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Despite the manifestation and contribution of cellular senescence to

aging and various diseases, accurate identification of heterogeneous
senescent cells remains challenging. Current senescence evaluation
methods rely mainly on limited markers or homogeneous samples,
which might fail to capture universal senescence features, limiting their
generalizability. Here we developed the human universal senescence
index (hUSI), an accurate and robust senescence evaluation method

for diverse cells and samples. Based on features learned from the most
comprehensive cellular senescence-associated transcriptome data so
far, hUSI demonstrated its convincing connections with senescence
phenotypes and superior robustness in predicting senescence state.
Using hUSI, we discovered potential senescence regulators and mapped
senescent cell accumulation across cell types in coronavirus disease
2019 (COVID-19). The method also facilitates decoding heterogeneous
senescence states in melanoma tumors, identifying prognosis-associated
signaling pathways. Overall, hUSI demonstrates its utility in
characterizing cellular senescence across biological contexts, with broad
applicationsin aging research and clinical practice.

Cellular senescence (CS) characterized by irreversible cell cycle arrest
is considered a critical factor for aging and age-related diseases’. For
instance, by presenting senescence-associated secretory phenotypes
(SASPs) including increased secretion of pro-inflammatory proteins
and other paracrine factors (such as transforming growth factor 3
(TGFp) family ligands, vascular endothelial growth factor (VEGF) and
chemokines)?, senescent cells can stimulate immune response and cell-
cell communication, leading to pleiotropic effects in various tissues>.
Targeted clearance of accumulated senescent cells using senolytic
drugs* or inducing tumor cells into senescence’ has demonstrated
benefits for disease prognosis and healthy lifespan. Depending on
the real situations, CS in diverse cell types can be induced by various
intrinsic and extrinsic stressors, such as replicative stress, oncogene

activation, chemotherapeutic drugs andionizing radiation®. However,
despite the use of several morphological markers (such as flattening
and enlarging”) and molecular markers (suchas p16 (ref.8), p21(ref.9),
p15 (ref.10) and p27 (ref. 10)) to characterize senescent cells, identifi-
cation of in vivo senescent cells still remains a great challenge due to
their heterogeneity". Therefore, there is an urgent need for auniversal
method that can accurately predict the senescence state in multiple
scenarios, especially in the era where single-cell transcriptome tech-
nology has been widely applied'>".

Developing asenescence scoring method based on transcriptome
dataisanefficient way to monitor senescence state in disease progres-
sion'*. However, the relative scarcity of reliable senescence markers
keeps limiting distinguishing and targeting senescent cells both in vitro
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and in vivo"""">'®, For example, in single-cell studies, the differential
expression level of classical senescence markersis often insufficient to
identify senescent cells due to the heterogeneity of both cell types and
senescence types”. Considering that there is no one-size-fits-allmarker
for CS, several studies evaluated senescence by compiling a series of
senescence-associated genes derived from differential analysis or
literature studies, giving rise to several gene sets (such as CellAge™ and
SenMayo'’) and scoring methods (such as DAS MSS* and CS_score®™).
However, these gene sets and methods were usually developed based
on genes associated with certain aspects of senescence, such as acti-
vated secretory phenotype or replicative-related changes®. Notably,
single-sample gene set enrichment analysis (ssGSEA) is widely used
as the quantification means for gene-set-based methods, although
performing ssGSEA for each cell in large-scale single-cell atlases is
extremely time-consuming, due to the substantial number of permuta-
tions required to accurately estimate the nominal Pvalue®.

Recently, to evaluate senescence ina more unbiased and conveni-
ent manner, machine learning methods were used to learn senescence
features and predict senescent state, resulting in a higher accuracyin
identifying senescent cells, such as lassoCS*, SENCAN** and SenCID>.
However, these methods, developed from limited senescence samples
or pre-defined cell-type-specific senescence signatures, might not
capture universal senescence features across diverse samples. For
instance, methods relying solely on tumor samples might introduce
bias in evaluating senescence in normal senescence samples or real
aging tissues. In addition, despite the increase of senescence tran-
scriptome data, identifying universal senescence features remained
achallenge due totheinherent heterogeneity presentin both mecha-
nisms and technologies®. Most machine-learning-based senescence
evaluationtools are derived from binary classification models, which
face the challenge of ashortage of high-quality and consistent negative
(non-senescent) samplesin real-world senescence-related studies. For
example, some senescence signals (such as senescence-associated
B-galactosidase (SA-B-gal) and p16™**?) also present in non-senescent
cells”, and cells at different conditions (such as untreated, mature,
proliferation or quiescence), all have been selected as non-senescent
samples. Meanwhile, binary classification models primarily focus on
classifying samples as positive or negative, which may biasthe learning
toward features prevalent in non-senescent samples, impacting the
generalization ability of these models®®.

To overcome the limitations mentioned above, we curated acom-
prehensive senescence transcriptome profile from publicly available
RNA sequencing (RNA-seq) dataand employed the One-Class Logistic
Regression (OCLR) model to learn universal senescence features due
toits robustness in negative samples and mixed signals®. Ultimately,
we successfully developed areliable data-driven senescence scoring
method that we termed the human universal senescence index (hUSI).
We conducted benchmarking of hUSI against 31 collected methods
in both bulk and single-cell transcriptome samples under various
conditions, confirming the outperformance of hUSI. Furthermore, we
validated the senescence repressorsidentified by hUSIand confirmed
the usability of hUSI in complex pathological tissues (coronavirus
disease 2019 (COVID-19) lung tissue and melanoma tissue). Overall, we
demonstrated that hUSlis arobust method for evaluating senescence
state, enabling more comprehensive investigations into senescencein
various experimental and clinical contexts.

Results

Overview of hUSI

To develop hUSI, we devised a workflow comprising data collection,
feature learning, hUSI computationand application (Fig. 1). Initially, we
collected CS-related RNA-seq data from 73 studies***°"** to construct,
to our knowledge, the most comprehensive human senescence tran-
scriptome dataset so far (Supplementary Table1). Given the batch effect
in experimental methods and sequencing protocols of the collected

data, we standardized the pre-processing of all raw data using a uniform
pipeline. Rigorous quality control was thenimplemented to generate a
high-quality senescence gene expression profile, which included 770
samples (385 senescent samples and 385 non-senescent samples) across
34 celltypes and 13 senescence types from 64 studies (Supplementary
Table 2). Through applying the OCLR model to this profile, we obtained
agene weights vector and confirmed its representation for CS features
(Supplementary Table 4). In the final stage of our method, we used the
Spearman correlation between the OCLR-learned senescence features
and gene expression profiles to assess the senescence states of bulk or
single-cell samples. The resulting scores were scaled and denoted as
hUSI. To evaluate the CS predictive performance of hUSI, we conducted
acomprehensive benchmarking against 31 CS scoring methods, includ-
ing canonical CS-related markers, CS-related gene sets, traditional CS
scores and machine-learning-based CS scores. Upon confirming the
superior performance of hUSI, we then explored the potential of hUSI
for multiple downstream applications. We discerned the accumulation
changes of senescent cells between normal and pathological samples
and characterized senescent cells and their interactions with neighbor-
ing cells, their relationships with clinical traits and potential genes
whose perturbation could induce a cell into senescent state.

