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Abstract 

Background  Colorectal cancer (CRC) is considered as an age-related disease, and cellular senescence (CS) plays 
a crucial role in cancer development and progression. Previous studies have shown the role of epigenetic changes 
in aging and cancer development, but the role of RNA pseudouridine (Ψ) modification in aging and cancer remains 
to be explored.

Results  Using bulk RNA sequencing, CRC cells with low Ψ writers expression levels have higher CS levels. We devel-
oped the Psi Score for assessing the transcriptomic profile of RNA Ψ modification regulation and found that the Psi 
Score correlates with CS. Furthermore, Psi-related senescence may be mediated by mTOR, TGF-β, TNF-α, and inflam-
matory response signaling pathways. Meanwhile, Psi Score could predict the anti-cancer treatment outcomes of anti-
aging interventions and could be used to predict the response to immunotherapy.

Conclusions  Overall, these findings reveal that RNA Ψ modification connected aging and cancer and provided novel 
insights into biomarker-guided cancer regimens.
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Background
Cellular senescence (CS), the state of stable and termi-
nal cell cycle arrest, has been associated with processes 
such as tumor suppression and organismal aging [1–3]. 
CS can be classified into developmentally programmed 
senescence, replicative senescence (RS), and stress-
induced premature senescence (SIPS) triggered by stim-
uli including DNA damage, oncogene activation, and 
oxidative stress [4]. Senescence has been considered as a 
potent barrier to prevent tumor progression [5, 6]. There-
fore, there is increasing interest in finding new markers 
of senescence that may have prognostic potential for 
aging and cancer. Notably, epigenetic alterations affect 
gene expression and various essential cellular processes 
contributing to senescence-related diseases and cancer 
[7]. Understanding the mechanisms of these changes is 
important for the development of new tumor treatment 
strategies and prevention. However, the relationship 
between RNA modifications and senescence in cancer 
remains poorly understood. For instance, whether RNA 
Ψ modifications regulate the senescence in cancer has 
not been explored in the field of epitranscriptomics.

Pseudouridine (Ψ) modification is one of the most 
abundant modifications in RNA epitranscriptomics [8–
12]. The incorporation of Ψ into synthetic mRNA plays a 
significant role in translation, enhancing the efficiency of 
protein synthesis and improving mRNA stability [13–15]. 
Notably, the ability of Ψ and its derivatives N1-methyl-Ψ 
in mRNA to evade immune recognition has contributed 
significantly to the COVID-19 mRNA vaccines [16–19]. 
RNA modifications play an important role in biological 
processes such as CS and aging and influence the pro-
gression of aging-related diseases, including cancer [8, 
15, 20–22]. However, due to the low abundance of Ψ in 
mRNA and the limitations of Ψ modification techniques, 
further studies are needed to investigate the role of Ψ 
modification in senescence in cancer.

Colorectal cancer (CRC) is the third most common 
type of cancer and the second leading cause of cancer-
related death globally [23, 24]. Both genomic instabil-
ity and epigenetic alterations have been identified as 
hallmarks of aging and contribute significantly to CRC 
pathogenesis [7, 25, 26]. Thus, identifying more genetic 
and epigenetic loci associated with CRC risk is essential. 
Studies have shown that the role of pseudouridine syn-
thases (PUS) in RNA Ψ modification is multifaceted and 
is not only involved in RNA stabilization and processing, 
but may also affect gene expression and tumor devel-
opment [27, 28]. It has been shown that three of these 
enzymes are associated with cancer and influence the 
phenotype of cancer cells [28]. Nevertheless, the biologi-
cal functions of PUS in CRC remain undefined.

Here, we constructed the Psi Score to quantify the 
regulation of RNA Ψ modification in CRC transcriptome 
and found a strong association between Psi Score and 
CS. We then showed the RNA Ψ modification is involved 
in the transcriptional alterations underlying CS in the 
tumor development by constructing the Psi Score model. 
Our findings highlight the potential relationship between 
RNA Ψ modification and CS, offering new insights into 
the identification of biomarkers and treatment related to 
senescence-based anti-cancer.

Results
Genetic and transcriptional alterations of 13 RNA Ψ 
modification writers in CRC​
Since CRC carcinogenesis is frequently associated with 
genome instability and susceptibility to mutations [29, 
30], we examined 13 RNA Ψ modification writers for 
somatic mutations in CRC to determine the prevalence 
of genetic alterations (Additional file 1: Table S1). Among 
455 COAD samples, 66 (14.51%) exhibited mutations in 
the RNA modification writers (Fig. 1A). In CRC samples, 
PUS7 exhibited the highest mutation frequency (4%), fol-
lowed by PUS3, PUS10 and PUS7L, while RPUSD3 and 
PUSL1 were not present. Our cohort showed multiple 
pairwise mutation correlations (Fig. 1B). As anticipated, 
there was significant co-occurrence among RNA Ψ mod-
ification writers with no mutual exclusion. Analysis of 
hallmark pathway gene signatures [31] highlighted that 
the mutation group was significantly enriched not only 
in carcinogenic pathways but also in inflammatory path-
ways, such as KRAS, TNF-α, TGF-β, IL6-JAK-STAT3, 
and inflammatory response signaling pathways (Fig. 1C). 
As a pleiotropic cytokine produced by macrophages, IL-6 
is involved in immune and inflammatory responses via 
the JAK3/STAT3/SOCS3 pathway. Furthermore, CRC 
is closely related to dysregulation of the IL-6-mediated 
JAK/STAT3/SOCS3 signaling pathway [32, 33]. It appears 
that mutations in RNA Ψ modification writers may influ-
ence the survival prognosis of CRC patients. Mutations 
in RNA Ψ modification writers may accompany biologi-
cal alterations through changes in the above pathways.

