60%), group4 (60%-80%), group5 (80%-100%).

Survival analysis. We used R packages survival (v3.2-13) and survminer (v 0.4.9) to draw Kaplan-Meier sur-
vival curves among 3 CS clusters and 5 CS groups. We set lower overall survival (OS) time as cluster 3, and higher
OS time as cluster 1. We applied cox regression model to verify whether higher cluster number with higher risk.

Association of multi-omics datasets with senescence signature. To find out genome instability
whether correlated with senescence score, we divided samples into 2 groups according to signature score levels.
And used Mann-Whitney U test to obtain notably different single nucleotide variants (SNVs) and copy number
variations (CNVs)”” (Table S5-6).

Besides SNVs and CNVs, the quantitative indexes of genomic instability include genome breakpoints, aneu-
ploidy and intratumor heterogeneity. The double strand break (DSB) is an important manifestation of genomic
instability, which was calculated by breakpoint rate’®. Aneuploidy is an unbalanced number of chromosomes,
which was defined as somatic copy-number alteration (SCNAs) of whole chromosomes and of chromosome
arms. Aneuploidy was measured by aneuploid score”. Intratumor heterogeneity refers to the difference between
classified offspring and parents as cancer cells continue to grow. Intratumor heterogeneity was measured by
Intratumor heterogeneity score®. We also compared genome breakpoints, aneuploid score and intratumor het-
erogeneity score among CS clusters and CS groups and used Kruskal-Wallis to test significance.

We divided samples in two groups coded as “high” and “low” according to senescence signature. Pathway
alteration fraction was computed as the fraction samples that had corresponded pathway alteration between
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these two groups®!. And differentially expressed miRNAs (Table S7) and proteins (Table S8) were computed by
limma (v3.46.0). We selected top 10 t value features to display.

Association of TME with senescence signature.  We obtained 28 immune categories from Charoentong et al.*,
and used ssGSEA (v1.38.2) to calculate tumor infiltration scores for each tumor samples. Compared tumor infil-
tration score among CS groups by Kruskal-Wallis test. And we also compare the mean se of different types of
immune cells among different CS clusters using Kruskal-Wallis test>.

Association of telomere with senescence signature. Telomere is a crucial metric for CS. Related data-
sets were collected from Sieverling ef al.®* and Barthel et al.**. We divided samples in two groups coded as “high”
and “low” according to senescence signature. Then we compared different telomere-related information including
telomere length, telomere content, singleton telomere variant repeats, telomere insertion and TERT gene expres-
sion between these two groups. And p values were computed by Wilcoxon.

CRISPR genome screening of CS-related genes in pan-cancer. DepMap (Cancer Dependency Map)
is a database used to screen potential therapeutic targets for cancer by utilizing RNAi and CRISPR-Cas9 technol-
ogy. The survival dependency score of various cancer cell lines is referred to as CRISPRGeneEffect in DepMap,
which represents the cell proliferation ability and activity of cell lines after knocking out specific genes through
CRISPR-cas9. By constructing this indicator using the CERES algorithm®, a negative CRISPRGeneEffect of a
gene means that knocking out of the gene inhibits the survival of a cell line, where a positive CRISPRGeneEffect
of a gene means that knocking out of the gene promotes the survival and proliferation of a cell line. Cut off of 0.5
and - 0.5 are to define growth suppression genes and growth promotion genes. Therefore, it can be concluded
that the essentiality score is inversely proportional to CRISPRGeneEftect. The color of the square represents
CRISPRGeneEffect (Fig. S11A).

Through DepMap database, we can obtain 378 cell lines and 17387 genes without requiring the specific acces-
sion numbers from this public database (https://depmap.org/portal/), then calculated the mean of effect values
of each CS related gene in each cancer type and evaluated the sums of effect value in genes levels and cancer
types level separately. Then we used spearman to explore whether the senescence signature score correlate with
effect value. And we also split cell lines into two groups according to their senescence signature score and find
those genes that have different effect between high score group and low score group.