Development and validation of hUSI

After quality control processing, we also confirmed the significantly
elevated expression of senescence markers CDKNIA (National Center
for Biotechnology Information (NCBI) Gene: 1026, encodes p21)
and CDKN2B (NCBI Gene: 1030, encodes p15) in senescent samples
(Extended DataFig.1a,b). Then, to reduce heterogeneity attributable
tovarying cell types, the top 85 cell-type-specific genes were removed
using the adjusted Rand index (ARI) from the senescence gene expres-
sion profile (Extended Data Fig.1c—e). The hUSI development strategy
was optimized via 10-fold cross-validation out-of-distribution (OOD)
testing®’, and the final OCLR model (L2 regularization =1, Spearman
correlation) achieved superior performance (area under the curve
(AUC) > 0.97) (Extended DataFigs. 1f-h and 2a). Inaddition, hUSI dem-
onstrated robustness against several data quality problems (including
batcheffects, sparsity and outlier) in simulations using five independ-
ent RNA-seq datasets®'°°2(AUC > 0.95) (Extended Data Fig. 2b—-d and
Supplementary Table 3). Furthermore, compared towidely used binary
classification models (including random forest (RF), elastic net (EN)
and support vector machine (SVM)), OCLR exhibited higher accuracy
and stability across cell typesin OOD testing (Extended Data Fig. 2e-g).
Even binarization via sum-of-square error (S§SE), hUSImaintained alow
false-positive rate (0.07) and ahigh AUC (0.90) (Extended DataFig. 2h),
whichare crucial for model performance. All these results underscore
that hUSI, whichisbased on comprehensive senescence transcriptome
profile, OCLR model®’ and non-parametric rank-based correlation'®,
isstable and robust as a CS prediction tool.

Next, we investigated the biological interpretability of hUSI
by examining the weight distribution of genes learned by the
OCLR model (Supplementary Table 4). We found that classical
senescence-associated markers and SASP genes ranked in the top
10% of weights, whereas canonical cell cycle markers were in the
lowest 10% (Extended Data Fig. 2i). Through comparing enrichment
levels of OCLR-learned features among 268 cell types from the Cell-
Marker database'** and awidely used senescence-associated gene set
(SenUP)'* by GSEA, we observed a more significant positive enrich-
ment for SenUP compared to cell type marker sets, indicating that the
learned features prefer CS signatures to cell type signatures (Extended
Data Fig. 2j). Subsequently, we conducted GSEA on OCLR-learned
features across multiple databases, including Hallmark'*®, Gene
Ontology (GO)'*'°¢, Reactome'*’ and Kyoto Encyclopedia of Genes
and Genomes (KEGG)"° (Extended Data Fig. 2k). We found that, taking
Hallmark as anexample, multiple senescence-associated gene sets were
positively enriched, including interferon-gamma response'™, KRAS
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4. hUSI application

Fig. 1| Overall workflow of hUSI. The workflow of hUSI encompasses four major
steps: data collection, feature learning, hUSI computation and hUSI application.
1. Data collection: We collected bulk RNA-seq data (843 samples) from 73 studies.
After quality control, 770 samples (385 senescent and 385 non-senescent) from
64 studies were retained across 34 distinct cell types and 13 senescence types.
The distribution of cell lines and senescence types is shown in pie charts (lower
left and lower right, respectively). 2. Feature learning: A uniform RNA-seq data
processing pipeline was employed to create a standardized gene expression
matrix. We selected senescent samples and filtered cell type signatures to
generate a universal senescence transcriptome profile. Then, an OCLR model was

3. hUSI computation

applied to this profile and ultimately produced a weighted gene vector, referred
to asthe OCLR-learned senescence features. 3. hUSI computation: hUSI can be
calculated for both bulk and single-cell samples by calculating the Spearman
correlation coefficient between the OCLR-learned senescence features and gene
expression value. 4. hUSI application: The effectiveness of hUSI was validated in
distinguishing senescent samples across multiple bulk and single-cell datasets,
demonstrating superior performance compared to other methods. Applying
hUSI to various datasets can elucidate characteristics, interactions, clinical
relationships and regulators of senescent cells as well as their accumulative
changes in diseases. Figure created with BioRender.

signaling'?, inflammatory response™ and p53 pathway"*'* (Extended

Data Fig. 2I). In contrast, proliferation-associated pathways (such as
G2M checkpoint™®, E2F targets'’, mitotic spindles® and MYC targets'™)
werein the negative enrichment terms (Extended DataFig.2m). These
results support that the OCLR-learned features are representative in
reflecting senescence (Supplementary Table 5).

hUSI robustly predicts senescence across diverse samples

Wethen conducted a systematic benchmarking of hUSIand published
senescence evaluation tools. Multiple bulk and single-cell gene expres-
sion datasets derived from in vitro or in vivo sources were used for
the comparison (Supplementary Table 3). We included 31 methods
categorizedinto four types: 13 classical gene markers for senescent cells
(referred to as SenMarker), eight widely used senescence-associated

gene sets (referred to as SenSet)'$'9211051207122 fo1r senescence scoring
methodsbased onempirical senescence markers and traditional calcu-
lation approaches (referred to as TraditionScore)'**° and six senescence
scoring methods developed through various machine learning models
(referred to as MachineScore)***21?* (Supplementary Tables 6 and 7).

To evaluate the performance of hUSI in bulk samples, we com-
pared hUSI with other methods across six in vitro bulk microarray
datasets' "%, encompassing six cell types and three senescence types
(Supplementary Table 3). The result shows that hUSI s the only method
capable of accurately identifying senescent samples across all data-
sets (AUC =1.0) (Fig. 2a and Supplementary Table 8). Subsequently,
we applied hUSI to in vivo bulk samples from the Genotype-Tissue
Expression (GTEx)"° and The Cancer Genome Atlas (TCGA) databases.
Consistent with age-related accumulation of cellular senescence™"'*?,
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Fig. 2| hUSI enables robustly evaluating senescence for diverse samples.
a,Mean AUC values across six microarray datasets, with sample sizes detailed
inSupplementary Table 3, presented as mean + s.d. b, hUSI values in GTEx
samples grouped by age (n =17,382 samples; two-tailed Wilcoxon test). ¢, hUSI
comparison between tumor and matched normal tissues (n =1,291samples;
two-tailed t-test). d, Similar to a, benchmarking results of all methods in six
scRNA-seq datasets (the number of cells is provided in Supplementary Table 3).
e, hUSl levels of IMR90 cells were compared across three groups, including
growing (untreated), primary senescent (4-OHT-induced) and secondary
senescent (SASP-mediated) (n = 480 cells; two-tailed Wilcoxon test). f, hUSI
levels of pancreas cells from donors aged 1-6, 21-22 and 38-54 years (n = 2,544
cells; two-tailed Wilcoxon test). g, hUSI levels in cells at differentimmortalization
stages (hnTERT_2and hTERT_7) and passage stages (PDL_25to PDL_50) were
compared to the hTERT 2 stage (n =12,019 cells; two-tailed Wilcoxon test).

h, Spearman correlation between the proportion of hUSI-identified senescent

cells and SA-B-gal-positive cells. i, Workflow for generating HFF ER:RAS cells.