Furthermore, in order to elucidate the potential impact 
of genetic mutations on the transcriptional regulation 
of genes and their role in cancer progression, we exam-
ined the mRNA alterations of Ψ writers between paired 
CRC and normal tissue samples and found that all writ-
ers except PUS10 were significantly increased in CRC 
(Fig.  1D). Consistent with previous reports that upreg-
ulation of PUS expression in CRC may cause cancer 
development, and downregulation of DKC1 in lung ade-
nocarcinoma (LUAD) cells induces senescence has been 
reported previously [34]. Together, we hypothesized that 



Page 3 of 18Gan et al. BMC Biology           (2025) 23:61 	

Fig. 1  Genetic and transcriptional alterations of RNA Ψ modification writers in CRC. A The mutation frequency of 13 RNA Ψ modification writers 
in 455 CRC patients from the TCGA cohort. Each column represents individual patients. The upper bar graph shows TMB; the number on the right 
indicates the mutation frequency in each “writer”. The right bar graph shows the proportion of each variant type. B The pairwise association of Ψ 
writer mutations in CRC patients is shown, with the degree of association indicated by the color of the box. Blue color indicates co-occurence 
and red color indicates a mutually exclusive pattern. P < 0.05 was considered statistically significant. C Differences in pathway activities scored 
by GSVA between mutation and non-mutation CRC samples. Shown are t values from a linear model; blue: mutation; red: non-mutation. D Box plots 
show the expression distribution of 13 writers of RNA Ψ modification between paired normal (blue) and CRC (red) tissues. (* p < 0.05, ** p < 0.01, *** 
p < 0.001)
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the expression of Ψ modification writers is relevant to 
CRC development and cellular senescence.

RNA Ψ modification pattern is associated with cancer 
hallmarks
For further analysis of the expression patterns of the Ψ 
writers involved in tumorigenesis, 1293 CRC patients 
were selected (Additional file 1: Table S2). Based on pair-
wise correlations between the expression of 13 Ψ writ-
ers in CRC, we observed a more frequent presence of 
positive correlations than negative correlations (Fig. 2A). 
Notably, the expression of DKC1 was positively corre-
lated with other writers, consistent with significant muta-
tional co-occurrence between DKC1 and others (Fig. 1B). 
Meanwhile, DKC1 showed significant variability between 

paired normal and tumor samples, suggesting that it may 
play a unique and important role in tumor development 
(Fig. 1D).

To classify the CRC patients from the integrated GEO-
CRC cohorts with qualitatively different RNA modi-
fication patterns (Additional file  1: Table  S3), we used 
consensus clustering based on the expression profiles 
of 13 RNA Ψ modification writers. Cluster 1 consisted 
of 490 CRC patients, while Cluster 2 comprised 803 
patients, with the latter demonstrating a significant sur-
vival advantage (Fig. 2B; log-rank test, p = 0.0173). GSVA 
enrichment analysis emphasized the biological signifi-
cance of these distinct patterns, with Cluster 1 enriched 
in p53, TNF-α, and interferon-gamma response path-
ways, and Cluster 2 exhibiting enrichment in DNA repair, 

Fig. 2  Patterns of RNA Ψ modification and biological characteristics of each pattern and the construction of Psi Score. A The heatmap displays 
the positive (red) and negative (blue) correlations among RNA Ψ modification writers in CRC, as determined by Spearman correlation analysis. B 
Kaplan–Meier curves depict overall survival differences between two distinct RNA Ψ modification patterns, Cluster 1 (pink) and Cluster 2 (orange), 
based on the GSE39582 dataset. The grouping of CRC samples is shown at the bottom of the chart. p < 0.05 in the two-sided log-rank test 
was considered statistically significant. C A heatmap visualizing the GSVA enrichment analysis shows the activation states of biological pathways 
in distinct RNA Ψ modification patterns. Red, activated pathways; blue, inhibited pathways. D Unsupervised clustering of 13 RNA Ψ modification 
writers. The names of CRC cohorts were used as sample annotations. Red, high expression of DEGs; blue, low expression. E Overall methodology. 
Workflow for integrative analysis of the Ψ modification levels in colorectal cancers using GEO transcriptome data
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G2M checkpoint, MYC targets, and E2F targets pathways 
(Fig. 2C).

We next further investigated the functional significance 
of these two Ψ modification patterns by enrichment 
analysis of cluster-specific differentially expressed genes 
(DEGs). These DEGs were enriched in biological pro-
cesses such as cell cycle, phagosome, and DNA replica-
tion (Additional file 2: Fig. S1). They were also enriched 
in signaling pathways, especially the TGF-beta and BMP 
signaling pathways (Additional file  2: Fig. S2). We per-
formed unsupervised clustering analyses based on the 
cluster-specific DEGs to categorize patients into gene-
ClusterA and geneClusterB. The clustering of DEGs cor-
responded with the Ψ modification patterns, resulting in 
the classification of 837 out of 1,293 CRC patients into 
geneClusterA, associated with Cluster2, and 456 into 
geneClusterB, associated with Cluster1 (Fig. 2D).

Evaluation of RNA Ψ modification in transcriptomic 
regulation with Psi Score
In order to quantify the RNA modification patterns of 
individual CRC patients, we developed the Psi Score to 
quantify Ψ modification levels by analyzing differential 
gene expression between two Ψ clusters and calculat-
ing the expression activity of DEGs (Fig.  2E). As antici-
pated, Cluster1 exhibited significantly higher Psi Score 
than Cluster2 (Additional file  2: Fig. S3; Wilcoxon test, 
p < 2.2 × 10−16), and geneClusterB showed a significantly 
higher Psi Score than geneClusterA (Additional file  2: 
Fig. S3; Wilcoxon test, p < 2.2 × 10−16).

In order to verify the differential regulation, we ana-
lyzed the overlap between these three different classifi-
ers. A significant overlap was observed between the Psi 
Score-high group and geneClusterB, with 456 samples 
(70.59%) found in both categories (Additional file 2: Fig. 
S4). Conversely, geneClusterA encompassed all 647 sam-
ples (100%) of the low Psi Score group. Additionally, 379 
out of 646 (58.69%) CRC samples in the Psi Score-high 
group were associated with Cluster1, and a significant 
majority, 536 out of 647 (82.84%), in the Psi Score-low 
group were associated with Cluster2 (Additional file  2: 
Fig. S4). Collectively, these findings indicated a high 
degree of concordance among the three classification 
methods.

