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A SenMayo-Related IncRNA Signature Predicts Prognosis and
Reveals Molecular Characteristics in Hepatocellular Carcinoma
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ABSTRACT

Background: Cellular senescence and long non-coding RNAs (IncRNAs) have been demonstrated to play complex
roles in the tumorigenesis and progression of hepatocellular carcinoma (HCC). This study aimed to establish a
senescence-related IncRNA signature for predicting the prognosis of HCC patients and to identify potential bio-
markers and therapeutic targets.

Methods: High-throughput sequencing and clinical data for HCC were obtained from The Cancer Genome Atlas
(TCGA). A total of 125 SenMayo genes were compiled, and SenMayo-related IncRNAs (SM-IncRNAs) were iden-
tified using Pearson’s correlation analysis. HCC patients were subsequently classified via consensus clustering,
and Kaplan-Meier survival analysis was performed to evaluate differences between subgroups. An SM-IncRNA
signature was constructed using LASSO-Cox regression, and its prognostic performance was assessed through
Kaplan-Meier analysis and receiver operating characteristic (ROC) curves. Furthermore, differences in biological
pathway enrichment, immune-related functions, and somatic mutation profiles were compared between high- and
low-risk groups. Finally, a nomogram was developed using Cox proportional hazards regression (RMS R pack-
age) to predict 1-, 3-, and 5-year overall survival in HCC patients.

Results: A total of 366 HCC patients were included from TCGA-LIHC. Pearson’s correlation analysis identified
1,450 SM-IncRNAs (r > 0.4). LASSO-Cox regression further selected four SM-IncRNAs (TMCC1-AS1, AC0113-
37.1, AC010996.1, and AC009005.1) to construct a risk model, with high-risk (HR) patients exhibiting significant-
ly lower survival than low-risk (LR) patients. The model demonstrated robust predictive performance, with ROC
AUC:s of 0.78, 0.75, and 0.70 at 1, 3, and 5 years in the training set; 0.74, 0.69, and 0.60 in the validation set; and
0.76, 0.70, and 0.65 overall. Multivariate Cox analysis identified the risk score and AJCC stage as independent
prognostic factors. The survival nomogram achieved an AUC of 0.82 for 1-year survival, with calibration curves
confirming its predictive accuracy.

Conclusions: This study established a 4-SenMayo-related IncRNA prognostic signature for HCC, demonstrating
strong predictive performance and independent prognostic value alongside AJCC stage. The corresponding no-
mogram (1-year AUC = 0.82) further improved prognostic accuracy, offering a novel tool for HCC risk stratifica-
tion and potential guidance for biomarker discovery.
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INTRODUCTION

Hepatocellular carcinoma (HCC) is the sixth most com-
mon cancer and the third leading cause of cancer-related
death worldwide [1], with over 50% of global HCC-re-
lated deaths occurring in China. Despite substantial ad-
vances in HCC treatment, patients continue to experi-
ence high post-surgical recurrence and low overall sur-
vival, largely due to the lack of accurate diagnostic and
prognostic biomarkers.

Cellular senescence, defined as the permanent cessation
of the cell proliferation cycle, plays a central role in or-
ganismal aging and disease progression, including em-
bryogenesis, tissue remodeling, diabetes, and cancer [2].
The relationship between senescence and cancer is com-
plex. On the one hand, senescent cells lose proliferative
capacity, thereby inactivating and ultimately eliminating
diseased or defective cells [3]; on the other hand, they
secrete a variety of factors through the senescence-asso-
ciated secretory phenotype (SASP). SASP components
can disrupt the extracellular matrix and promote tumor
invasion and metastasis by elevating local levels of cy-
tokines, chemokines, matrix metalloproteinases, and
other proteins [4,5]. Collectively, these findings indicate
that cellular senescence is closely linked to tumor initia-
tion and progression. Recently, a novel senescence gene
set, SenMayo, has been developed. This gene set iden-
tifies cells with high expression of senescence/SASP
genes and overcomes the limitations of transcription-
based senescent cell detection at the single-cell level
[6].

