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mechanisms of senescence within a large cohort of 
MM patients. Gene expression and clinical data from 
1416 MM patients were obtained from four GEO 
datasets (GSE24080, GSE4204, GSE57317, and 
GSE9782) and integrated into a unified database. 
The raw data were processed using MAS5 normaliza-
tion, scaling adjustments, and JetSet probe selection 
to ensure cross-platform comparability. A curated set 
of senescence-associated genes, the SenMayo gene 
signature, was employed for subsequent analyses. 
The final gene signature was computed as a weighted 
mean expression of 122 senescence-associated genes, 
with weights derived from univariate hazard ratios. 
Prognostic significance was evaluated using Cox 
regression, Kaplan–Meier survival analysis, and 

Abstract  Multiple myeloma (MM), an incurable 
malignancy of plasma cells, is predominantly an 
age-related disease, with the majority of cases occur-
ring in patients over the age of 60. Cellular senes-
cence, a fundamental biological process underlying 
aging, has been increasingly recognized for its criti-
cal role in developing age-related malignancies. In 
this study, we aimed to investigate the prognostic 
significance of genes implicated in the molecular 
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multivariate models incorporating clinical param-
eters such as gender, isotype, and molecular subtypes. 
False discovery rate (FDR) correction was applied 
to ensure the statistical robustness of findings. The 
weighted SenMayo gene signature strongly corre-
lated with overall survival in MM patients (HR = 0.6, 
95% CI = 0.47–0.76, p = 1.7e-05). The 75th percent 
probability of survival was reached at 36.1  months 
in the low-expression patient group, compared to 
57  months in the high-expression group. Independ-
ent validation in datasets with sufficient patient num-
bers confirmed the prognostic value of the SenMayo 
signature (GSE4204: HR = 0.58, 95% CI = 0.39–
0.88, p = 0.0089; GSE24080: HR = 0.61, 95% 
CI = 0.45–0.83, p = 0.0012; GSE57317: HR = 0.25, 
95% CI = 0.08–0.77, p = 0.0095). Multivariate analy-
ses further established the SenMayo signature as an 
independent prognostic factor, even when account-
ing for established clinical parameters such as sex 
and isotype. These findings underscore the robust-
ness and independence of the SenMayo gene sig-
nature as a predictor of overall survival in multiple 
myeloma. This signature provides clinically valuable 
insights into the role of cellular senescence in disease 
progression.

Keywords  Gene expression · Aging · Prognostic 
factors · Biomarkers

Introduction

Multiple myeloma (MM) is an age-related hemato-
logic malignancy characterized by the uncontrolled 
proliferation of plasma cells in the bone marrow, lead-
ing to immunodeficiency, bone destruction, and renal 

dysfunction [1]. MM represents a significant public 
health burden, accounting for approximately 1% of all 
cancers and 10% of hematologic malignancies world-
wide [2]. In 2022, an estimated 188,000 new multiple 
myeloma cases and 121,000 deaths occurred globally 
[3]. Incidence rates were among the highest in North-
ern America, exceeding 4 per 100,000 for both sexes 
combined, while mortality rates peaked at 1.8 per 
100,000 in regions such as Northern Europe [3]. Its 
incidence rises sharply with age, with the majority of 
diagnoses occurring in individuals over 60 years old 
[1]. The expanding elderly population has contributed 
to an increasing prevalence of MM, underscoring the 
need for improved prognostic biomarkers and targeted 
therapeutic strategies [1].

The field of geroscience, which investigates 
the molecular mechanisms of aging as fundamen-
tal drivers of age-related diseases, offers a valu-
able framework for understanding MM pathogen-
esis [4]. Advances in geroscience have shed light 
on the critical role of biological aging mechanisms 
in the development of age-related diseases, includ-
ing malignancies [1, 4]. Among these mechanisms, 
cellular senescence has emerged as a pivotal pro-
cess linking aging with tumorigenesis [5, 6]. Cellu-
lar senescence is a complex biological phenomenon 
that induces stable cell cycle arrest, accompanied 
by profound alterations in gene expression, secre-
tion of pro-inflammatory factors, and extracellular 
matrix-degrading enzymes known as the senescence-
associated secretory phenotype (SASP) [7–9], and 
metabolic reprogramming [10, 11]. Senescent cells 
accumulate in various tissues with age, contribut-
ing to chronic inflammation and a tumor-permissive 
microenvironment [11]. While cellular senescence 
initially functions as a tumor-suppressive mechanism 
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by preventing the uncontrolled proliferation of dam-
aged cells, its paradoxical role in fostering a pro-
inflammatory milieu and reshaping the tissue micro-
environment suggests that increased susceptibility to 
senescence may either suppress or facilitate tumor 
progression and metastasis [5, 12–17]. Recent stud-
ies have highlighted the role of senescence-associated 
genes in various malignancies, including solid tumors 
[18, 19]. These findings suggest that identifying 
senescence-related gene expression patterns may offer 
insights into MM biology and prognosis [20–23].