RNA Ψ modification writer expression is associated 
with senescence level
According to the results presented above, we speculated 
that tumors with low expression of Ψ modification writ-
ers exhibit a high level of senescence. To quantify senes-
cence levels, we referred to the methods provided in 
the previous study [35]. We calculated the CS score by 
utilizing gene sets from the CellAge database [36] and 

applying the GSVA algorithm [31] to measure the differ-
ential activity of CS-related genes. We investigated the 
effect of RNA Ψ modification writers on senescence lev-
els and revealed both significant correlations and notable 
interactions among these writers. The results indicated 
that tumors with low expression levels of Ψ modifica-
tion writers were consistent with high Psi Score, while 
high expression levels were associated with low Psi Score 
(Fig. 3A).

We next constructed WiDr stable cell lines featuring 
DKC1 knockdown and conducted transcriptome analy-
sis (GSE271639) through RNA-seq. Our results indicated 
that WiDr stable cell lines with knockdown of the DKC1 
gene exhibited higher senescence levels than the control 
group. Furthermore, analysis of two additional Ψ modi-
fication gene knockdown datasets from the Gene Expres-
sion Omnibus (Additional file  1: Table  S2) revealed a 
significant increase in senescence levels in tumor sam-
ples deficient in these genes. These findings highlight the 
potential of Ψ modification writers as crucial regulators 
of senescence and provide further evidence that supports 
our conclusions. (Fig.  3B and Additional file  2: Fig. S5). 
Based on these results, we hypothesized that the low Ψ 
modification writers’ expression levels might induce 
senescence.

Subsequently, we assessed the relationship between the 
Psi Score and CS Score to identify common genes. The 
analysis identified only 11 overlapping genes (Fig.  3C), 
including CDKN2B (Additional file  2: Fig. S6), which is 
a recognized marker of cellular senescence [58]. Elevated 
expression of CDKN2B was observed in the Psi Score-
high group, indicating a correlation between Psi Score 
and levels of senescence.

Overall, the negative correlation of Ψ modifica-
tion writers’ expression with CS Score reveals that the 
changes in Ψ modification writers’ expression promote 
cellular senescence.

Psi Score is associated with cellular senescence in CRC​
After exploring the senescence landscape associated with 
Ψ modification writers, we hypothesized that Ψ writ-
ers-mediated genes may regulate senescence. Next, we 
applied our approach to systematically profile the levels 
of senescence and Ψ modification in 1293 CRC samples 
from the GEO database (Additional file 1: Table S3). We 
revealed the levels of senescence and Ψ modification 
in different CRC types. Next, we examined the correla-
tion between the Psi Score and the CS Score. A signifi-
cant positive correlation was observed between Psi Score 
and CS Score (correlation coefficient = 0.74; Spearman 
rank correlation, P < 2.2 × 10−16) (Fig.  4A). Additionally, 
we found that Psi Score had a significantly positive cor-
relation with positively CS-correlated genes (rho = 0.84, 
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p < 2.2e − 16) and a negative correlation with negatively 
CS-correlated genes (rho = − 0.36, p < 2.2e − 16) (Addi-
tional file 2: Fig. S7), suggesting that positively CS-corre-
lated genes largely mediated the association between Ψ 
modification levels and senescence.

To further validate the results above, gene set enrich-
ment analysis for CS-curated gene sets collected from 
the published literature was performed [37–41]. First, 
we evaluated the pathways enriched by the CS-corre-
lated genes collected from CellAge database [36], which 
showed that the CS-correlated genes were differentially 
expressed between the Psi Score-low and Psi Score-high 
groups (Fig.  4B). Positive CS-correlated genes were sig-
nificantly enriched in Psi Score-high groups. In contrast, 
negative CS-correlated genes were significantly enriched 
in Psi Score-low groups. Among them, stress-induced 
senescence signaling pathways were notably enriched in 
Psi Score-high groups (p < 2.2e − 16) (Fig. 4C). Addition-
ally, gene set enrichment analysis (GSEA) showed sig-
nificant enrichment of senescence-related pathways in 
Psi Score-high groups (Fig.  4C). Furthermore, gene sets 
from other databases such as GenAge, SenMayo, Seno-
Ranger, and Aging Atlas were obtained from published 
literature on the hallmarks of senescence [37–39, 41]. As 
anticipated, it was found that CS genes were significantly 

enriched in Psi Score-high groups, indicating a significant 
correlation with RNA Ψ modification levels (Fig.  4D). 
GO biological processes enrichment analysis also showed 
similar trends with CS-correlated genes predominantly 
enriched in Psi Score-high groups (Additional file  2: 
Fig. S8). The heatmap illustrating the correlation of the 
Psi Score and CS score with Hallmark signaling path-
ways indicated a consistent correlation between the two 
scores, reflecting the high correlation between Ψ writers-
specific genes-mediated pathway and senescence-medi-
ated pathway (Fig. 4E).

To evaluate the correlation between Psi Score and CS 
Score, 1293 CRC samples were divided into four groups 
based on the median Psi Score and a threshold of 0 for 
the CS Score (Fig.  5A). Survival analyses revealed that 
patients with cellular senescence suffered poorer OS, 
with the worst prognostic outcomes in patients with 
Psi-related cellular senescence (p = 0.0376) (Fig.  5B). 
To explore the underlying cause of poor outcomes with 
senescence groups, we performed GSVA enrichment 
analysis (Fig.  5C). The signaling pathways activated 
mostly in the Psi-related cellular senescence groups were 
WNT, EMT, and KRAS signaling pathways, while the 
characteristic signaling pathways activated in Psi-inde-
pendent cellular senescence groups were those related 

Fig. 3  RNA Ψ modification writers associated with senescence level. A Expression level of 13 RNA Ψ modification writers. The names of CRC 
cohorts were used as sample annotations. Red, high expression of writers; blue, low expression. B Senescence level in Ψ modification writers DKC1 
knockdown datasets. NC: negative control; sh: shRNA. C The Venn diagram depicted the intersection of gene sets that construct the two scoring 
systems (Psi Score and CS Score)
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to the p53, DNA repair, G2M checkpoint, MYC target 
and E2F target signaling pathways. Notably, the sign-
aling pathways involved in cellular senescence groups 
(Psi-related CS and Psi-independent CS) were mainly 
enriched in mTOR, TGF-β, TNF-α, and inflamma-
tory response signaling pathways. These pathways are 
involved in tumor development and inflammation in 
cellular senescence. Thus, we speculated that RNA Ψ 
modification may mediate these pathways to regulate 
senescence. Furthermore, to identify whether age is asso-
ciated with the Psi Score, CRC samples were grouped by 

age 50 (EOCRC and LOCRC) (Additional file 2: Fig. S9). 
No significant association was found between Psi Score 
and age, and the close correlation between Psi Score and 
CS Score was independent of age.