Emerging evidence highlights that senescence-related
long non-coding RNAs (IncRNAs) play pivotal roles in
the direct or indirect regulation of oncogenes [3]. For
instance, IncRNA HEIH inhibits ovarian cancer cell
senescence via the miR-3619-5p/CTTNBIP2 axis [7];
IncRNA MIAT suppresses breast cancer cell senescence
by modulating p53 activity [8]; IncRNA PINT87aa
induces HCC cell senescence through inhibition of
FOXM1-mediated PHB2 [9]; and IncRNA HI9 has
been identified as a key regulator of cellular senescence
and prostate cancer-related pathways [10]. These
studies underscore the critical role of senescence-related
IncRNAs in tumorigenesis and suggest their potential as
biomarkers or therapeutic targets in cancer. According-
ly, this study aimed to develop a novel senescence-asso-
ciated IncRNA model for predicting prognosis in HCC
patients.

MATERIALS AND METHODS

Data acquisition and identification of SenMayo-re-
lated IncRNAs (SM-IncRNAs)

High-throughput sequencing data and clinical informa-
tion for HCC patients were obtained from The Cancer
Genome Atlas (TCGA), including gender, age, AJCC
stage, tumor grade, survival time, and survival status. A
total of 125 SenMayo genes were retrieved from a pre-
viously published study by Dominik Saul et al [6]. Dif-
ferentially expressed genes (DEGs) between HCC and
normal tissues were identified using the limma R pack-
age, with [logFC| > 1 and p < 0.05 considered statistical-
ly significant.

Pearson’s correlation analysis was performed between
the differentially expressed SenMayo genes and Inc-
RNAs. LncRNAs with a correlation coefficient > 0.4
and p < 0.0001 in relation to SenMayo genes were de-
fined as SenMayo-related IncRNAs (SM-IncRNAs).
Based on SM-IncRNA expression profiles, consensus
clustering analysis was conducted to stratify HCC pa-
tients into distinct subgroups. Kaplan-Meier survival
analysis was subsequently performed to evaluate differ-
ences in overall survival among these subgroups.

Construction and validation of a four-SM-IncRNA
prognostic signature in HCC

HCC patients were randomly divided into training and
validation sets at a 1:1 ratio using the caret R package.
To reduce the dimensionality of SM-IncRNA variables,
LASSO-Cox regression was performed on the training
set. The risk score for each patient was calculated based
on the expression levels of candidate SM-IncRNAs and
their corresponding coefficients in the optimal model
(determined by A_minute).

Patients in both the training and validation cohorts were
stratified into high-risk (HR) and low-risk (LR) groups
according to the median risk score of the training set.
Survival differences between the two groups were as-
sessed using Kaplan-Meier analysis, and the predictive
performance of the SM-IncRNA signature was evalu-
ated with receiver operating characteristic (ROC) cur-
ves.

Clinical relevance of the SM-IncRNA prognostic
signature

To investigate the relationship between the SM-IncRNA
signature and clinical features in HCC patients, pre-cal-
culated risk scores were used to stratify patients into
high-risk and low-risk groups. These groups were fur-
ther analyzed according to key clinical characteristics,
including age, gender, tumor grade, and AJCC stage
(Stage I vs. Stage II vs. Stage III-1V).

Transcriptomic, mutational, and immune profiling
of high- and low-risk HCC patients

DEGs between HR and LR groups in the training set
were identified using the limma R package, with [logFC|
> 1 and p < 0.05 considered statistically significant.
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Functional enrichment analyses, including Gene Ontol-
ogy (GO) biological process analysis and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway anal-
ysis, were performed using the clusterProfiler R pack-
age to explore the biological functions and pathways as-
sociated with these DEGs. To validate the enrichment
results, Gene Set Variation Analysis (GSVA) was con-
ducted using the GSVA R package.

Somatic mutation data of HCC patients from TCGA
were stratified into HR and LR groups according to the
SM-IncRNA signature. Mutation types and frequencies
of key genes were summarized, and differences in mu-
tational patterns between the two groups were com-
pared.

To assess the immune landscape, the CIBERSORT al-
gorithm was applied to RNA-seq data to estimate the re-
lative proportions of immune cell subsets in HR and LR
groups, and differences in immune cell infiltration were
analyzed. Additionally, the ESTIMATE algorithm was
used to calculate stromal, immune, and ESTIMATE
scores for each patient, and differences between HR and
LR groups were compared to evaluate consistency with
CIBERSORT-derived immune infiltration results.

Integrated nomogram for individualized survival
prediction in HCC

Cox proportional hazards regression was used to evalu-
ate the prognostic significance of the SM-IncRNA risk
score and clinical variables. A nomogram was con-
structed with the rms R package to predict 1-, 3-, and 5-
year overall survival, integrating individual factor
scores into a total score to estimate patient-specific sur-
vival probabilities. Nomogram performance was asses-
sed via calibration curves and the concordance index
(C-index).