Single-cell data analysis. Single cell transcriptome data and clinical data were downloaded from can-
cerSCEM?®¢ (https://ngdc.cncb.ac.cn/cancerscem). Filter out cancer species that only contain one sample. Each
sample was treated according to the cancerSCEM method, retaining cells with expressed genes between 201 and
5000, while filtering out cells with mitochondrial gene expression ratios greater than 10%. The data of individual
cancer species have been batch corrected using Harmony (1.0)*” and dimensionality reduction (dims = 1:30)
and clustering were performed using Seurat (4.1.0)%. Cell types were manually annotated based on cell specific
marker (https://ngdc.cncb.ac.cn/cancerscem/documents)®. We used scanpy (1.9.2)° analysis and Harmony for
integration between multiple cancer species. In the end, we obtained 539350 cells from 16 cancer species and
divided them into 22 cell types (Table S9).

At the same time, the senescence signature of each cell was calculated. Then, the Pearson correlation between
the average senescence signature of malignant cells and the average senescence signature of immune cells in
different samples was analyzed.

In order to investigate the differential degree of interaction of malignant cells and immune cells between
the high and low senescence signature cells, we divided malignant cells in each cancer species into high and
low groups based on senescence signature and conducted cell interaction analysis in each cancer species using
CellPhoneDB (v4.0.0)°". Then, t-test was used to examine differential degree of interaction of malignant cells
and immune cells between the high and low senescence signature groups.

Association of immune therapy with senescence signature. To explore the association between
senescence signature and immunetherapy response. We downloaded GSE172162 (https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE172162), GSE130472'¢ and GSE140901%* from TISMO database®*. First, we com-
puted senescence signature score in each samples and then compared the senescence signature score between
samples without and with treatment. In GSE140901, we use surv_cutpoint function to select a cutoff of senes-
cence signature score to divided samples into two group codes “high” and “low”. Then calculated the support ratio
in samples with and without benefit response patients.

Association of drug IC50 with senescence signature Landscape of CS pattern in TCGA
pan-cancer. The IC50 of drug can predict pesticide effect. And different level of senescence signature may
affect pesticide effect. We acquired different drug IC50 in different cell lines from GDSC (https://www.cancerrx-
gene.org/)”. After filtering cell lines that do not belong to any TCGA cancer type, we got GDSC dataset contained
738 cell lines and 345 drugs. And calculated the senescence signature of each cell line using gene expression
profiles according to the above method. Then calculated spearman correlation between IC50 and senescence sig-
nature score (Tables S10-11). Adjusted p value was computed by Benjamini & Hochberg method. The full names
of all cancers corresponding to the cancer abbreviations in the full text are displayed (Table S12). The source of
the dataset for this article is detailed in Table S13.
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Data availability

Clinical information, mRNA, miRNA, mutation data sets and of 10510 samples across 33 cancer types were
available in TCGA (https://portal.gdc.cancer.gov/). CS-related proteins coding genes were available in CellAge
database (http://genomics.senescence.info/cells). We used the CRISPR genome screening dataset from DepMap
database (https://depmap.org/portal/). We acquired different drug IC50 in different cell lines from GDSC (https://
www.cancerrxgene.org/).

Code availability

This article does not make use of any custom code.

Received: 18 December 2023; Accepted: 21 June 2024;
Published online: 07 July 2024

References

1.
2.

w

10.

11.

12.

13.
14.

15.

16.

17.
18.

19.

20.

21.

22.

30.
31.

32.
33.
34.

35.

Siegel, R. L. & Miller, K. D. Cancer statistics, 2022. 72, 7-33 (2022).
de Magalhaes, J. P. From cells to ageing: a review of models and mechanisms of cellular senescence and their impact on human
ageing. Exp Cell Res. 300, 1-10 (2004).

. Hayflick, L. & Moorhead, P. S. The serial cultivation of human diploid cell strains. Exp Cell Res. 25, 585-621 (1961).
. Aunan, J. R., Cho, W. C. & Sereide, K. The Biology of Aging and Cancer: A Brief Overview of Shared and Divergent Molecular

Hallmarks. Aging Dis. 8, 628-642 (2017).