Moreover, these observations were consistent with the 
current view that abnormal activation of oncogenes and 
inactivation of tumor suppressors can promote CS [42]. 
Significant negative correlation between GSVA enrich-
ment scores and Psi Score scores for DNA repair, G2M 
checkpoint, MYC target, and E2F target signaling path-
ways, and a significant positive correlation between P53, 

Fig. 4  Construction of the Psi Score and Senescence landscape associated with Psi Score in CRC. A The correlation coefficients of the Psi Score 
and CS Score were calculated by using Pearson’s correlation coefficient formula. The red scatter points represent CRC samples and the blue line 
indicates the correlation. B, C, and D Comparison of GSVA scores and GSEA for characteristics associated with multiple pathways of senescence 
between Psi Score-high and -low groups. Cellage Induces: CS-related positive genes in CellAge database; Cellage Inhibits: CS-related negative genes 
in CellAge database; Stress induced: the CS curated gene sets of stress-induced senescence in CellAge database; Aging Atlas: The CS curated gene 
sets in Aging Atlas database; GenAge: The CS curated gene sets in GenAge database; SenMayo and SenoRanger: The CS curated gene sets collected 
from the published literature; Stress induced: Stress-induced senescence genes in CellAge database; Oncogene induced: oncogene-induced 
senescence genes in CellAge database; Replicative: replicative senescence genes in CellAge database; Pink, Psi Score above median; orange, Psi 
Score below median. E Heatmap shows the correlation between Psi Score and CS Score in five GEO-CRC datasets and the 50 Hallmark signaling 
pathways according to the Pearson’s correlation coefficient formula. Orange, high correlation of Psi/CS Score and hallmark pathways; purple, low 
correlation. * p < 0.05, ** p < 0.01, *** p < 0.001
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TNF-α, TGF-β, and BMP pathways and Psi Score (Fig. 4E 
and Additional file 2: Fig. S10). The above results revealed 
that Ψ modification levels and cross-talk among Ψ writ-
ers may be involved in senescence.

Molecular subtypes and clinical characteristics associated 
with Psi Score in CRC​
Building on our previous findings that the Psi Score is 
associated with poorer prognosis in CRC patients due to 
its link with cellular senescence, we next investigated the 
relationship between the Psi Score and CRC molecular 
subtypes, as well as their associated clinical characteris-
tics [43, 44].

In our analysis of CRC samples from integrated GEO 
cohorts and the TCGA Cohort, we observed significant 
variations of the Psi Score among these CMS subtypes 
(Additional file  1: Table  S3, S5, and S6). Notably, the 
CMS4 subtype exhibited the highest Psi Score (Fig. 6A–
B). TGF-β and VEGF signaling pathways were signifi-
cantly enriched in the Psi Score-high group. In contrast, 
the Psi Score-low group considerably enriched signaling 
pathways related to the cell cycle and ribosomes (Fig. 6C).

The distinct subtypes of CMS are significantly asso-
ciated with tumor progression and can be utilized to 

predict clinical prognosis [45]. Psi Score varied across 
tumor stages and was higher in advanced CRC (Fig. 6D), 
suggesting that the parameters that comprise the Psi 
score are involved in tumor progression. In addition, the 
Psi Score was also significantly higher in patients with 
BRAF mutant compared to those with BRAF wild-type 
(Fig. 6E).

In a recent study, Malla et  al. conducted PDS subtyp-
ing of CRC using gene ontology and biological activation 
state information [46]. Similarly, we observed significant 
differences in Psi scores across PDS subtypes, with the 
PDS2 subtype having the highest Psi Score (Fig. 6F and 
Additional file 1: Table S7).

These findings indicated a strong correlation between 
the Psi Score and CMS subtypes and PDS subtypes, 
potentially establishing a link between the Psi Score and 
tumor progression in CRC patients.

Psi Score as a biomarker of cellular senescence in response 
to anti‑aging interventions
Next, we aimed to track the dynamic change of cellular 
senescence with Psi Score during aging-related interven-
tions. Metformin, which is a widely prescribed medica-
tion for type 2 diabetes, has garnered attention for its 

Fig. 5  Association of Psi Score and Cellular Senescence with prognostic outcomes and biological pathway activation in CRC. A The four-quadrant 
diagram of the Psi Score and CS Score. Psi-independent CS: Psi-independent cellular senescence. Psi-related CS: Psi-related cellular senescence. 
Psi-related non-CS: Psi-related non-cellular senescence. Psi-waived non-CS: Psi-waived non-cellular senescence. B Kaplan–Meier curves compare 
overall survival for the four combined CS and PSi score subgroups in GSE39582. The grouping of CRC samples is shown at the bottom of the chart. 
p < 0.05 in the two-sided log-rank test was considered statistically significant. C A heatmap visualizing the GSVA enrichment analysis shows 
the activation states of biological pathways under four subgroups of CS and Psi Score. Red, activated pathways; blue, inhibited pathways
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potential anti-aging properties [47–50]. It is known for 
modulating gene expression profiles similar to caloric 
restriction, a well-established anti-aging regimen [51, 52].

We analyzed datasets with metformin-treated 
and control groups from GEO databases (Table  S2). 