Given the growing interest in senolytic and seno-
static drugs, elucidating the role of senescence in 
MM could pave the way for new therapeutic strate-
gies to improve patient outcomes. In this study, we 
aimed to investigate the prognostic significance of a 
senescence gene signature in MM patients. We uti-
lized large-scale transcriptomic datasets and applied 
bioinformatics approaches to assess the association 
between senescence-related gene expression and 
overall survival. By leveraging the SenMayo gene sig-
nature, a curated set of senescence-associated genes 
validated across multiple tissues and species [24], 
we evaluated its prognostic potential in a cohort of 
1416 MM patients. Our analyses included univariate 
and multivariate survival assessments to determine 
whether this gene signature serves as an independ-
ent prognostic factor in MM. Our findings contribute 
to the expanding body of evidence supporting the 
role of cellular senescence in age-related malignan-
cies and highlight the potential of senescence-related 
biomarkers in prognostic stratification and treatment 
planning for MM patients.

Methods

Database selection and cohort identification

Transcriptome-level gene expression datasets for mul-
tiple myeloma were searched in the Gene Expression 
Omnibus (GEO) repository (https://​www.​ncbi.​nlm.​
nih.​gov/​geo/). Inclusion criteria required datasets to 
have at least 30 samples, include accompanying clini-
cal data, and utilize the Gene Expression Omnibus 
platforms GPL96, GPL570, or GPL571. These plat-
forms were specifically chosen due to their consistent 
measurement of 22,277 genes using identical probe 
sequences, ensuring uniform sensitivity, specificity, 

and dynamic range across all samples, aiming to min-
imize variability and maintain comparability across 
datasets.

Data preprocessing and quality control

The raw gene expression data underwent multi-step 
preprocessing and quality control to ensure consist-
ency and reliability. Each array was normalized using 
the MAS5 algorithm, which performs well compared 
to RT-PCR-validated expression values [25]. The 
method allows for independent normalization of indi-
vidual samples, ensuring that the inclusion or exclu-
sion of any sample does not affect the integrity of the 
remaining dataset.

Subsequently, a scaling normalization adjusted the 
mean expression of the 22,277 overlapping probes to 
a uniform value of 1000 across all arrays, effectively 
reducing batch effects and ensuring comparability 
across datasets. Only probes in the GPL96 platform 
were used to maintain consistency, avoiding platform-
specific biases introduced by the additional probes in 
GPL570 arrays [26].

The most reliable probe set for each gene was iden-
tified using the JetSet algorithm to refine the dataset 
further. Redundant samples characterized by identical 
expression values were removed, with only the first 
occurrence retained. Comprehensive quality control 
checks assessed background signal intensity, noise 
levels, and the percentage of present calls to evaluate 
signal reliability. Experimental consistency was mon-
itored by detecting bioBCD spikes, while the 3′/5′ 
ratios of housekeeping genes GAPDH and ACTB 
were examined to ensure RNA integrity and sample 
quality. Samples that met all quality control criteria or 
fell within the 95% confidence interval for continuous 
variables were retained. Outliers, defined as samples 
failing one or more parameters, were excluded from 
further analyses. This robust preprocessing frame-
work ensured high-quality, unbiased data for down-
stream analyses [27].

Senescence signature and gene selection

To investigate the role of cellular senescence in 
multiple myeloma, we utilized the SenMayo gene 
set, a curated collection of senescence-associated 
genes validated across diverse tissues and species. 
The signature, initially established by Saul et  al., 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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encompasses genes consistently enriched in senes-
cent cells and represents key pathways involved in 
the senescence program, including cell cycle arrest, 
senescence-associated secretory phenotype (SASP), 
DNA damage response, and mitochondrial dysfunc-
tion [24]. Each gene in the SenMayo set was mapped 
to its most reliable probe on the GPL96 platform 
using the JetSet algorithm to ensure accurate and 
specific expression measurements. Of the 125 genes 
in the original SenMayo-gene list, 122 were identi-
fied among the array probes; hence, all subsequent 
analyses were conducted on the selected 122 genes 
(Supplemental Table  1). The senescence signature 
was calculated as the weighted average expression 
of all included genes, with weights derived from uni-
variate hazard ratios (HRs). Genes with HR > 1 were 
assigned a negative weight, reflecting their asso-
ciation with increased risk, while genes with HR < 1 
received positive weights, indicating a protective role. 
This weighted approach allowed for a precise evalu-
ation of the prognostic impact of senescence-associ-
ated pathways.