Jj, SA-B-gal staining in HFF cells after oncogene activation. k, The percentage of
SA-B-gal-positive cells (n =3 biological replicates; two-tailed ¢-test). Data are
presented as mean +s.e.m. 1, Expression levels of CDKN1A, LMNBI and MKI67
detected by qRT-PCR upon oncogene activation (n = 3 biological replicates;
two-tailed t-test). Data are presented as mean + s.e.m. m, Western blot analysis
of ER:RAS and p21 protein in OIS HFF cells, with 3-actin serving as the loading
control. n, Boxplot showing hUSI levels in proliferation (treated with DMSO)
versus senescence (treated with 4-OHT) groups (n = 3 biological replicates;
two-tailed t-test.). The box in the boxplot (b and e-g) represents the interquartile
range (IQR), withits lower and upper edges indicating the 25th and 75th
percentiles, respectively. The medium value (50th percentile) is shown within
the box, and the whiskers extend to the minimum and maximum values within
1.5 times the IQR of the quartiles. For all statistical tests: *P < 0.05, **P < 0.01and
“#p<1x107. The exact Pvalues are reported in Source Data for Fig. 2.

hUSI exhibited significantly incremental levels with age and a higher
correlation with age, suggesting that hUSI might be more predictive
to aging process compared to other methods (Fig. 2b and Extended
DataFig.3a,b). This finding was also supported by asignificant positive
correlationbetween hUSI levels and age in a human dermal fibroblast
RNA-seq dataset' (Extended Data Fig. 3c,d). We next compared hUSI
levels of tumor samples with corresponding normal samples fromthe

same tissues. We found that most tumor types exhibited significantly
lower hUSl levels, whichis consistent with higher proliferation ability
of tumor cells® (Fig. 2c). These results confirm the utility of hUSI in
evaluating senescence state of bulk samples from various sources.
To evaluate the performance of hUSI in single-cell samples, we
compared hUSI with existing methods across six in vitro single-cell
RNA sequencing (scRNA-seq) datasets®”’#1**3¢ comprising four cell
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types and six senescence types (Supplementary Table 3). Given that
scRNA-seq can capture heterogeneous senescence states, we initially
assessed the distribution of cells and observed distinct clusters of
senescent and non-senescent cells within each dataset, with all senes-
cent groups displaying significantly higher hUSI levels compared to
their non-senescent counterparts (Extended Data Fig. 3e,g-k). Sub-
sequently, we evaluated the accuracy of hUSI and other methods in
predicting senescent cells across these datasets, where hUSI still dem-
onstrated superior performance (Fig. 2d and Supplementary Table 8).
Notably, hUSllevels varied among senescent cells subjected to different
treatments—for instance, cells undergoing primary senescence exhib-
ited higher hUSl levels than those undergoing secondary senescence,
highlighting the potential of hUSI to delineate heterogeneous senes-
cence states™ (Fig. 2e and Extended Data Fig. 3g-k). Furthermore, we
appliedhUSItoanin vivo scRNA-seq dataset from human pancreas and
observed a significant increase in hUSI levels with age™” (Fig. 2f and
Extended Data Fig. 3f), affirming the reliability of hUSI in assessing
senescence state at single-cell level.

Validation of hUSI-identified senescent cells

We next validated the connection between hUSI-identified senescent
cells and experimental CS phenotypes. We first applied hUSI to an
scRNA-seq dataset™’, which encompassed human lung fibroblasts at
different proliferation and passage stages, along with corresponding
senescence SA-B-gal activity data, awidely used senescence marker'®,
We observed a significantincrease of hUSI along the passage numbers,
indicating the sensitivity of hUSIin reflecting senescence state of cells
under different replicative stress (Fig. 2g and Extended Data Fig. 31).
We also observed a positive Spearman correlation between the ratio of
SA-B-gal-positive cells and hUSI-identified senescent cells in this data-
set, suggesting the connection between hUSI levels and the SA-B-gal
phenotype at the single-cell level (Fig. 2h).

Then, we conducted experiments on human foreskin fibroblasts
(HFFs) transduced with an estrogen receptor fused to the H-RAS“? pro-
tein (ER:RAS), whose expression can beinduced by 4-hydroxytamoxifen
(4-OHT), ultimately establishing a model of oncogene RAS-induced
cellular senescence (Fig. 2i). The senescence state of 4-OHT-treated
cells was confirmed by classical CS phenotypes, including increased
SA-B-gal activity, significant upregulation of the canonical senescence
marker both in mRNA (CDKN1A) and protein (p21) and significant lower
expression of cycling-associated genes (LMNBI (NCBI Gene: 4001) and
MKI67 (NCBI Gene: 4288)) compared to proliferative cells (treated
with DMSO) (Fig. 2j-m). We next applied hUSIto RNA-seq data derived
from cells in proliferation and senescence states. The result showed
significantly higher hUSIscores in senescent group (4-OHT) compared
to proliferation group (DMSO) (Fig. 2n). These results further validated
the connections between hUSI-identified senescent cells and canonical
CS phenotypes.

hUSI helps identify potential senescence regulators

We next explored whether hUSI could aid the discovery of poten-
tial senescence regulators by using only gene expression profile as
the molecular phenotype. To achieve this, we employed hUSI on a
Perturb-seq dataset from humanretinal pigment epithelial cells (RPE1
cell line)™. This dataset was generated by single-cell CRISPR screen-
ing technologies, including 228,790 cells with 2,393 perturbations
(Fig.3a). We calculated hUSI score for each cell and compared the dif-
ference between perturbed cells and control cells, thereby identify-
ing alist of genes whose perturbation led to significantly higher hUSI
levels (Supplementary Table 9). We found that these genes primarily
enriched in pathways related to cell cycle and DNA replication, which
is consistent with the irreversible cell cycle arrest of senescent cells"
(Fig. 3b). We subsequently focused on the top 10 genes (VACA (NCBI
Gene:4666), ECT2 (NCBI Gene:1894), PWP2 (NCBI Gene: 5822), PRIM1
(NCBI Gene: 5557), PSMA7 (NCBI Gene: 5688), INCENP (NCBI Gene:

3619), PSMD13 (NCBI Gene: 5719), PSMD2 (NCBI Gene: 5708), DDX49
(NCBI Gene: 54555) and PDCDI11 (NCBI Gene: 22984)) with the highest
husl difference (AhUSI) (Fig. 3c). The inactivation of these genes led
to a significant elevation of hUSI scores, suggesting that their down-
regulation may play acritical roleininducing senescence. Among these
genes, NACA™° and INCENP"! have been reported whose knockdown
couldinduce senescence, whereas other genes currently have not been
reported to link to CS.