Compared to control groups, metformin-treated groups 
had a significantly lower Psi Score (P = 0.025; Fig. 7A). 
Similarly, we observed a consistent distribution of Psi 
Score across colorectal cancer cell in GEO datasets 
(Additional file  1: Table  S2) under nutrient-depleted 

Fig. 6  Psi Score is associated with molecular phenotypes and clinical features in CRC. A and B Psi Score differences among CMS subtypes 
of CRC in integrated GEO-CRC datasets (A) and the TCGA-COAD/READ cohort (B). C Gene set enrichment analysis (GSEA) shows the differences 
in enrichment in the characteristic signaling pathways of CMS subtypes between high- and Psi Score-low groups in integrated GEO-CRC datasets. D 
Psi Score differences among TNM stages of CRC in GEO-CRC datasets. Wilcoxon test was used to assess the difference. E Differences in the Psi Score 
between BRAF MT (purple) and BRAF WT (pink) group in integrated GEO-CRC datasets. F Differences in the Psi Score among PDS subtypes of CRC 
in integrated GEO-CRC datasets
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conditions. The results showed that the Psi Score signif-
icantly decreased under nutrient-depleted conditions, 
consistent with the lowered senescence levels observed 
under caloric restriction (P < 0.001; Fig.  7A) [51]. In 
contrast, nutrient-rich conditions were associated with 
a higher Psi Score. The modulatory effect of metformin 
on nutrient-sensing pathways, which play a crucial 
role in the anti-aging benefits of caloric restriction, 
has been extensively researched [52, 53]. Therefore, we 
hypothesized that the changes in Psi Score with met-
formin may be related to caloric restriction. Evidence 

shows that metformin could emulate the benefits asso-
ciated with dietary restriction through direct inhibition 
of mTORC1 and sirtuins, with potential effects down-
stream of caloric restriction.

In conclusion, our findings suggest that the Psi Score, 
a marker of cellular senescence, is reduced following 
treatment with metformin or under caloric restric-
tion conditions. This indicates that the Psi Score could 
potentially serve as a bioindicator of the effectiveness of 
interventions such as metformin and CR in combating 
senescence.

Fig. 7  Psi Score as a biomarker for treatment response in CRC. A Psi Score change in CRC cells treated with 2.5 mM metformin (GSE171478) 
and under nutrient-rich and nutrient-depleted conditions (GSE245402). Differences between two groups are tested using two-tailed paired 
t test and considered p < 0.05 as statistical significance. B The correlation between Psi Score and drug sensitivity evaluated by the Spearman 
analysis. Each column represents a drug. The brightness of the column indicates the significance of the correlation. The height of the column 
indicates the correlation, indicates that Psi Score related to drug resistance (Rs > 0) or drug sensitive (Rs < 0) to Psi Score. C Signaling pathways 
targeted by drugs that are resistant or sensitivity to the Psi Score. Drug names are listed on the horizontal axis and the signaling pathway targeted 
by the drug on the vertical axis. The bar graph on the right shows the number of drugs targeting each signaling pathway. The size of the point 
indicates the significance of the correlation
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Potential clinical application value of the Psi Score
To further elucidate the impact of the Psi Score on drug 
response, we analyzed the relationship between the Psi 
Score and drug sensitivity in cancer cell lines using data 
from the GDSC database. The GDSC database revealed 
a significant correlation between 53 drugs and Psi Score 
(Fig.  7B and Additional file  1: Table  S8). We found that 
the sensitivity to 23 drugs was correlated with the Psi 
Score. For instance, IGF-1R inhibitor BMS-754807 (Rs = 
− 0.74, p = 3.65E − 251), mTOR inhibitor AZD8055 (Rs = 
− 0.51, p = 5.83E − 88), and PKC inhibitor staurosporine 
(Rs = − 0.43, p = 3.28E − 35) exhibited correlations with 
the Psi Score indicating drug sensitivity. On the other 
hand, resistance to 30 drugs correlated with Psi Score, 
including ERK1/ERK2 inhibitor ulixertinib (Rs = 0.51, 
p = 1.53E − 92), Bcl-2 inhibitor navitoclax (Rs = 0.42, 
p = 2.55E − 63), and EGFR inhibitor AZD3759 (Rs = 0.30, 
p = 3.26E − 32). Further analysis revealed that drugs 
showing sensitivity associated with high Psi Score, pri-
marily targeting RTK, WNT, and mTOR signaling path-
ways. In contrast, drugs associated with low Psi scores 
targeted the EGFR, MAPK, and cell cycle signaling path-
ways (Fig. 7C).

Notably, 14 of these 23 drugs have been documented 
for their tumor-inhibitory effects and role in senescence 
regulation. Among them, AZD8055 has been found to 
exhibit anti-tumor and anti-senescence properties by 
targeting the mTOR pathway [54, 55] (Additional file  3: 
Table S9). These results suggest that RNA Ψ modification 
patterns are correlated with drug sensitivity. Therefore, 
the Psi Score may be a potential biomarker for defining 
appropriate treatment strategies.

Predicting immunotherapy response with the Psi Score 
and PD‑L1 blockade
Building upon our previous investigation into the rela-
tionship between the Psi Score and drug sensitivity, we 
assessed the potential of the Psi Score as a predictive bio-
marker for immunotherapy response, specifically focus-
ing on the PD-L1 pathway. Additionally, we considered 
whether the Psi Score, informed by these patterns, could 
predict the efficacy of immune checkpoint blockade 
(ICB) therapy.

Correlative studies have suggested that PD-L1 pro-
tein expression and tumor mutation burden may be 
potential biomarkers for predicting response to immune 
checkpoint inhibitors [56]. Numerous studies have also 
identified biomarkers that can predict response to immu-
notherapy [57–59]. Therefore, we evaluated the ability of 
the Psi Score to predict patient responses to ICB therapy, 
given its possible association with Ψ modification pat-
terns and tumor immune microenvironment (Additional 
file  2: Fig. S11). According to TIDE analysis, a higher 

TIDE score indicates an increased risk of immune escape 
and reduced benefit from immunotherapy. As expected, 
groups with high Psi Scores showed higher “TIDE scores,” 
“Exclusion scores,” and “Dysfunction scores” compared 
to groups with low Psi Scores (Fig. 8A–C).