Univariate survival analysis

Univariate Cox regression analysis was conducted 
to assess the prognostic significance of the Sen-
Mayo gene signature on overall survival (OS). The 
Kaplan–Meier plotter was utilized to analyze the 
association between gene expression and survival 
[28, 29]. The analysis encompassed the entire range 
of expression levels between the lower and upper 
quartiles to minimize potential bias from specific 
cutoff values. Then, false discovery rate (FDR) was 
controlled using the Benjamini–Hochberg method 
to account for multiple hypothesis testing [30, 31]. 
Kaplan–Meier survival plots were generated based 
on the identified optimal cutoffs, which visually rep-
resented the impact of gene expression on survival 
outcomes.

Multivariate analysis

A multivariate Cox regression analysis was conducted 
to evaluate the combined effect of the senescence sig-
nature and key clinical parameters, including gender, 
isotypes, and molecular subgroups. Each analysis was 
performed as a paired model (e.g., the expression 
of the mean senescence signature and gender or the 

senescence signature and isotype in a single model) 
to reduce the influence of missing data within the 
clinical datasets.

Results

Database setup

The comprehensive, integrated myeloma database 
includes 1416 tumor samples with available over-
all survival and transcriptome-level gene expression 
data derived from four primary datasets: GSE24080 
(n = 559), GSE4204 (n = 538), GSE57317 (n = 55), 
and GSE9782 (n = 264). These datasets utilized two 
microarray platforms: GPL570 (1152 patients) and 
GPL96 (264 patients). While overall survival data 
were available for all patients, not all clinical param-
eters were consistently recorded. At the time of the 
last follow-up, 983 patients were alive, with a median 
overall survival of 30  months (0.1–269  months). 
Relapse status was documented for 801 patients, with 
44.6% experiencing a relapse.

Age data were available for 823 patients, with 
a mean age of 58.2  years (range, 24.8–86), similar 
between sexes (58.3  years in males and 57.9  years 
in females). Most patients were White, and 1.6% of 
patients were identified as African American. The 
integrated patient cohort was further stratified into 
four isotypes (Free Light Chain, Immunoglobulin 
A, Immunoglobulin G, and Light Chain) and eight 
molecular subgroups (CD1, CD2, HY, LB, MF, MS, 
MY, and PR) [32, 33]. Of the entire cohort, 38% of 
patients were previously untreated. Treatments for 
myeloma included dexamethasone, TT2, TT3, TT6, 
and bortezomib (PS341). The integrated myeloma 
dataset’s detailed demographic and clinical character-
istics are presented in Table 1.

Univariate survival analysis

We assessed the link between the weighted mean 
expression of the SenMayo gene signature, as 
described in the “Methods” section, and overall 
survival in multiple myeloma patients. The fol-
low-up period for overall survival was censored at 
120 months in all survival analyses. We identified a 
strong association with overall survival (HR = 0.6, 
95% CI = 0.47–0.76, p = 1.7e-05; depicted in 
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Fig. 1A), with a false discovery rate under 1%. The 
robustness of the SenMayo signature was evaluated 
across various cutoff values. The lowest p-value, 
highlighted with a red circle, was used to determine 
the optimal cutoff for gene expression stratification 
(Fig.  1B). In the low-expression patient group, the 
75th percent probability of survival was 36.1 months. 
In contrast, it was 57 months in the high-expression 
group, demonstrating a significantly prolonged 
survival.