Tovalidate that these genesindeed regulate senescence, we con-
ducted experimental knockdowns of the top 10 genes in ARPE19 cells
(asimilar cell line to RPE1). Each gene was targeted by two distinct
smallinterfering RNAs (siRNAs) (Supplementary Table 10) and exhib-
ited significant reduction in its mRNA expression after knockdowns
(Fig.3d,h,l and Extended Data Fig. 4), except for PWP2, for which it
is technically challenging to design specific siRNAs (Extended Data
Fig. 4a). Subsequently, we examined the CS phenotypes induced
by downregulating these genes. The result showed that eight out of
nine candidate genes (NVACA, ECT2, PSMD13, PRIM1, PSMA7, INCENP,
PSMD2 and DDX49) caused senescence-associated phenotypes after
knocking down, including increased SA-B-gal activity (Fig. 3e,i, mand
Extended Data Fig. 4), upregulation of senescence marker at both
mRNA (CDKN1A) (Fig. 3f,j,n and Extended Data Fig. 4) and protein
(p21) levels (Fig. 3g,k,0 and Extended Data Fig. 4) and downregulation
of cell-cycle-related genes (CDK1 (NCBI Gene: 983), LMNBI and MIK67)
(Fig. 3f,j,n and Extended Data Fig. 4). These results suggest that, with
the application of Perturb-seq technology, hUSI enables the identifica-
tion of potential senescence regulators.

hUSI aids in evaluating senescence burden in COVID-19

It has been reported that increased accumulation of senescent cells,
orsenescence burden, could elevate the susceptibility of patients with
COVID-19 by promoting severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2)-mediated hyperinflammation and cytokine storm''*,
Targeted elimination of these senescent cells was suggested as a viable
therapeutic approach for COVID-19 (refs. 142,143). However, detailed
insights into the accumulation and characteristics of senescent cells
invarious celltypesin COVID-19 remain elusive. Therefore, we applied
hUSIto asingle-nuclei RNA sequencing (snRNA-seq) dataset of COVID-
19, which included 116,313 nuclei from both infected and uninfected
lungs, encompassing nine major cell types subdivided into 41 fine cell
types™** (Fig. 4a,b).

Our analysis revealed that most epithelial cells, endothelial cells,
fibroblasts and myeloid cells from patients with COVID-19 exhibited
significantly higher hUSI values compared to those from uninfected
donors (Fig.4c), aligning with the reported increase in CSin response
to SARS-CoV-2 infection'*. Then, we employed SSE** to catego-
rize cells based on hUSI within each fine cell type into ‘Normal’-like
and ‘Senescent’-like groups (Fig. 4d and Extended Data Fig. 5a). We
observed that the Senescent-like group exhibited elevated expression
of senescence-associated genes and reduced expression of prolif-
eration markers across most cell types (Fig. 4e). Then, we performed
differential gene expression analysis between these two groups of
each cell type and found that genes significantly highly expressed in
the Senescent-like group were enriched in pathways related to viral
infection, cellular senescence and immune activation across multiple
celltypes (Fig. 4f). These findings are consistent with the reports that
senescent cells may contribute to immune imbalance and mediate
bothlocal and systemic damage in SARS-CoV-2-infected tissues, with
the potential to lead to severe symptoms'*,

Tofurther elucidate the variations in senescent cellaccumulation
associated with COVID-19, we quantified the proportional differences
in Senescent-like cells between COVID-19 and normal cases as well as
between moderate and severe COVID-19 cases. Our analysis revealed
thatlung tissues from patients with COVID-19 exhibited higher propor-
tion of Senescent-like cells across most cell subtypes (36/41) (Extended
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Fig.3|hUSIrevealed potential senescence regulators in a Perturb-seq dataset.
a, UMAP plot showing the distribution of cells in the Perturb-seq dataset. b, GSEA
results for hUSI-identified genes whose perturbations could induce cellinto
senescence state. Each line corresponds to a different Hallmark gene set, with line
color shading indicating NES. ¢, Boxplot showing the hUSl levels of cells targeted
by the top 10 hUSI-identified genes compared to that of the control cells (n =11,705
cells; **P<1x1073, two-tailed Wilcoxon test with Benjamini-Hochberg correction).
Thebox represents the IQR, with its lower and upper edges indicating the 25th and
75th percentiles, respectively. The medium value (50th percentile) is shown within
thebox, and the whiskers extend to the minimum and maximum values within 1.5
times the IQR of the quartiles. d-g, Senescence validation of NACA knockdownin

ARPE19 cells (n =3 biological replicates; two-tailed ¢-test). Data are presented as
mean = s.e.m. NACA was knocked down by two siRNAs (si-NACA-1and si-NACA-2)
(d). e, Left: the senescence state is demonstrated by representative images of
SA-B-gal staining. Right: the bar chart shows the percentage of SA--gal-positive
cells (n =3 biological replicates). Scale bars, 100 um. The gene expression levels of
CDKNIA, CDK1, LMNBI and MKI67 evaluated by qRT-PCR (f) and the western blot of
p21 protein levels before and after NACA knockdown in ARPE19 cells, with GAPDH
serving as the internal control (g). h-kand 1-o present the senescence validation
results for ECT2and PSMDI3 (as those in d-g), respectively. Scale bars, 100 pm. For
allstatistical tests: **P< 0.01and **P<1x 107, The exact Pvalues are reported in
Source Data for Fig. 3. NC, negative control.

DataFig.5b), and asimilar trend was also observed in severe COVID-19
cases (26/41), suggesting that more extensive accumulation of senes-
cent cells might aggravate this disease (Extended Data Fig. 5¢). These
findingsindicate that hUSI canidentify senescent cells thataccumulate
detrimentally in the lungs of patients with COVID-19 across diverse
celltypes, providing potential targets for therapeutic interventions.

huUSl identifies clinically related senescent cells in melanoma

Given the pivotal role of cellular senescence in tumor progression and
its potential to trigger immune responses'”’, we further extended the
application of hUSI to tumor samples. Recent advances in melanoma

immunotherapy, particularly through the use ofimmune checkpoint
inhibitorssuch asPD-L1and CTLA-4 antibodies, have achieved durable
responses and therapeutic efficacy™®'*’. Despite these successes, the
mechanisms drivingimmunotherapy responses remain only partially
elucidated. Previous research established a link between senescent
tumor cells and immune recognition®®*°"*? indicating that senescent
cells within melanoma tumors can serve as potentialimmunothera-
peutic targets.