In the IMvigor210 cohort, patient responses were cat-
egorized as complete response (CR), partial response 
(PR), stable disease (SD), and progressive disease (PD). A 
total of 348 patients were analyzed, and results indicated 
that patients with partial response demonstrated lower 
Psi Scores (Fig.  8D and Additional file  1: Table  S10). 
Furthermore, analysis of anti-PD-L1 therapy outcomes 
revealed that patients with low Psi Scores experienced 
significantly improved treatment outcomes (Fig.  8E; 
P = 0.01014). Additionally, TMB was significantly higher 
in the group with low Psi Score than those with high 
(Fig. 8F and Additional file 1: Table S10).

Overall, our analysis shows that the Psi Score can be 
used to predict the response to anti-PD-L1 immunother-
apy and select drugs for CRC.

Discussion
The RNA Ψ modification seems to be involved in the 
transcriptional alterations underlying cellular senescence 
in CRC development. Consistent with previous reports, 
upregulated expression and mutations of Ψ writers pro-
mote activation of oncogenic signaling pathways leading 
to the development of CRC (Fig. 1C, D). The low expres-
sion of Ψ writers reveals higher levels of senescence 
under the context of DKC1 knockdown (Fig. 3B), consist-
ent with previous literature indicating that downregu-
lation of DKC1 in lung adenocarcinoma (LUAD) cells 
inhibits cell proliferation and shortens telomere, which 
ultimately leads to telomere-related cellular senescence 
[34]. Meanwhile, there is a significant positive correla-
tion between Psi Score based on Ψ writers-mediated 
genes and senescence levels (Fig.  4A–D). This is likely 
due to Ψ modification activating mTOR, TGF-β, TNF-α, 
and inflammatory response signaling pathways to regu-
late senescence (Fig. 5C). In addition, more than half of 
the drugs associated with the Psi Score had anti-tumor 
and anti-senescence effects through searching the litera-
ture (Additional file 3: Table S9). Thus, our findings offer 
a potential biomarker for treatment targets related to 
senescence and cancer by developing the Psi Score.

The relationship between cancer and aging is bilateral. 
Epigenetic alteration and cellular senescence are both 
common hallmarks of cancer and aging. Mounting evi-
dence has demonstrated that the RNA modifications are 
related to cancer invasion. For example, DKC1 has been 
shown to promote CRC progression, and high DKC1 
expression in CRC is associated with poor prognosis [60]. 
PUS1 has been shown to contribute to hepatocellular 
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carcinoma and breast cancer through mRNA pseudou-
ridylation [61–63]. Moreover, PUS7 has been found to 
promote glioblastoma progression, and chemical inhibi-
tors of PUS7 reduce the level of Ψ modification in glio-
blastoma and inhibit tumor growth [64]. Notably, DKC1 
downregulation has been shown to promote telomere-
related cellular senescence in LUAD, and high DKC1 
expression in LUAD is associated with poor prognosis 
[34]. However, no data are available on the senescence 
levels of PUS in CRC.

Here we identified DKC1 knockdown in CRC cell lines 
associated with higher senescence levels (Additional 
file  1: Table  S2). In addition, DKC1 downregulation in 
cutaneous squamous cell carcinoma cells and PUS1 
knockdown in breast cancer are also associated with 
higher levels of senescence by screening public databases 
(Additional file  2: Fig. S5). The high expression of PUS 
contributes to tumor progression and the downregula-
tion of PUS exhibits higher senescence levels, in agree-
ment with the previous notion that senescence has been 
shown to prevent tumor progression. Importantly, Psi-
related CS subgroups are enriched in signaling pathways 
involved in tumorigenesis and inflammation (Fig. 5C) and 
also exhibit the worst prognosis (Fig. 5B), suggesting that 
RNA Ψ modification may regulate senescence through 
pathways such as mTOR, TGF-β, and TNF-α signaling 
pathways. In addition, the Psi Score is independent of 

onset age (Additional file 2: Fig. S9), which may account 
for the notion that RNA Ψ modification exerts its effects 
on senescence through these pathways, irrespective of 
age-related factors.

Our results show that RNA Ψ modification is involved 
in the regulation of cellular senescence through path-
ways such as mTOR, TNF-α, and TGF-β pathways, 
which are involved in inflammatory responses, cellular 
senescence, and inflammaging [65–70]. In this context, 
RNA Ψ modifications might regulate genes involved in 
these pathways, modulating the inflammatory response 
and potentially influencing both cellular senescence 
and tumorigenesis. Interestingly, we observed signifi-
cant differences of Psi Score in different PDS subtypes 
that were generated based on biological annotation and 
expression profile of genes in Malla et al.’s study (Fig. 6F 
and Additional file 1: Table S7) [46]. The PDS2 subtype 
exhibited the highest Psi Score, which has elevated stro-
mal and immune-tumor microenvironment lineages. 
Malla et  al. suggested that the PDS2 subtype was pre-
dominantly CMS4 or CMS1 [46], which is consistent 
with our observation that Psi Score were highest in the 
CMS4 and PDS2 subtypes. Notably, the PDS2 subtype 
was enriched in inflammatory and immune signaling 
pathways, such as transforming growth factor β (TGF-
β) activation, which is consistent with the pathways 
enriched in the Psi Score-high group and Psi-related 

Fig. 8  Association of Psi Score with immune response and clinical outcomes in the IMvigor210 Cohort. A, B, and C TIDE analysis including TIDE 
score (H), exclusion score (I), and dysfunction score (D). The difference in the Psi Score between distinct clinical outcomes of anti-PD-L1 
treatment in the IMvigor210 cohort. SD, stable disease; PD, progressive disease; CR, complete response; PR, partial response. E Differences in TMB 
between Psi Score-high and -low groups in the IMvigor210 cohort. Wilcoxon test was used to assess the difference. F The proportion of patients 
in the IMvigor210 cohort with different responses to PD-L1 blockade immunotherapy. The chi-squared test was used to determine the statistical 
significance of the difference. SD, stable disease; PD, progressive disease; CR, complete response; PR, partial response
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CS group (Figs. 5E and 6C). Our findings provide new 
insights into the regulation of RNA Ψ modifications on 
cellular senescence.