. Campisi, J. Aging, cellular senescence, and cancer. Annu Rev Physiol. 75, 685-705 (2013).
. Coppé, J. P, Desprez, P. Y., Krtolica, A. & Campisi, J. The senescence-associated secretory phenotype: the dark side of tumor

suppression. Annu Rev Pathol. 5,99-118 (2010).

. Fane, M. & Weeraratna, A. T. How the ageing microenvironment influences tumour progression. 20, 89-106 (2020).
. DeNardo, D. G. et al. CD4(+) T cells regulate pulmonary metastasis of mammary carcinomas by enhancing protumor properties of

macrophages. Cancer Cell. 16,91-102 (2009).

. Ruhland, M. K,, Loza, A. ]. & Capietto, A. H. Stromal senescence establishes an immunosuppressive microenvironment that drives

tumorigenesis. 7, 11762 (2016).

Bavik, C. et al. The gene expression program of prostate fibroblast senescence modulates neoplastic epithelial cell proliferation
through paracrine mechanisms. Cancer Res. 66,794-802 (2006).

Canino, C. et al. SASP mediates chemoresistance and tumor-initiating-activity of mesothelioma cells. Oncogene. 31, 3148-3163
(2012).

Schosserer, M., Grillari, J. & Breitenbach, M. The Dual Role of Cellular Senescence in Developing Tumors and Their Response to
Cancer Therapy. Front Oncol. 7,278 (2017).

De Cecco, M. et al. L1 drives IFN in senescent cells and promotes age-associated inflammation. Nature. 566, 73-78 (2019).

Elias, R., Hartshorn, K., Rahma, O., Lin, N. & Snyder-Cappione, J. E. Aging, immune senescence, and immunotherapy: A
comprehensive review. Semin Oncol. 45, 187-200 (2018).

Kugel, C. H. et al. Age Correlates with Response to Anti-PD1, Reflecting Age-Related Differences in Intratumoral Effector and
Regulatory T-Cell Populations. Clin Cancer Res. 24, 5347-5356 (2018).

Sceneay, J. et al. Interferon Signaling Is Diminished with Age and Is Associated with Immune Checkpoint Blockade Efficacy in
Triple-Negative Breast Cancer. 9, 1208-1227 (2019).

Courtois-Cox, S., Jones, S. L. & Cichowski, K. Many roads lead to oncogene-induced senescence. Oncogene. 27, 2801-2809 (2008).
Wei, W., Hemmer, R. M. & Sedivy, ]. M. Role of p14(ARF) in replicative and induced senescence of human fibroblasts. Mol Cell Biol.
21, 6748-6757 (2001).

Berkovich, E., Lamed, Y. & Ginsberg, D. E2F and Ras synergize in transcriptionally activating p14ARF expression. Cell Cycle. 2,
127-133 (2003).

Raghuram, G. V. & Mishra, P. K. Stress induced premature senescence: a new culprit in ovarian tumorigenesis? Indian ] Med Res.
140(Suppl), $120-129 (2014).

Celli, G. B. & de Lange, T. DNA processing is not required for ATM-mediated telomere damage response after TRF2 deletion. Nat
Cell Biol. 7, 712718 (2005).

Cipriano, R. et al. TGF-beta signaling engages an ATM-CHK2-p53-independent RAS-induced senescence and prevents malignant
transformation in human mammary epithelial cells. Proc Natl Acad Sci USA 108, 8668-8673 (2011).

. Jacobs, J. J. & de Lange, T. Significant role for p16INK4a in p53-independent telomere-directed senescence. Curr Biol. 14, 2302-2308

(2004).

. Gorgoulis, V. et al. Cellular Senescence: Defining a Path Forward. Cell. 179, 813-827 (2019).

. Palm, W. & de Lange, T. How shelterin protects mammalian telomeres. Annu Rev Genet. 42, 301-334 (2008).