RESULTS

Identification and clustering of SenMayo-related
IncRNAs in HCC

A total of 366 HCC patients were included from the
TCGA-LIHC cohort. Differential expression analysis of
125 SenMayo genes identified 50 genes with significant
expression changes between tumor and adjacent normal
tissues (|log2FC| > 1, p < 0.05), comprising 15 upregu-
lated and 35 downregulated genes (Figure 1A). Pear-
son’s correlation analysis revealed 1,450 SenMayo-re-
lated IncRNAs (SM-IncRNAs) with a correlation coeffi-
cient r > 0.4 (Figure 1B). Consensus clustering based on
SM-IncRNA expression stratified the 366 patients into
two distinct subgroups (Figure 1C), and Kaplan-Meier
survival analysis demonstrated significant differences in
overall survival between these subgroups (p = 0.039;
Figure 1D).

Clin. Lab. 11/2026

Construction and validation of a four-SM-IncRNA
prognostic signature in HCC

HCC patients were randomly divided into training and
validation cohorts at a 1:1 ratio. LASSO-Cox regression
analysis in the training set identified four SM-IncRNAs
(AC009005.1, TMCC1-AS1, AC011337.1, and ACO10-
996.1) to construct the risk model (Figure 2A), with the
risk score calculated as follows: Risk score = (AC009-
005.1 x 0.1046) + (TMCC1-AS1 x 0.5838) + (ACO0113-
37.1 x 0.0821) + (AC010996.1 x 0.6876).

Patients were stratified into HR and LR groups based on
the median risk score of the training set. Heatmap anal-
ysis demonstrated a positive correlation between the ex-
pression of these four SM-IncRNAs and the risk score
(Figure 2B). Kaplan—Meier survival analysis (Figure
2C) revealed significantly poorer overall survival in the
HR group compared with the LR group across the train-
ing set (p = 0.00089), validation set (p = 0.013), and the
combined cohort (p < 0.0001). ROC curves indicated
robust predictive performance for 1-, 3-, and 5-year sur-
vival, with AUCs of 0.78, 0.75, and 0.70 in the training
set; 0.74, 0.69, and 0.60 in the validation set; and 0.76,
0.70, and 0.65 in the overall cohort (Figure 2D).

Clinical relevance of the SM-IncRNA prognostic sig-
nature

To explore the relationship between the SM-IncRNA
signature and clinical characteristics of HCC, risk
scores were compared across different patient sub-
groups (Figure 3A - 3B). No significant differences in
risk scores were observed with respect to gender (train-
ing set: p = 0.029; validation set: p = 0.9) or age (train-
ing set: p = 0.91; validation set: p = 0.08). In contrast,
clear associations were observed for tumor grade and
AJCC stage. Patients with high-grade tumors (G3+G4)
exhibited significantly higher risk scores than those
with low-grade tumors (G1+G2) (training set: p =
0.00097; validation set: p = 7.3 x 107). Similarly, pa-
tients with advanced AJCC stage (III+IV) showed
markedly higher risk scores compared with Stage I pa-
tients (training set: p = 0.00088; validation set: p =
0.0083).

Transcriptomic, mutational, and immune profiling
of high- and low-risk HCC patients

Between the high-risk (HR) and low-risk (LR) groups,
328 genes were upregulated and 344 genes were dow-
nregulated (|logFC| > 1, p < 0.05). GO enrichment anal-
ysis revealed that these DEGs were primarily associated
with nuclear division, chromosome segregation, and re-
lated processes (Figure 4A). KEGG pathway analysis
highlighted enrichment in the cell cycle (hsa04110) and
oocyte meiosis (hsa04114) pathways (Figure 4B).
GSVA further demonstrated elevated activities of
double-strand break repair, C-5 methylation, and DNA
replication in HR tissues (Figure 4C).

Figure 5 presents the somatic mutation landscape of
HCC patients. Core genes such as TP53, CTNNBI, and
TTN were frequently mutated (Figure 5A), predomi-
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Figure 1. Characterization of SenMayo-related IncRNAs (SM-IncRNAs).

A: Differential expression analysis of 125 SenMayo genes in patients with HCC. B: Expression landscape of SM-IncRNAs in HCC. C: Con-
sensus clustering of HCC patients based on SM-IncRNA expression profiles. D: Kaplan-Meier survival analysis of SM-IncRNA defined sub-
types in the HCC cohort.
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Figure 2. SM-IncRNA risk signature for predicting HCC prognosis.