By applying hUSI on a melanoma scRNA-seq dataset™*, we evalu-
ated the senescence state of tumor cells (Fig. 5a,b). Then, we observed
a pronounced decline in hUSI in the immunotherapy-treated group,
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whichinline with therapy-resistant malignant cells exhibiting attenu-
ated CS phenotypes™* (Fig. 5c). To better reveal the heterogeneity of CS
in tumor, we next used Gaussian mixture modeling (GMM)"’ to classify
tumor cells based on hUSI, identifying three senescence subpopu-
lations (‘Cycling’, ‘Transitional’ and ‘Senescent’) with progressively
increased hUSI scores (Extended Data Fig. 6a). These subpopulations
mirrored gene signatures from independent senescent melanocyte
datasets' (Extended Data Fig. 6b). As expected, the treated group
displayed a markedly reduced proportion of Senescent tumor cells,
supporting the diminished presence of senescent cells in melanoma
after immunotherapy (Fig. 5d). Trajectory analysis reconstructed via
co-expressionmodules (ICAnet™®) and dimension reduction (phateR™’)
revealed a progression from Cycling to Senescent subpopulation
(Extended DataFig. 6¢), accompanied by increasing expression levels of
two canonical senescence markers, CDKNIA and SERPINEI (NCBI Gene:
5054) (Fig. 5e,f), suggesting the underlying dynamic CS progression
inmelanoma.

After performing GSEA of genes highly expressed in each subpopu-
lation, we found increased immune activity in Senescent tumor cells
(Fig. 5g). Tofurther explore the relationship between Senescent tumor
cellsand immune response, we deconvoluted the RNA-seq data from
the TCGA-skin cutaneous melanoma (SKCM) cohort using EpiDISH'*®
to estimate the proportion of each subpopulation and quantified the
abundance of 22 immune cell types using CIBERSORT™’ in individual
patients. The result showed a higher positive correlation between
the proportion of Senescent cells and several types of immune cells
(including M1 macrophages, CD8" T cells, gamma delta T cells and
various activated immune cells (including activated CD4 memory
T cells, activated Mast cells and activated natural killer (NK) cells))
compared to the Cycling subpopulation (Fig. 5h). We subsequently
assessed the effect of Senescent tumor cells on survival of patients
with melanoma. Survival analysis showed that the higher proportion
of Senescent cells in a patient, the more favorable for the patient’s
survival, whereas the Cycling subpopulationis the opposite (Fig. 4iand
Extended DataFig. 6d,e). These results suggest that hUSI enables the
distinguishing and characterization of heterogenous senescence states
of melanoma tumor cells, providing a potential prognostic biomarker
for melanoma therapy.

hUSI reveals senescent-specific signal pathways in melanoma
Because tumor microenvironment (TME) is important for tumor
genesis, progress and therapy'*®, we further investigated the cell-cell
communication characteristics of hUSI-identified tumor senescence
subpopulations. Previous studies reported that senescent cells can
communicate withneighbor cellsand modulate their behavior through
SASP. For instance, SASP presented by senescent tumor cells contrib-
utes to the communication withimmune system by attractingimmune
cells (suchas T cellsand NK cells) and then leading to the clearance of
tumor cells®®*>"2 In addition, senescence-associated communication
has been speculated to regulate immune surveillance and influence
tumorigenesis’®.

We analyzed the cell-cell communication among the three tumor
cell subpopulations (Cycling, Transitional and Senescent) and their
neighboringcells (including endothelial cells (Endo), Bcells (B), T cells
(T), NK cells, macrophages (Macro) and cancer-associated fibroblasts
(CAFs)) using CellChat'®%. The results showed that the communication
strength of hUSI-identified Senescent subpopulation was higher than
Cycling and Transitional (Fig. 5j and Extended Data Fig. 6f). Given the
SASP of senescent cells, we further analyzed the global output com-
munication patterns of these three subpopulations and uncovered
two different signaling patterns, with pattern 1 corresponding to the
Senescent tumor subpopulation and pattern 6 corresponding to the
Cycling and Transitional subpopulations (Extended Data Fig. 6g).
Within pattern 1, we found several SASP-associated genes, including
SPP1 (NCBI Gene: 6696), AGRN (NCBI Gene: 375790) and L/FR (NCBI

Gene: 3977), underscoring their potential roles in mediating cell-cell
interactions in senescent melanoma cells. Nevertheless, additional
studies are required to clarify the specific functions of given genes
within this patternin senescent melanoma cells.

To analyze which pathways are responsible for potentially regu-
lating senescent tumor cells in the TME, we compared the communi-
cation strength of incoming signaling pathways. We identified five
key pathways, including TGFf3, chondroitin sulfate proteoglycan 4
(CSPG4),CD6,CD46 and chemokine signaling (CCL), which exhibited
significant signal strengthin the Senescent subpopulation but were not
detectedin the Cycling subpopulation (Fig. 5k), suggesting that these
signaling pathways are more likely to specifically functioninsenescent
tumor cells. TGF( is well documented for its role in inducing senes-
cent phenotype of tumor cells, primarily secreted by macrophages
originating in tumor stroma'**'**, Our network analysis also revealed
that Senescent tumor cells receive TGFf signals from macrophages
(Fig. 51), inline with findings in lymphoma'®*. Interestingly, Senescent
tumor cells received more TGF 3 signals from CAFs, indicating that, as
asolid tumor, melanomadiffers fromlymphomain microenvironment
by the presence of a high number of fibroblasts'® (Fig. 51). In addition,
we found that the Senescent subpopulation specifically received CCL
signals and CD46 signals from macrophages and endothelial cells,
respectively, and primarily received CSPG4 and CD6 signals from CAFs
and T cells, respectively (Fig. 5k and Extended Data Fig. 6h). Although
these four signaling pathways were linked to tumor progression'*®"°,
their specific roles in the context of tumor cell senescence require
further investigation.

We also investigated the impact of these specific signaling path-
ways on patient survival. Initially, we selected four receptors—TGFBR2
(NCBI Gene: 7048), ACVRI (NCBI Gene: 90), ALCAM (NCBI Gene: 214)
and CCR10 (NCBI Gene: 2826)—which are highly specifically expressed
inthe Senescent subpopulation (Fig. 5m). Then, we conducted survival
analysis on the TCGA-SKCM cohort and found that highly expressing
these genes benefits patient survival (Extended Data Fig. 6i-1) as well
asasignificantly higher survival probability in groups with high enrich-
ment scores of these four genes (Fig. 5n). This analysis suggests that
upregulating these genes in senescent melanoma cells could enhance
theirinteractions within the TME, potentially inhibiting tumor progres-
sion. Overall, these findings underscore the clinical implications of
using hUSI to identify specific targets of senescent melanoma tumor
cellsin the TME.