In order to track the Psi Score in aging interventions, 
we found that the Psi Score is significantly decreased 
under metformin-treated and nutrient-depleted con-
ditions compared to the control groups (Fig.  7A). This 
result is consistent with metformin and caloric restriction 
having anti-aging effects. Additionally, we demonstrated 
the potential therapeutic effects of Psi Score in CRC, 
and identified 53 drugs with Psi Score that were associ-
ated with drug sensitivity for targeting RTK, mTOR, and 
WNT signaling pathways or with drug resistance for tar-
geting EGFR, MAPK and cell cycle signaling pathways 
(Fig. 7C). We then consulted the literature for these drugs 
regarding the anti-tumor effects and senescence-related 
effects (Additional file  3: Table  S9). There are 27 drugs 
with tumor-inhibitory effects and senescence-regulating 
effects. AZD8055 is reported to be anti-tumor and anti-
senescence by targeting the mTOR pathway [54, 55], 
which is also consistent with our analysis. Patients with 
higher Psi Score may benefit from drugs targeting these 
signaling pathways, according to these results. Psi Score 
may serve as a predictor of the clinical efficacy of chemo-
therapy or targeted therapy in cancer.

Although this study presents some important findings, 
there are some limitations. Firstly, we defined Ψ modifi-
cation levels based on a GSVA-based method that relied 
on DEGs responsible for RNA Ψ modification patterns. 
The dependency on predefined gene sets, which might 
exclude relevant genes not accounted for in these collec-
tions, thus limiting the comprehensiveness of the analy-
sis. In addition, the method is susceptible to biases arising 
from the determination of differential expression thresh-
olds, which can introduce inaccuracies in the quantifica-
tion of Ψ modification levels. Thirdly, we only observed 
associations of Psi Score with anti-cancer treatment in 
CRC. These limitations are somewhat inevitable given 
the current state of bioinformatics tools and the inher-
ent complexity of biological systems. Further research 
is needed to verify these findings in larger samples and 
other cancer types. In addition, the Psi Score is based 
on a high-throughput transcriptomic profile, which may 
limit its use in clinical settings. Further studies generating 
a smaller gene panel could facilitate its integration into 
routine clinical workflows for guiding personalized treat-
ment. Additionally, there is also a need to develop more 
sophisticated algorithms capable of integrating a wider 
range of genomic data, including non-coding RNAs and 
epigenetic modifications. Finally, for a comprehensive 
understanding of the relationship between RNA Ψ modi-
fication levels and senescence levels, more experimental 
validation is needed.

Conclusions
We performed a systematic and comprehensive analysis 
of the transcriptomic regulation of RNA Ψ modifica-
tion in CRC. The gained regulation of RNA Ψ modifica-
tion is associated with CS, which is mediated by mTOR, 
TGF-β, and TNF-α signaling pathways. Moreover, Psi 
Score, based on the quantification of RNA Ψ modifica-
tion levels, could predict senescence-based anti-cancer 
treatment outcomes. Overall, our findings highlight the 
potential of RNA Ψ modification as a biomarker for anti-
cancer treatment targeting senescence, which may pro-
vide novel insights into CRC therapy.

Methods
Data and resources
The integrated dataset consisted of gene expression data 
from the same sequencing platform as well as clinical and 
molecular annotations retrieved from the Gene Expres-
sion Omnibus (GEO) and the Cancer Genome Atlas 
(TCGA) database. The analysis encompassed five CRC 
cohorts and the TCGA-COAD/READ cohort, as detailed 
in Table S2. Based on the TCGA database, somatic muta-
tions, and clinical characteristics, such as age, gender, 
tumor stage, and overall survival (OS) were collected. The 
mutation data of COAD was further analyzed and visual-
ized using the R package “maftools.” Table S2 provides a 
summary of the dataset information. To harmonize the 
data, the ComBat algorithm from the sva package (ver-
sion 3.50.0) [71] used batch effect correction. This algo-
rithm operates within an empirical Bayesian framework. 
We used the log-transformed expression data as input for 
ComBat, and the batch effects were corrected by apply-
ing ComBat’s empirical Bayes approach to adjust for sys-
tematic variations across batches. This process involved 
using a full model matrix that excludes batch variables, 
thereby mitigating the impact of batch effects on the inte-
grated dataset. Data analysis was conducted using R (ver-
sion 4.3.1).

The dataset on immunotherapy was obtained from 
the IMvigor210 cohort and is accessible through the 
IMvigor210 package, which contains data from a previ-
ous study [72]. The study of the correlation between Psi 
Score and immunotherapy prognosis involved analysis of 
the IMvigor210 cohort.

Clustering expression pattern of 13 RNA Ψ modification 
writers
A total of 13 proteins, including DKC1, PUS1, PUS3, 
PUS7, PUS10, PUSL1, PUS7L, TRUB1, TRUB2, RPUSD1, 
RPUSD2, RPUSD3, and RPUSD4, have been identified as 
the writers for RNA Ψ modification [73, 74]. The unsu-
pervised clustering analysis was applied to categorize 
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1293 CRC patients based on the expression of RNA Ψ 
modification writers. Consensus Cluster Plus (version 
1.66.0) was utilized for the above steps based on the 
k-means algorithm and repeated 1000 times to ensure 
stability [75, 76].

Gene Set Variation Analysis (GSVA)
To investigate the impact of RNA Ψ modification on bio-
logical processes, we conducted Gene Set Variation Anal-
ysis (GSVA) using the GSVA R package [31]. We utilized 
gene sets from the MSigDB repository, which had been 
annotated for functional profiling with the “clusterPro-
filer” R package [77].

Construction of Psi Score

1)	 Identification of DEGs between RNA Ψ modification 
patterns. The CRC samples were grouped into two 
Ψ clusters based on the expression levels of Ψ writ-
ers. Subsequently, differential gene expression analy-
sis was conducted between the two Ψ clusters with 
the Limma R package (version 3.58.1) [78]. The voom 
function [79] was applied to estimate the mean–vari-
ance relationship, followed by linear modeling, and 
the Empirical Bayesian statistics were then used to 
detect DEGs between the two RNA Ψ modification 
patterns, as previously described. The DEGs were 
selected based on the p-value (< 0.05) and absolute 
value of logFC (> 1).