A: LASSO-Cox regression analysis of SM-IncRNAs. B: Distribution of SM-IncRNA-based risk scores across HCC subgroups. C: Kaplan-
Meier survival curves comparing high- and low-risk groups in the training, validation, and overall sets. D: ROC curves for 1-, 3-, and 5-year
overall survival prediction in the training, validation, and overall sets.

nantly via missense mutations, in the training set (Fig-
ures 5B). Notably, mutation patterns differed between
HR and LR subgroups, with TP53 mutations signifi-
cantly enriched in the HR group across the training set
(Figure 5C).
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CIBERSORT analysis indicated that macrophages were
the most abundant immune cell population in HCC, fol-
lowed by T cells (Figure 6A), with no significant differ-
ences in immune cell proportions between HR and LR
groups in the training set (Figure 6B). ESTIMATE anal-
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Figure 3. Association between the risk score and clinical characteristics.

A, B: Boxplots with jitter showing the distribution of risk scores across gender, age, tumor grade, and pathological stage in the training (A)

and validation (B) sets.
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A, B: GO (A) and KEGG (B) pathway enrichment analyses of differentially expressed genes between high- and low-risk groups. C: GSVA-
based functional enrichment analysis comparing pathway activity between high- and low-risk groups.
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Figure 6. Tumor microenvironment profiles across risk subgroups.

A: Relative abundances of 20 immune cell types estimated using the CIBERSORT algorithm in the training set. B: The proportions of
infiltrating immune cells did not differ significantly between the HR and LR subgroups in the training cohort. C: Stromal, immune, and
overall ESTIMATE scores of HCC tissues (upper panel: training cohort; lower panel: validation cohort) calculated using the ESTIMATE
algorithm.
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ysis (Figure 6C) showed that HR tumors had lower
stromal and overall ESTIMATE scores, indicating
higher tumor purity, while immune scores were similar
between the HR and LR groups, consistent with the
CIBERSORT results. Collectively, these results suggest
that HCC risk is more closely associated with tumor pu-
rity rather than differences in immune cell infiltration.

Integrated nomogram for individualized survival
prediction in HCC

Multivariate Cox regression analysis revealed that the
SM-IncRNA risk score and AJCC stage were indepen-
dent prognostic factors for HCC in both the training and
validation cohorts (Figure 7A). A nomogram integrating
these two variables was developed to predict 1-, 3-, and
5-year overall survival (Figure 7B). The nomogram
demonstrated strong predictive performance, with 1-
year AUCs of 0.82 in the training set and 0.74 in the
validation set, outperforming models based on risk
score or AJCC stage alone (Figure 7C). Calibration cur-
ves for 1-, 3-, and 5-year survival showed excellent
agreement between predicted and observed outcomes
(Figure 7D). Collectively, these findings indicate that
the integrated nomogram provides a reliable tool for in-
dividualized prognosis prediction in HCC patients.

DISCUSSION

HCC remains a major health burden due to its high
morbidity and mortality. The development of novel,
precise predictive biomarkers or models is essential for
improving patient prognosis. In this study, we estab-
lished a senescence-related IncRNA (SM-IncRNA)
prognostic model using TCGA data, comprising four
SM-IncRNAs significantly associated with HCC initia-
tion and progression. We further developed a nomo-
gram integrating the risk score and AJCC stage - both
identified as independent prognostic factors - to provide
a visual tool for individualized outcome prediction. Ad-
ditionally, somatic mutations were correlated with poor
prognosis, whereas no significant association was ob-
served between immune cell infiltration and patient out-
comes in this cohort. Collectively, these findings high-
light the potential of combining molecular biomarkers
with clinical variables to enhance the accuracy of prog-
nostic models in HCC.