. de Lange, T. Shelterin: the protein complex that shapes and safeguards human telomeres. Genes Dev. 19, 2100-2110 (2005).

. Benarroch-Popivker, D. et al. TRF2-Mediated Control of Telomere DNA Topology as a Mechanism for Chromosome-End

Protection. Mol Cell. 61, 274-286 (2016).

. Shay, J. W. & Wright, W. E. Telomeres and telomerase: three decades of progress. 20, 299-309 (2019).
. Gonzalez-Sudrez, E., Samper, E., Flores, J. M. & Blasco, M. A. Telomerase-deficient mice with short telomeres are resistant to skin

tumorigenesis. Nat Genet. 26, 114-117 (2000).

Blasco, M. A. Telomeres and human disease: ageing, cancer and beyond. Nat Rev Genet. 6, 611-622 (2005).

Gertler, R. et al. Telomere length and human telomerase reverse transcriptase expression as markers for progression and prognosis
of colorectal carcinoma. J Clin Oncol. 22, 1807-1814 (2004).

Salama, R., Sadaie, M., Hoare, M. & Narita, M. Cellular senescence and its effector programs. Genes Dev. 28, 99-114 (2014).

Chan, A. S. L. & Narita, M. Short-term gain, long-term pain: the senescence life cycle and cancer. 33, 127-143 (2019).

Zeng, Z., Wong, C. J., Yang, L., Ouardaoui, N. & Li, D. TISMO: syngeneic mouse tumor database to model tumor immunity and
immunotherapy response. 50, D1391-d1397 (2022).

Campisi, J. & d’Adda di Fagagna, F. Cellular senescence: when bad things happen to good cells. Nat Rev Mol Cell Biol. 8, 729-740
(2007).

. Rodier, E et al. DNA-SCARS: distinct nuclear structures that sustain damage-induced senescence growth arrest and inflammatory

cytokine secretion. J Cell Sci. 124, 68-81 (2011).

. Baker, D. J. & Sedivy, J. M. Probing the depths of cellular senescence. J Cell Biol. 202, 11-13 (2013).

. Ivanov, A. et al. Lysosome-mediated processing of chromatin in senescence. J Cell Biol. 202, 129-143 (2013).

. Tubbs, A. & Nussenzweig, A. Endogenous DNA Damage as a Source of Genomic Instability in Cancer. Cell. 168, 644-656 (2017).
. Milanovic, M. et al. Senescence-associated reprogramming promotes cancer stemness. Nature. 553, 96-100 (2018).

. Hanahan, D. & Weinberg, R. A. Hallmarks of cancer: the next generation. Cell. 144, 646-674 (2011).

. Wang, X. et al. Comprehensive assessment of cellular senescence in the tumor microenvironment. 23 (2022).

SCIENTIFIC DATA|

(2024) 11:739 | https://doi.org/10.1038/s41597-024-03562-z 14


https://doi.org/10.1038/s41597-024-03562-z
https://portal.gdc.cancer.gov/
http://genomics.senescence.info/cells
https://depmap.org/portal/
https://www.cancerrxgene.org/
https://www.cancerrxgene.org/

www.nature.com/scientificdata/

43.
44,

45.
46.

47.

53.
54,
55.
56.

57.
. Jiang, H., Hegde, S. & DeNardo, D. G. Tumor-associated fibrosis as a regulator of tumor immunity and response to immunotherapy.

59.
60.
61.
62.
63.
64.
65.
66.
67.

68.
69.

70.
71.
72.
73.
74.
75.

76.

Wu, Z., Uhl, B., Gires, O. & Reichel, C. A. A transcriptomic pan-cancer signature for survival prognostication and prediction of
immunotherapy response based on endothelial senescence. J Biomed Sci. 30, 21 (2023).

Zhang, Q. et al. Comprehensive pan-cancer analysis identifies cellular senescence as a new therapeutic target for cancer: multi-omics
analysis and single-cell sequencing validation. Am J Cancer Res. 12, 4103-4119 (2022).