2)	 Construction of Psi Score. We utilized GSVA with 
Ψ-specific DEGs to calculate the Psi Score for evalu-
ation on the Ψ-dependent transcriptomic profile 
in each individual sample. To investigate the poten-
tial biological role and clinical significance of the 
Psi Score, CRC samples were categorized into two 
groups according to the median value of the Psi 
Score.

Cellular Senescence (CS) Score calculation
Cell Senescence genes were obtained from the CellAge 
database of the Human Ageing Genomic Resources [80]. 
The CS signature comprised 1259 genes, categorized 
into 525 positively and 734 negatively associated with 
cell senescence [36]. GSVA was utilized to determine the 
functions of two sets of CS-related genes in each sam-
ple, separately. CS scores were derived by subtracting 
negative CS-related activities from positive CS-related 
activities.

Association of the Psi Score with senescence
The Pearson correlation test assessed the correlation 
between the Psi Score and CS Score in the 1293 CRC 
samples. Correlations were categorized as follows: 
|R|< 0.2, very weak; 0.2 ≤|R|< 0.4, weak; 0.4 ≤|R|< 0.6, 
moderate; 0.6 ≤|R|< 0.8, strong; |R|≥ 0.8, very strong.

To analyze the association of Psi Score with CS signa-
ture, the CS curated gene sets were collected from the 
published literature: CellAge database of the Human 
Ageing Genomic Resources [36], GenAge database of 
the Human Ageing Genomic Resources [41], Aging Atlas 
database [39], SAUL_SEN_MAYO [37], SenoRanger [38], 
and GeneCards [81]. The CS signature across different Psi 
Score groups was evaluated using GSVA and represented 
as a boxplot for CRC samples. Statistical significance was 
determined using the Wilcoxon test with Benjamini and 
Hochberg correction for the false discovery rate (FDR), 
under a threshold of FDR < 0.05.

To further investigate the changes in Psi Score result-
ing from anti-aging interventions, we included CRC cells 
treated with 2.5 mM Metformin under both nutrient-rich 
and nutrient-depleted conditions for analysis (Table S2). 
Table S2 provides a summary of the dataset information. 
The effects of different treatments on Psi Score groups 
were assessed using GSVA and depicted as boxplots. 
Differences between the two groups were tested using a 
two-tailed paired t-test, with statistical significance con-
sidered at p < 0.05.

Construction of DKC1 knockdown cell lines
Lentiviral transduction was used to generate DKC1 
knockdown in the WiDr cell line. For lentivirus produc-
tion, shRNA targeting DKC1 (shDKC1) plasmids and 
their control plasmids were purchased from IGEBIO 
(IGE Biotechnology Co., Ltd. Guangzhou. China). Next, 
plasmids were transfected into the 293  T cell line. The 
lentiviral supernatant was collected after filtration and 
added to the WiDr cell line along with polybrene. Stable 
cell lines were selected using puromycin.

Transcriptomic profiling for DKC1‑knockdown colorectal 
cancer cells
Total RNA was extracted using the Trizol reagent kit 
(Invitrogen, Carlsbad, CA, USA) according to the man-
ufacturer’s instructions. The RNA quality was assessed 
using an Agilent 2100 Bioanalyzer (Agilent Technolo-
gies, Palo Alto, CA, USA) and confirmed by RNase-free 
agarose gel electrophoresis. Following extraction, eukar-
yotic mRNA was selectively enriched with Oligo(dT) 
beads. The mRNA was enriched and then fragmented 
into short sequences using a fragmentation buffer. Sub-
sequently, it was reverse-transcribed into cDNA with the 



Page 15 of 18Gan et al. BMC Biology           (2025) 23:61 	

NEBNext Ultra RNA Library Prep Kit for Illumina (NEB 
#7530, New England Biolabs, Ipswich, MA, USA). The 
resulting double-stranded cDNA fragments were puri-
fied, end-repaired, had an A base added, and were ligated 
to Illumina sequencing adapters. This ligation product 
was purified with AMPure XP Beads (1.0X) and ampli-
fied using PCR. Finally, the cDNA library was sequenced 
on the Illumina NovaSeq 6000 (Repugene Technology, 
Hangzhou, China).

Association analysis of Psi Score and drug sensitivity
The Genomics of Drug Sensitivity in Cancer (GDSC) 
provides transcription profiles for approximately 1000 
cancer cell lines, drug response measurements, and tar-
gets/pathways of drugs [82]. The correlation between Psi 
Score and drug sensitivity was determined using Spear-
man correlation analysis and with a threshold of |Rs|> 0.3 
and P < 0.05 for significance. ICI therapy responses in 
patients were predicted by using the Tumor Immune 
Dysfunction and Exclusion (TIDE) algorithm [83].

Calculation of TME cell invasion abundance
We employed the CIBERSORT algorithm to quantify 
the relative abundance of 22 types of immune cells in 
colorectal cancer. The parameters used were as follows: 
our gene expression matrix served as the input mixture 
matrix, gene signature reference for 22 immune cell types 
was obtained from Newman et al. [84], permutation test 
was conducted 100 times, and RNA-seq data was used 
without quantile normalization, while microarray data 
was normalized using quantile normalization.

Statistical analysis
We employed Wilcoxon tests for non-normally distrib-
uted data and Student’s t-tests for normally distributed 
data to compare the two groups. The Kruskal–Wallis 
test was utilized to analyze non-normally distributed 
data from more than two groups. For statistical analysis 
comparing non-categorical values among more than two 
groups, the Cochran-Mantel–Haenszel test was used. 
Spearman correlation analysis was conducted to assess 
the correlations between two variables. In survival analy-
sis, the statistical significance of the Kaplan–Meier sur-
vival curve was determined using the log-rank test, with 
P < 0.05 considered statistically significant. All statistical 
analyses were performed using R (version 4.3.1).
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