Associations across independent datasets

To evaluate the overall prognostic value of the estab-
lished senescence signature, we also conducted separate 
analyses in each dataset with sufficient patient numbers 
and available follow-up data. The weighted mean senes-
cence signature demonstrated a significant association 
with survival in three independent datasets meeting our 
criteria (GSE4204, HR = 0.58, 95% CI = 0.39–0.88, 
p = 0.0089; GSE24080, HR = 0.61, 95% CI = 0.45–0.83, 

Table 1   Demographic and 
clinical characteristics of 
multiple myeloma patients 
in the integrated database. 
All percentages were 
calculated as the portion 
of the total number of 
patients (n = 1416). Not 
all data were available for 
all patients. Molecular 
subtypes: CD1 — cases 
with IgH translocations 
activating CCND1 or 
CCND3; CD2 — IgH 
translocations activating 
CCND1 or CCND3, and 
the expression of the early 
B-cell markers CD20 and 
PAX5; HY, hyperdiploid 
subgroup; LB, low bone 
disease subgroup; MF — 
increased expression of 
c-MAF or MAFB; MS — 
upregulation of FGFR3 
and/or MMSET; MY, 
myeloid-like subgroup; PR, 
proliferation subgroup [32]. 
Abbreviations: Isotypes: 
FLC, Free Light Chain; 
IGA, Immunoglobulin A; 
IGG, Immunoglobulin G; 
Light Chain, monoclonal 
light chains without 
accompanying heavy chains

Feature n (%)

Included datasets 4
Total number of patients 1416
Survival

Median follow up 30 months
Number of patients with an event 433 (30.6%)

Age (years) 58.2 (± 9.8)
Sex

Male 496 (35%)
Female 327 (23%)
No data 593 (42%)

Race
White 726 (51.2%)
African American 22 (1.6%)
No data 668 (47.2%)

Isotype
FLC 84 (5.9%)
IGA 187 (13.2%)
IGG 463 (32.7%)
Light Chain 51 (3.6%)

Molecular subtypes
CD1 33 (2.3%)
CD2 73 (5.2%)
HY 127 (9%)
LB 64 (4.5%)
MF 39 (2.8%)
MS 70 (4.9%)
MY 127 9%)
PR 60 (4.2%)

Treatment type
Dexamethasone 76 (5.3%)
Total Therapy 2 (TT2) 345 (24.4%)
Total Therapy 3 (TT3) 214 (15.1%)
PS341 (bortezomib) 188 (13.3%)
Total Therapy 6 (TT6) 55 (3.9%)
Previously untreated 538 (38%)
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p = 0.0012; GSE57317, HR = 0.25, 95% CI = 0.08–0.77, 
p = 0.0095). In all three datasets, higher expression of 
the senescence gene signature was associated with 
worse overall survival outcomes. These findings indi-
cate that the integrated signature exhibits a consistent 
and reproducible association with survival, regardless 
of the dataset used. Kaplan–Meier survival curves for 
each dataset are shown in Fig. 2.

Multivariate survival analysis

To increase the sample size for multivariate analysis, 
we assessed the mean expression of the senescence-
associated gene signature in combination with each 
available clinical parameter (sex, isotype, and molec-
ular subtype) using separate models. The senescence 
signature demonstrated significant prognostic value 
when paired with isotype (p = 5.3e-13), which was 
also independently significant (p for isotype = 2.1e-
04). While sex itself did not reach significance 
(p > 0.1), the senescence signature remained highly 
significant in this context (p = 1.8e-12). Of note, 

neither the molecular subtype nor the senescence sig-
nature achieves statistical significance when paired in 
a multivariate analysis. This outcome is likely attribut-
able to the limited sample sizes within the molecular 
subgroups, which included only 6 to 27 non-censored 
patients with available survival data per subgroup. 
Such small cohorts are insufficient for a robust com-
parison between groups stratified by the senescence 
signature. Nevertheless, these findings suggest that the 
impact of the senescence signature may vary across 
molecular subtypes, warranting further investigation 
in a larger patient cohort. Overall, these findings indi-
cate that the senescence signature retains its prognos-
tic power when analyzed alongside specific clinical 
parameters, particularly isotype and sex.

Discussion

Our study provides compelling evidence that the Sen-
Mayo senescence gene signature [24] is a significant 
prognostic factor in MM. The findings suggest that 

Fig. 1   Prognostic significance of the SenMayo senescence 
gene signature in multiple myeloma. A Kaplan–Meier survival 
analysis demonstrates the association between the SenMayo 
gene signature and overall survival. Patients were stratified into 
low- and high-expression groups based on the weighted mean 

expression of 122 senescence-associated genes. B The robust-
ness of the SenMayo signature was evaluated across various 
cutoff values. The optimal cutoff for survival stratification was 
identified at the point corresponding to the lowest p-value, as 
indicated by the red circle
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the senescence-associated gene expression profile is 
linked to disease progression and overall survival. By 
leveraging a large cohort of MM patients and employ-
ing robust bioinformatics analyses, we demonstrated 
that higher expression of senescence-associated genes 
correlates with improved survival outcomes. These 
results align with previous research underscoring the 
dual role of senescence in tumorigenesis, highlighting 
its tumor-suppressive and tumor-promoting effects 
depending on the cellular context [6, 11].