Dou, Z. et al. Cytoplasmic chromatin triggers inflammation in senescence and cancer. Nature. 550, 402-406 (2017).

Sharma, A. et al. Onco-fetal Reprogramming of Endothelial Cells Drives Immunosuppressive Macrophages in Hepatocellular
Carcinoma. Cell. 183, 377-394.e321 (2020).

Aird, K. M., Iwasaki, O. & Kossenkov, A. V. HMGB2 orchestrates the chromatin landscape of senescence-associated secretory
phenotype gene loci. 215, 325-334 (2016).

. Capell, B. C. et al. MLL1 is essential for the senescence-associated secretory phenotype. Genes Dev. 30, 321-336 (2016).

. Hoare, M. et al. NOTCH1 mediates a switch between two distinct secretomes during senescence. Nat Cell Biol. 18, 979-992 (2016).
. Tasdemir, N. et al. BRD4 Connects Enhancer Remodeling to Senescence Immune Surveillance. Cancer Discov. 6, 612-629 (2016).

. Kuilman, T. et al. Oncogene-induced senescence relayed by an interleukin-dependent inflammatory network. Cell. 133, 1019-1031

(2008).

. Orjalo, A. V,, Bhaumik, D., Gengler, B. K., Scott, G. K. & Campisi, J. Cell surface-bound IL-1lalpha is an upstream regulator of the

senescence-associated IL-6/IL-8 cytokine network. Proc Natl Acad Sci USA 106, 17031-17036 (2009).

Acosta, J. C. et al. A complex secretory program orchestrated by the inflammasome controls paracrine senescence. Nat Cell Biol. 15,
978-990 (2013).

Thorsson, V., Gibbs, D. L., Brown, S. D., Wolf, D. & Mariamidze, A. The Immune Landscape of Cancer. Immunity. 48 (2018).
Greten, F. R. & Grivennikov, S. I. Inflammation and Cancer: Triggers, Mechanisms, and Consequences. Immunity. 51, 27-41 (2019).
Blatner, N. R. et al. Expression of ROR~t marks a pathogenic regulatory T cell subset in human colon cancer. Sci Transl Med. 4,
164ral59 (2012).

Veglia, E & Perego, M. Myeloid-derived suppressor cells coming of age. 19, 108-119 (2018).

Cancer Immunol Immunother. 66, 1037-1048 (2017).

Moiseeva, O. et al. Metformin inhibits the senescence-associated secretory phenotype by interfering with IKK/NF-xB activation.
Aging Cell. 12, 489-498 (2013).

Herranz, N. et al. mTOR regulates MAPKAPK2 translation to control the senescence-associated secretory phenotype. Nat Cell Biol.
17,1205-1217 (2015).

Laberge, R. M. et al. MTOR regulates the pro-tumorigenic senescence-associated secretory phenotype by promoting IL1A
translation. Nat Cell Biol. 17, 1049-1061 (2015).

Xue, W. et al. Senescence and tumour clearance is triggered by p53 restoration in murine liver carcinomas. Nature. 445, 656-660
(2007).

Lujambio, A. et al. Non-cell-autonomous tumor suppression by p53. Cell. 153, 449-460 (2013).

McCarthy, S. & Das, S. A reference panel of 64,976 haplotypes for genotype imputation. 48, 1279-1283 (2016).

Dees, S. & Ganesan, R. Regulatory T cell targeting in cancer: Emerging strategies in immunotherapy. 51, 280-291 (2021).

Wang, Y., Shi, T., Song, X., Liu, B. & Wei, J. Gene fusion neoantigens: Emerging targets for cancer immunotherapy. Cancer Lett. 506,
45-54 (2021).

Ruscetti, M. et al. Senescence-Induced Vascular Remodeling Creates Therapeutic Vulnerabilities in Pancreas Cancer. Cell. 181,
424-441.e421 (2020).

Amor, C. et al. Senolytic CAR T cells reverse senescence-associated pathologies. 583, 127-132 (2020).

Saleh, T. et al. Clearance of therapy-induced senescent tumor cells by the senolytic ABT-263 via interference with BCL-X(L) -BAX
interaction. 14, 2504-2519 (2020).