Discussion

Wedeveloped hUSI, arobust and versatile transcriptome-based tool for
evaluating cellular senescence across diverse conditions and cell types.
By leveraging the most comprehensive senescence-associated RNA-seq
dataset so far, we generated a universal senescence gene expression
profile and optimized hUSI for generalization, ensuring resilience to
batch effects, sparsity and outliers. Comparative analyses confirmed
the superior performance of hUSI across cell types, senescence types
and sequencing platforms, with a positive correlation to age ininvivo
samples further validatingits applicability. Using Perturb-seq technol-
ogy, hUSI enabled high-throughput identification of potential senes-
cence regulators, which were experimentally validated. Beyond this,
hUSI revealed distinct roles of senescence in disease: in COVID-19, it
highlighted the detrimental impact of senescence-driven inflamma-
tionand tissue damage, and, in melanoma, it suggested that senescent
tumor cells may enhance immune responses and improve patient sur-
vival. These findings demonstrate the potential of hUSI to advance
senescence research and guide therapeutic strategies.

We also highlighted that hUSI, as a data-driven senescence scor-
ing method based on the OCLR model and the most comprehensive
gene expression datasets on cellular senescence so far, exhibited its
unprecedented advantages in learning senescence features and exten-
sibility. Although binary classification-based methods have benefited
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Fig. 5| hUSI identifies prognosis-related senescent tumor cells in melanoma.
a, tSNE plot showing the distribution of seven cell types identified within the
melanoma dataset (GSE72056). b, The UMAP displays the distribution of hUSI
value of each cell in the melanoma dataset. ¢, Violin plot compares hUSI levels
between untreated and treated groups inimmune therapy (two-tailed Wilcoxon
test). The box in the boxplot represents the IQR, with its lower and upper edges
indicating the 25th and 75th percentiles, respectively. The medium value (50th
percentile) is shown within the box, and the whiskers extend to the minimum
and maximum values within 1.5 times the IQR of the quartiles. **P<1x 107,
Theexact Pvalues are reported in Source Data for Fig. 5.d, The proportions of
three tumor senescence subpopulations of untreated and treated groupsin
immune therapy. e, Senescence trajectory of melanoma tumor cells in PHATE
space.f, Increased expression levels of aging-related marker genes CDKNIA and
SERPINE along the trajectory in e and in different senescence subpopulations.
g, Different GO terms (biological process (BP)) characterize Cycling, Transitional
and Senescent subpopulations, with replication-associated terms enriched by
the Cycling subpopulation and immunity activation-related terms enriched

by the Senescent subpopulation (the hypergeometric test with Benjamini-
Hochberg correction). The exact FDR-corrected Pvalues are reported in Source
Data for Fig. 5. h, Heatmap of Spearman correlation coefficient between the
abundance of the three subpopulations and that of 22 immune cell types.

i, Survival curves of patients with melanoma with low or high proportion of
Senescent subpopulation in the TCGA-SKCM cohort (log-rank test). j, Dot plot
showing the interaction strength of three tumor subpopulations and six cell
typesinthe TME. k, Dot plot of communication probabilities for signaling
pathways presentingin the Senescent subpopulation while absent in the Cycling
subpopulation (permutation test, n =100 iterations). I, Chord plots showing
that Macro and CAFsinteract with Transitional and Senescent subpopulations
by the TGFf3 signaling pathway. m, Violin plot showing the expression levels

of four receptors specifically expressed in the Senescent subpopulation.

n, Survival curves of patients with melanoma with low or high enrichment score
of TGFBR2, ACVR1, ALCAM and CCR10 in the TCGA-SKCM cohort (log-rank test).
tSNE, t-distributed stochastic neighbor embedding.
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from their superior ability to capture data features”’, improving the
identification of senescent cells, classification of samples as negative,
thatis, non-senescent cells, requires careful evaluation. A suboptimal
selection of negative samples can affect the generalizability of the
model. To overcome these challenges, hUSladopted the OCLR machine
learning algorithm?®’, whichis more robust in dealing with the shortage
and confounder signals of negative samples by learning the features
based merely on positive samples. We further confirmed the biologi-
cal interpretability of OCLR-learned features through examining the
weights of classical senescence-associated genes and preference for
known senescence-associated pathways. Notably, due to its straight-
forward model training and implementation strategy, hUSI offers
potential extensibility in evaluating senescencein other types of senes-
cence samples as well as samples from other species by recombining
orrecollecting training set samples.

Although hUSI has demonstrated superior performance in mul-
tiple aspects, limitations still exist in its current status. First, with
increased accumulation of senescence-associated transcriptome data,
the quality and quantity of training sets still have room for further
improvement. In particular, due to the heterogeneity of senescence
state across various cell types, the cell-type-specificinclusion criteria
for senescent samples in the training set deserve further considera-
tion. Second, the integration strategy for incorporating additional
transcriptome datainto the training set requires further investigation
to optimize or customize hUSlin the future. Third, although hUSI char-
acterized senescent tumor cells and identified key signaling pathways
inmelanoma, its generalizability across tumor types requires further
investigation. In this study, our training set incorporated a part of
tumor cell lines to help learn universal senescence features via OCLR,
and we acknowledge that there might be higher heterogeneity of tumor
cellscompared tonormal. Inthe future, more tumor samples could be
separately collected to develop atumor-specific hUSIapplicable across
all tumor types. Lastly, with the advantages of spatial transcriptome
technology in the study of cellular senescence'”?, additional efforts
should be made to explored the application of hUSI within this context.

To our knowledge, this research introduces the first unified cel-
lular senescence prediction modelin human. In the future, leveraging
advancements in foundation models, such as SCimilarity"?, which
provide harmonized cellular representations, can allow hUSI to per-
formrobust cellular senescence predictions across diverse biological
systems. This integration can enhance generalizability, deepeninsights
into conserved and context-specific senescence mechanisms and pave
the way for transformative therapeutic innovations targeting cellular
aging and related diseases.

Methods

Data collection and pre-processing

In this study, we collected 843 samples from 73 senescence-related
studies®*°*® with both senescent and non-senescent samples for
model building. The sample size was determined through compre-
hensive data collection and quality control. We also collected their
senescence-associated phenotypes from original publications and
divided them into primary evidence (including SA-B-gal activity, cell
cyclearrest, increasinglevel of p16, p21or core SASPand decreasing level
oflamin B1) and secondary evidence (including morphological changes,
chromatin reorganization, DNA damage response, increasing level of
senescence-associated genes and decreasing level of cycling-associated
genes). Then, FASTQ files of all 843 samples (Supplementary Table 1)
were downloaded through accession numbers in the Gene Expres-
sion Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/
geo/) or the European Molecular Biology Laboratory European Bio-
informatics Institute (EMBL-EBI) database (https://www.ebi.ac.uk/
ebisearch/about). The R package GEOquery (version 2.58.0) was used
to collect metadata of samples through GEO accession numbers if
provided.