One of the key takeaways from our study is the 
complex interplay between senescence and MM pro-
gression. We assume that the higher mRNA expres-
sion of senescence-related genes reflects an increased 
presence of senescent cells in the MM samples. 
However, there is evidence that different cell types 
are affected by senescence in MM, further compli-
cating the role of senescence in disease progression. 
While senescence limits the unchecked proliferation 
of malignant cells, SASP factors can contribute to 

Fig. 2   The association between overall survival and the senes-
cence-derived gene signature remains significant when analyz-
ing the prognostic power in three separate datasets. Note that 

because one dataset did not have sufficient cases for separate 
analysis, the total sample number does not equal the total sam-
ple number in Fig. 1. HR = hazard rate
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a pro-inflammatory and immunosuppressive tumor 
microenvironment, potentially fostering disease pro-
gression [6, 11]. This dichotomy underscores the need 
for therapeutic strategies that selectively eliminate 
harmful senescent cells while preserving their tumor-
suppressive properties. Senolytic and senostatic 
therapies have emerged as promising interventions, 
potentially mitigating the adverse effects of SASP 
while harnessing the protective aspects of senes-
cence-induced growth arrest [34, 35]. Interestingly, 
while SenMayo expression was associated with dif-
ferences in survival, it remains unclear whether this 
reflects variations in chemotherapy tolerance among 
these patients. Given that elderly MM patients often 
face treatment limitations due to frailty and comor-
bidities, it is possible that those with a high SenMayo 
signature possess better-preserved cellular resilience, 
enabling more effective chemotherapy administration. 
Future studies incorporating detailed treatment adher-
ence and toxicity data will be essential to further 
investigate this possibility.

Beyond intrinsic senescence in MM cells, addi-
tional layers of complexity arise from therapy-
induced senescence [36, 37], stromal senescence 
[23], and the senescence of other cell types within 
the tumor microenvironment [38]. Therapy-induced 
senescence, triggered by chemotherapeutic agents, 
can contribute to long-term treatment resistance by 
promoting the survival of senescent tumor cells that 
evade apoptosis. Similarly, senescence in the bone 
marrow stromal niche may play a critical role in shap-
ing MM progression by modulating the supportive 
microenvironment that fosters plasma cell survival 
[22, 23]. Additionally, senescence of immune cells, 
including macrophages and T cells [39], could further 
impair anti-tumor immune responses, contributing to 
immune evasion and MM persistence.

MM is a highly heterogeneous disease that can be 
classified into distinct molecular subtypes based on 
genomic alterations, including chromosomal translo-
cations, deletions, and copy number variations [40]. 
These alterations drive differential gene expression 
patterns, resulting in distinct biological pathways 
that may influence disease progression and treat-
ment response. Molecular subtypes of MM, defined 
by cytogenetic abnormalities and transcriptomic pro-
files, include hyperdiploid MM, translocation-driven 
subtypes (such as t(4;14), t(11;14), and t(14;16)), 
and subgroups characterized by deletions (such as 

del(17p)). These molecular variations suggest that 
different MM subtypes may exhibit distinct pathways 
of tumorigenesis and differential interactions with 
senescence-associated processes. Given the substan-
tial molecular heterogeneity of MM [41], it is likely 
that distinct molecular subtypes exhibit divergent 
senescence-associated pathways, potentially affect-
ing their responses to therapy and disease progres-
sion. Despite this heterogeneity, our analysis did not 
reveal a statistically significant differential effect of 
SenMayo gene expression on survival across MM 
molecular subtypes. This may be due to the relatively 
small sample sizes within individual subtypes, limit-
ing our ability to detect subtype-specific senescence-
related survival differences. Future studies with larger 
cohorts and integrative multi-omics approaches could 
further elucidate how senescence-related pathways 
differentially influence MM progression in distinct 
molecular subtypes.

Our findings also have significant clinical impli-
cations. The ability to stratify MM patients based on 
senescence-associated gene expression could enable 
more precise prognostic assessments and inform per-
sonalized treatment strategies. Incorporating markers of 
senescence burden into existing prognostic models may 
improve risk stratification and guide therapeutic deci-
sion-making. Additionally, the identification of specific 
senescence-related pathways implicated in MM pro-
gression may open avenues for targeted interventions.