Emerging evidence highlights the pivotal role of long
non-coding RNAs (IncRNAs) in tumorigenesis and can-
cer progression [11-13]. By interacting with DNA,
RNA, or proteins - or even encoding small peptides -
IncRNAs regulate key cellular processes, including pro-
liferation, apoptosis evasion, angiogenesis, and acquisi-
tion of invasive potential [14]. Integrative analyses of
multiple datasets identified 74 dysregulated IncRNAs in
hepatocellular carcinoma (HCC) and clarified their
mechanistic roles in hepatocarcinogenesis [15]. For ex-
ample, Xu et al. reported that AK001796 promotes
HCC cell proliferation by enhancing phospho-ERK1/2
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and AKT signaling through the miR-150/GAB1 axis
[16], whereas LINC02428 functions as a tumor suppres-
sor by disrupting the KDM5B/IGF2BP1 positive feed-
back loop implicated in HCC development [17]. In par-
allel, cellular senescence, particularly via the sense-
cence-associated secretory phenotype (SASP) that re-
leases cytokines and growth factors, also contributes to
tumor initiation and progression [18,19]. Collectively,
these findings underscore the intricate interplay among
IncRNAs, cellular senescence, and HCC pathogenesis.
Recently, several studies have developed risk signatures
to predict HCC prognosis based on transcriptomic pro-
files of senescence-related genes [3,4,20]. In contrast to
these prior efforts, we employed a novel and previously
unreported senescence gene set, SenMayo [6]. In this
study, 125 SenMayo genes were retrieved from a pub-
lished dataset by Dominik Saul et al., and a total of
1,450 senescence-associated prognostic IncRNAs were
analyzed using data from The Cancer Genome Atlas
(TCGA). Based on these analyses, a prognostic signa-
ture was constructed, and its predictive accuracy in
HCC patients was evaluated using Kaplan-Meier sur-
vival curves and receiver operating characteristic (ROC)
analyses. Four senescence-associated IncRNAs (SM-
IncRNAs) - TMCCI1-AS1, AC009005.1, AC010996.1,
and AC011337.1 - were identified. Previous studies
have reported that TMCC1-ASI1 is upregulated in HCC,
promoting cell proliferation, migration, invasion, and
epithelial-to-mesenchymal transition [21], and its high
expression correlates with advanced TNM stage, lymph
node metastasis, and poorer survival [22]. LncRNA
AC009005.1 has been shown to regulate autophagy
pathways, influencing HCC initiation and progression
[23]. In contrast, AC010996.1 - previously identified as
an independent prognostic factor in cervical cancer [24]
- and ACO011337.1 have not yet been studied in HCC
and warrant further investigation.

Senescent cells profoundly influence the tumor immune
microenvironment, thereby promoting tumor growth
and progression [25]. This observation prompted us to
further investigate the impact of cellular senescence on
the immune microenvironment of HCC. Our analysis
revealed that macrophages and T cells constitute the
predominant immune cell populations within the HCC
microenvironment; however, no significant differences
in immune cell infiltration were observed between the
high- and low-risk groups. These findings were further
corroborated using the ESTIMATE algorithm.

Notably, HCC patients often harbor mutations in genes
such as TP53, CTNNBI1, and TTN. We observed dis-
tinct somatic mutation profiles between the high- and
low-risk subgroups, with TP53 mutations being signifi-
cantly more frequent in the high-risk subgroup. Func-
tional enrichment analyses, including GO, KEGG, and
GSVA, indicated that these mutated genes are primarily
involved in cell cycle regulation and DNA replication
processes. As a key tumor suppressor, TP53 mutations
allow cells to evade apoptosis and undergo malignant
transformation following DNA damage, representing
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the most common genetic alteration in HCC [26]. Con-
sistent with previous reports [27,28], HCC patients har-
boring TP53 mutations tend to have shorter overall sur-
vival, aligning with our observation that high-risk sub-
group patients exhibit poor prognosis.

Finally, we constructed a comprehensive predictive
model integrating multiple factors, including risk score,
age, and tumor stage, using multivariate Cox regression
analysis. The results indicated that both risk score and
tumor stage serve as independent prognostic factors for
HCC. Calibration curves further confirmed that the
model’s predicted 1-, 2-, and 3-year survival probabili-
ties closely matched the observed outcomes. These find-
ings suggest that combining SM-IncRNA-based risk
scores with tumor stage provides a robust tool for ac-
curately predicting HCC prognosis, with predictive per-
formance superior to that of individual variables alone.
In conclusion, we developed a cellular senescence-asso-
ciated IncRNA predictive model for HCC based on gene
expression profiles. This model demonstrates superior
prognostic value compared to individual IncRNA mark-
ers and may serve as a valuable tool to guide clinical
decision-making and enhance patient management.
Nevertheless, our study has certain limitations. The pre-
dictive model was constructed solely using gene expres-
sion and clinical data from publicly available databases;
therefore, further validation with independent clinical
cohorts is necessary to assess its applicability across
more diverse patient populations.
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