For RNA-seq data pre-processing, Trim Galore (version 0.6.6) was
used to filter out low-quality reads and bases in the 3’ end of FASTQ
files, and then the clean data files were consequentially aligned to
human GRCh38 reference genome by STAR (version2.2.1)"*,and only
unique mapping reads were included for further analysis. StringTie
(version 2.2.1)'” was used to quantify the gene expression level and
normalize by transcripts per million (TPM). Only protein-coding genes
(annotated by GENCODE version 31) with TPM >3 in 99% of samples
wereincluded for next analysis. Then, samples with at least two senes-
cence phenotypes (including at least one primary evidence) were
selected to build the representative senescence profiles as training
set. We also included only cell lines that contain both senescent and
non-senescent samples, resulting in 385 senescent samples and 385
non-senescent samples from 54 cell lines (34 cell types). Considering
bias introduced by batch effect, we used log-space transformation,
scaling and mean centering to further reduce the disturbances for
model training.

To eliminate the potential disturbance from cell type preference,
we decided to filter cell type signatures of cell types included in our
training set. To achieve this, we initially used the raw counts of 385
non-senescent samples to identify cell-type-specific genes by DESeq2
(version 1.42.1)¢, and only genes with adjusted P < 0.05 and log, fold
change >1were kept. Subsequently, we generated new log (TPM + 1)
profiles by removing varying numbers (1-300) of cell-type-specific
genes for each cell type. Using these new profiles, we clustered the cells
employing the Louvain algorithm via the FindClusters function of the
Seurat package (version4.4.0)"”’, with the resolution parameter set to
0.6. Finally, we calculated the ARI between the clustering results and
the corresponding cell type labels. Because reducing cell type signa-
tures could reduce heterogeneity of gene expression profiles, thereby
resulting in a lower ARI, we selected the number of cell-type-specific
genes to remove based on the elbow point of the ARI curves, which
corresponds to 85 genes for each cell type.

Model training and hyperparameter optimization

The processed gene expression matrix of senescent samples was used
to learn senescence features by the OCLR algorithm® implemented
by the ‘gelnet’ function of the gelnet package (version 1.2.1) in the R
(version 4.0.5) platform. The mathematics details are provided in Sup-
plementary Note1.In this function, each gene was weighted iteratively,
and thefinal gene weight vector represented the maximum likelihood
estimation of gene expression distributionin senescent samples. Inthis
study, we tested different L2 penalty values (0.001, 0.01, 0.1,1, 5 and
10) in the gelnet function (with parameter x = processed gene expres-
sion matrix, parametery = NULL and parameter L1= 0) tolearn senes-
cence features. Considering that different quantification methods
canbe used to calculate senescence score based on the OCLR-learned
senescence features, six common quantification methods (including
Spearman correlation, Pearson correlation, logistic function, dot
product, ssGESA and mean expression) were also tested. We describe
the detailed implementation of different quantification methods in
Supplementary Note 2.

Through the 10-fold cross-validation OOD test (Supplementary
Note 3), we evaluated the performance of hUSI generated by different
combinations of OCLR models (decided by L2 values) and quantifica-
tion methods, ultimately finding that L2 =1and Spearman correlation
yielded the most advantageous results. Finally, by applying the OCLR
model to the gene expression profiles of all 385 senescent samples, we
obtained the OCLR-learned senescence features (the output weighted
gene vector). We then used Spearman correlation to score eachsample,
scaling the resulting coefficient values to derive the hUSI score. We
next evaluated the robustness of hUSI in batch effect, data sparsity
and outlier (Supplementary Note 4) and compared OCLR models with
three binary classification models, including RF, EN and SVM (Sup-
plementary Note 5).
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GSEA for OCLR-learned senescence features

To demonstrate that hUSI prefers senescence state rather than cell
types, we performed GSEA using the R package fgsea (version 1.16.0)'”®
on OCLR-learned features in the CellMarker database (http://xteam.
xbio.top/CellMarker/), which includes 268 common human cell type
signatures. The normalized enrichment score (NES) was chosen to com-
parethe enrichment degree across different gene sets. Additionally, we
comparedtheenrichmentresults of all celltypestoasenescence-related
geneset, SenUp'®. We also performed GSEA for genes in OCLR-learned
features ranked by their weights across four widely used gene set data-
bases: Hallmark gene sets from the Molecular Signatures Database
(MSigDB)'%¢ (https://www.gsea-msigdb.org/gsea/msigdb), GO'"1%%
(https://www.geneontology.org/), KEGG" (https://www.genome.jp/
kegg/) and the Reactome database'” (https://reactome.org/).

Modelbenchmarkinin vitro datasets

Toevaluate the performance of hUSIin classifying senescent samples or
cells, webenchmarked hUSI against other 31 senescence scoring meth-
ods both in bulk (GSE19864 (ref. 124), GSE16058 (ref. 125), GSE83922
(ref.126), GSE11954 (ref.127), GSE100014 (ref.128) and GSE77239 (ref.
129)) and in single-cell in vitro (GSE115301 (ref. 134), GSE119807 (ref.
135), GSE94980 (ref. 78), GSE102090 (ref. 67) and GSE226225 (ref.136))
datasets. The sample size was defined by the source publications, and
only datasets with atleast three replicates per condition were included
in the analysis. For the bulk datasets, we downloaded the normalized
microarray gene expression profiles using GEO accession numbers.
For single-cell datasets, we used the NormalizeData function of Seurat
(version4.2.1)"” to normalize the raw counts matrix downloaded using
GEO accession numbers. We include 31 methods into benchmark-
ing, which are categorized into SenMarker (including GLBI (NCBI
Gene: 2720), TP53 (NCBI Gene: 7157), CDKNIA, CDKN2A (NCBI Gene:
1029), LMNBI1, IL1A (NCBI Gene: 3552), RB1 (NCBI Gene: 5925), CDK1,
CDK4 (NCBI Gene: 1019), CDK6 (NCBI Gene: 1021), MKI67, CDKN2B
and SERPINEI); SenSet (including SenMayo®, CellAge'®, GenAge'™,
ASIG™, SASP pathway (downloaded from the MSigDB under accession
ID R-HSA-2559582), AgingAtlas'?, SenUp'® and SigRS™); TraditionScore
(including DAS, mSS, DAS mSS* and CS_score®*’); and MachineScore
(including CSS*°, lassoCS*, ECcores36 (ref.123), HCCcores19 (ref.179),
SENCAN* and SenCID?). Detailed implementation of these methodsiis
providedin Supplementary Note 6. After obtaining senescence scores
for samples generated by each method, we calculated the AUC values
for each method across all datasets. Additionally, we computed the
mean AUC values across all datasets for eachmethod to represent their
overall performance.