Senolytic treatments, which selectively target and 
eliminate senescent cells, have garnered significant 
interest in cancer therapy [42]. Notably, senescent 
cells exhibit heightened sensitivity to Bcl-2 inhibi-
tors, a class of drugs that includes venetoclax [43–46]. 
Venetoclax has demonstrated remarkable efficacy in 
MM, particularly in patients harboring specific genetic 
subtypes such as the t(11;14) [47–49] and t(6;14) [50] 
translocations, which are associated with elevated 
Bcl-2 expression [51–53]. The landmark BELLINI 
study highlighted venetoclax’s ability to improve pro-
gression-free survival when used in combination with 
standard MM therapies [49]. However, its therapeutic 
benefit varies significantly across different molecu-
lar subtypes, underscoring the need to refine patient 
selection strategies to maximize efficacy. A compre-
hensive understanding of the interplay between senes-
cence, Bcl-2 dependency, and molecular heterogeneity 
in MM is essential for optimizing senolytic therapies 
and tailoring effective treatment strategies. Given that 
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distinct MM subtypes exhibit marked differences in 
sensitivity to Bcl-2 inhibitors, further investigations 
are needed to elucidate the mechanisms underlying 
this variability. Additionally, exploring the interplay 
between therapy-induced senescence and Bcl-2-tar-
geted therapies may reveal novel strategies to enhance 
treatment efficacy. Future studies should also assess 
the potential of combining novel senolytic agents with 
existing MM treatment regimens to selectively elimi-
nate senescent tumor cells while preserving immune 
function and minimizing adverse effects.

The SASP is a key mechanism through which 
senescent cells influence the tumor microenvironment 
[23, 38]. SASP factors include pro-inflammatory 
cytokines, chemokines, growth factors, and matrix-
degrading enzymes, which can promote chronic 
inflammation, extracellular matrix remodeling, and 
immune suppression [54–57]. In MM, the bone mar-
row microenvironment plays a critical role in sus-
taining malignant plasma cells, and the presence of 
SASP-expressing senescent cells may further exac-
erbate disease progression by enhancing stromal sup-
port and suppressing anti-tumor immune responses 
[54–57]. While our study did not directly investigate 
SASP composition in MM, our findings underscore 
the importance of further research into the role of 
SASP-driven signaling pathways in MM pathophysi-
ology. Targeting SASP components, in combination 
with senolytic therapies, may represent a novel strat-
egy to disrupt the tumor-supportive microenviron-
ment and improve patient outcomes.

These findings highlight several important direc-
tions for future research. A deeper understanding of the 
molecular mechanisms governing senescence in MM, 
particularly in the context of therapy-induced senescence 
and stromal senescence, will be essential for developing 
more effective therapeutic strategies. Investigating how 
senescence influences treatment response and resistance 
across MM subtypes may reveal novel therapeutic vul-
nerabilities. Moreover, exploring senescence-associated 
immune modulation could uncover new avenues for 
enhancing immune-based therapies in MM.

Despite the strengths of our study, several limita-
tions warrant consideration. As our study is based 
on retrospective transcriptomic analyses, prospec-
tive validation in independent MM cohorts is nec-
essary to confirm the robustness of our findings. 
Additionally, experimental studies evaluating the 
functional role of senescence-related genes in MM 

progression could provide mechanistic insights into 
their prognostic significance. Incorporating senes-
cence biomarkers into clinical decision-making may 
improve patient stratification and refine therapeutic 
approaches in MM. Due to the lack of correspond-
ing clinical data, we were unable to directly assess 
the correlation between SenMayo expression and 
patient age. However, prior studies have demon-
strated that cellular senescence and the expression 
of senescence-associated genes generally increase 
with aging [58–60]. Future research with compre-
hensive age-related datasets would be valuable in 
further elucidating the relationship between age and 
the SenMayo signature in MM.

In conclusion, our study underscores the prognos-
tic significance of the SenMayo senescence gene sig-
nature in MM and emphasizes the need for a nuanced 
approach to targeting senescence in MM therapy. 
While higher senescence-associated gene expression 
appears to confer a survival advantage, the broader 
implications of senescence in MM remain complex 
and multifaceted. Future investigations should focus 
on elucidating the differential roles of senescence 
across MM molecular subtypes, the impact of ther-
apy-induced and stromal senescence, and the devel-
opment of senescence-modulating therapeutic inter-
ventions to improve patient outcomes.
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