Fleury, H., Malaquin, N. & Tu, V. Exploiting interconnected synthetic lethal interactions between PARP inhibition and cancer cell
reversible senescence. 10, 2556 (2019).

Gonzalez-Gualda, E. et al. Galacto-conjugation of Navitoclax as an efficient strategy to increase senolytic specificity and reduce
platelet toxicity. 19, e13142 (2020).

Ritschka, B. et al. The senotherapeutic drug ABT-737 disrupts aberrant p21 expression to restore liver regeneration in adult mice.
Genes Dev. 34, 489-494 (2020).

Hoadley, K. A. et al. Cell-of-Origin Patterns Dominate the Molecular Classification of 10,000 Tumors from 33 Types of. Cancer. Cell.
173, 291-304.6296 (2018).

Avelar, R. A. et al. A multidimensional systems biology analysis of cellular senescence in aging and disease. Genome Biol. 21, 91
(2020).

Shen, S. et al. Comprehensive analyses of m6A regulators and interactive coding and non-coding RNAs across 32 cancer types. Mol
Cancer. 20, 67 (2021).

Kodinariya, T. M. & Makwana, P. Review on determining number of Cluster in K-Means Clustering. International Journal. 1, 90-95
(2013).

. Bhandari, V. & Hoey, C. Molecular landmarks of tumor hypoxia across cancer types. 51, 308-318 (2019).

. Chen, H. et al. A Pan-Cancer Analysis of Enhancer Expression in Nearly 9000 Patient Samples. Cell. 173, 386-399.e312 (2018).

. Taylor, A. M. et al. Genomic and Functional Approaches to Understanding Cancer Aneuploidy. Cancer Cell. 33, 676-689.¢673 (2018).
. Thorsson, V. et al. The Immune Landscape of Cancer. Immunity. 48, 812-830.e814 (2018).

. Sanchez-Vega, F. et al. Oncogenic Signaling Pathways in The Cancer Genome Atlas. Cell. 173, 321-337.e310 (2018).

. Charoentong, P. et al. Pan-cancer Inmunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of

Response to Checkpoint Blockade. Cell Rep. 18, 248-262 (2017).

. Sieverling, L. & Hong, C. Genomic footprints of activated telomere maintenance mechanisms in cancer. 11, 733 (2020).
. Barthel, F. P,, Wei, W. & Tang, M. Systematic analysis of telomere length and somatic alterations in 31 cancer types. 49, 349-357

(2017).

. Meyers, R. M. et al. Computational correction of copy number effect improves specificity of CRISPR-Cas9 essentiality screens in

cancer cells. Nat Genet. 49, 1779-1784 (2017).

. Zeng, J. et al. CancerSCEM: a database of single-cell expression map across various human cancers. 50, D1147-d1155 (2022).

. Korsunsky, I, Millard, N. & Fan, J. Fast, sensitive and accurate integration of single-cell data with Harmony. 16, 1289-1296 (2019).
. Gribov, A. et al. SEURAT: visual analytics for the integrated analysis of microarray data. BMC Med Genomics. 3, 21 (2010).

. Database Resources of the National Genomics Data Center, China National Center for Bioinformation in 2021. Nucleic Acids Res.

49, D18-d28 (2021).

. Wolf, E A., Angerer, P. & Theis, E. ]. SCANPY: large-scale single-cell gene expression data analysis. Genome Biol. 19, 15 (2018).
. Efremova, M., Vento-Tormo, M. & Teichmann, S. A. CellPhoneDB: inferring cell-cell communication from combined expression of

multi-subunit ligand-receptor complexes. 15, 1484-1506 (2020).

. Hsu, C. L. et al. Exploring Markers of Exhausted CD8 T Cells to Predict Response to Immune Checkpoint Inhibitor Therapy for

Hepatocellular Carcinoma. Liver Cancer. 10, 346-359 (2021).

. Yang, W. et al. Genomics of Drug Sensitivity in Cancer (GDSC): a resource for therapeutic biomarker discovery in cancer cells.

Nucleic Acids Res. 41, D955-961 (2013).

SCIENTIFIC DATA | (2024) 11:739 | https://doi.org/10.1038/s41597-024-03562-z 15


https://doi.org/10.1038/s41597-024-03562-z

www.nature.com/scientificdata/

Acknowledgements

This work was funded by National Natural Science Foundation of China (81800195), Key Clinical Projects of
Peking University Third Hospital (BYSYZD2019026 and BYSYZD2023014), Beijing Xisike Clinical Oncology
Research Foundation (Y-NCJH202201-0049), the special fund of the National Clinical Key Specialty Construction
Program, P. R. China (2023).

Author contributions

Z.W.L., JH.M. and Y.X.L. conceived the project. W.Q.X., C.R.Z., H.X. and Q.Y.N. analyzed the data. W.Q.X,,
CR.Z.,HX,QYN, YCJ, LXN., W.C.L, XJ.Y, ZHB., WJ, ZMX, Y.P, C.Y.T, TQ.L., Z.W.L., .H.M. and
Y.X.L. contributed towards the interpretation of the data. Y.C.J., QY.N,, L.], LJ.H., YZN., HW.P, WL.Q.,, LX.Y.
involved in the updating and maintenance of the website. All authors wrote and approved the final manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material available at https://doi.org/
10.1038/541597-024-03562-z.

Correspondence and requests for materials should be addressed to X.Y., H.]J. or W.Z.
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 Cre-
ative 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 per-
mitted 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) 2024

SCIENTIFIC DATA | (2024) 11:739 | https://doi.org/10.1038/s41597-024-03562-z 16


https://doi.org/10.1038/s41597-024-03562-z
https://doi.org/10.1038/s41597-024-03562-z
https://doi.org/10.1038/s41597-024-03562-z
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Multi-omics and single cell characterization of cancer immunosenescence landscape

	Introduction

	Results

	The CS patterns effectively distinguish between tumor and tumor-adjacent normal tissues across pan-cancer types. 
	Senescence signature could reflect intertumor and intratumor type heterogeneity and classify patients’ survival prominently ...
	Higher senescence signature was associated with higher genomic instability and proliferation in pan-cancer. 
	Higher senescence signature score was related to increased lymphocyte infiltration and higher pro-tumor immune infiltrate i ...
	Higher senescence signature was associated with longer telomere and higher TERT expression in pan-cancer. 
	Single-cell analysis revealed consistent evolutionary trends between malignant cells and immune cells at the CS level. 
	The essentiality of each CS genes had distinction, and alternated at different levels of senescence through CRISPR genome s ...
	Senescence signature had the potential to predict immunotherapy and targeted therapy response. 

	Discussion

	Materials and Methods

	Data collection and preprocessing. 
	WGCNA co-expression. 
	Discrimination of tumor and normal samples. 
	Mutation frequency estimation. 
	Unsupervised approach to define CS-related subtype. 
	Senescence signature definition. 
	Survival analysis. 
	Association of multi-omics datasets with senescence signature. 
	Association of TME with senescence signature. 
	Association of telomere with senescence signature. 
	CRISPR genome screening of CS-related genes in pan-cancer. 
	Single-cell data analysis. 
	Association of immune therapy with senescence signature. 
	Association of drug IC50 with senescence signature Landscape of CS pattern in TCGA pan-cancer. 

	Acknowledgements

	Fig. 1 Landscape of senescence signature and the prediction of prognosis in TCGA pan-cancer.
	Fig. 2 High senescence signature was associated with higher genomic instability in pan-cancer.
	Fig. 3 The immune landscape of CS in pan-cancer.
	Fig. 4 Higher senescence signature was associated with longer telomeres and higher TERT expression in pan-cancer.
	Fig. 5 Single-cell analysis revealed malignant cells and immune cells have a consistent evolutionary trend at the CS level.
	Fig. 6 Senescence signature could predict immune therapy and targeted therapy response.