Validation of hUSI onin vivo datasets

To validate the performance of hUSI on in vivo datasets, we applied
hUSI to both bulk and single-cell in vivo datasets. We computed the
huSI for bulk samples from GTEx"® and TCGA databases using TPM
normalized gene expression matrix. The gene expression matrix of
TCGA samples was collected from UCSC Xena (http://xena.ucsc.edu/
public/). The gene expression matrix of GTEx samples and correspond-
ing metadatawere collected from GTEx Portal (version 8) (https://www.
gtexportal.org/home/downloads/adult-gtex). We then compared
hUSI of GTEx samples sourced from different age groups and hUSI
of TCGA tumor samples with corresponding GTEx normal samples
from the same tissues across various cancer types. We used a t-test to
calculate significance as we assumed the distribution of these samples
to be normal, but this was not formally tested. We also applied hUSI
to an independent human skin bulk dataset obtained from the GEO
under accession number GSE113957 (ref. 133) along with the associ-
ated age information. Then, we applied hUSI to an scRNA-seq dataset
frominvivo human pancreas cells (GSE81547 (ref. 137)). The raw gene
expression profiles were obtained through GEO accession number, and
the processes of data normalization, cell clustering and visualization

were all performed using the Seurat package. The hUSI scores for single
cellwere calculated based on gene expression matrices normalized by
counts per million (CPM).

Classification of senescent cells based on hUSI

We recommend two methods based on different assumptions.
(1) If assuming that there are only two cell states, senescence and
non-senescence, in the dataset, we use a variance-based method—
SSE—for thresholding. SSE, as the well-performed binary clustering
method for one-dimensional vector™*®, can divide cells into senes-
cence and non-senescence groups by minimizing the variance of
hUSI of two groups (implementation details are provided in Supple-
mentary Note 7). (2) Ifassuming that there are uncertain senescence
states in the dataset, we use GMM™* to estimate the optimal number
of senescence states and the probability that each cell belongs to a
specific state. Because GMM is frequently used as the optimal thresh-
olding toolin various scenarios'*'®, it is helpful to determine cellular
senescence heterogeneity (implementation details are provided in
Supplementary Note 7).

SA-B-gal scRNA-seq dataset analysis

Following a similar scRNA-seq data analysis pipeline as mentioned
above, we applied hUSIto an scRNA-seq dataset (GSE175533 (ref. 137))
and identified senescent cells using the SSE method in each sample.
We then calculated the Spearman correlation coefficient between the
proportion of senescent cells and the percentage of cells exhibiting
positive SA-B-gal activity.

Oncogene-induced senescent HFF cells RNA-seq analysis

We performed experiments to generate RNA-seq data of
oncogene-induced senescence (OIS) and growing HFF cells (Sup-
plementary Notes 8 and 14) and applied hUSI to these samples. The
sample size for experiments was determined based on repeatability,
withaminimum of three replicates per condition to ensure statistical
robustness. Cells from the same passage were randomly allocated to
experimental conditions, with each condition biologically replicated
at least three times. Representative results shown in the figures were
randomly selected from all technical replicates. Experimental statis-
tical data distribution was assumed to be normal as we used a simple
randomization strategy, but this was not formally tested. Data collec-
tion and analysis were not performed blinded to the conditions of the
experiments.

Perturb-seq analysis of RPE1 cells

We obtained the Perturb-seq dataset for RPE1 cells from a previous
study', comprising a total 0f 228,790 cells and 2,393 genetic perturba-
tion annotations. The control group consists of cells with non-targeting
control single guide RNAs (sgRNAs), and the perturbation group com-
prises cells with sgRNAs specifically targeting a gene of interest. For the
perturbation group, we retained cells exhibiting expression levels of
thetargeted gene atlessthan1/4 of those observedinthe control group
using Python. hUSI-identified senescence regulators were defined as
those where perturbed cells showed a significantly higher hUSI (false
discovery rate (FDR)-corrected Wilcoxon P < 0.05) and a greater than
1.5-foldincrease in the hUSI compared to the control group. Raw unique
molecular identifier (UMI) counts were normalized to log (CP10K +1)
using Scanpy (version1.10.4). We selected the top 2,000 highly variable
genes using the ‘highly_variable_genes’ function of Scanpy. We then
constructed a nearest neighbor graph with default parameters and
performed uniform manifold approximation and projection (UMAP)
embedding using the top 10 principal components (PCs). Cells in the
perturbation group were ranked based on the fold change of hUSI for
subsequent KEGG pathway analysis. We further conducted experi-
mental validation for top hUSI-identified senescence regulators, with
details provided in Supplementary Notes 8 and 13.
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Analysis of snRNA-seq data of COVID-19-infected samples

The raw expression matrix was analyzed using Seurat (version 4.2.1)
in R (version 4.0.5). Then, we normalized the raw counts using the
NormalizeData function and calculated the hUSI score for each cell.
hUSI levels were compared between control and COVID-19 groups
across cell types, using a t-test to calculate significance as we assumed
the distribution of cells was normal, but this was not formally tested.
Subsequently, cells were categorized using the ‘cell_type_fine’ label,
resultingin 41 cell types, and SSE was employed to classify senescent
groupsineachcell type. We compiled alist of senescence-associated
genes (including CDKNIA, IL6 (NCBI Gene: 3569), CCL2 (NCBI Gene:
6347), CXCL10 (NCBIGene:3627), SERPINE1, THBS1 (NCBI Gene: 7057),
TIMPI (NCBI Gene: 7076), UBC (NCBI Gene: 7316), RPS27A (NCBI Gene:
6233), JUN (NCBI Gene: 3725), UBB (NCBI Gene: 7314), STAT3 (NCBI
Gene: 6774), UBE2E1 (NCBI Gene: 7324), RPS6KA2 (NCBI Gene: 6196)
and RPS6KA3 (NCBI Gene: 6197)) and cycling-associated genes (includ-
ing DHFR (NCBI Gene: 1719), MKI167 and LMNBI) and examined their
expression levels in both normal and senescent groups. The Find-
Markers function was used to calculate differentially expressed genes
(DEGs) ineachcell type (senescent group versus normal group), which
were subsequently used to perform GSEA in the KEGG database using
the ‘enricher’ function. For dividing the patients with COVID-19 into
moderate and severe groups, we used interval days between death to
symptom onset (‘interval_death_symptoms_onset_days’). If interval
days is less than the 0.25 quantile of all patients’ interval days, it is
classified as severe; if it is greater than the 0.75 quantile, it is classi-
fied as moderate.

Analysis of scRNA-seq data of melanoma samples

The processed melanoma single-cell matrices, retaining only defined
tumor cells (malignant = 2) and non-tumor cells (malignant =1) (includ-
ing T cells, B cells, macrophages, endothelial cells, CAFs and NK cells),
were analyzed using the R package Seurat (version4.2.1). To validate the
reliability of inferred tumor subpopulations, we identified specifically
highly expressing genes (log, fold change > 0.1) of each subpopulation
and overlapped them with DEGs derived from melanoma microarray
data (RS versus Growing), which were calculated using the linear mod-
els ‘Im (gene expession-pheno)’. The R function ‘phyper()’ was used to
test the overlapping significance. To observe the positional relation-
ships of the different subpopulations of CS states in the projected
space, for each gene, we calculated the Pearson correlation coefficient
between hUSIs and gene expression values of all cells and selected the
top 1,500 genes ranked by absolute correlation coefficient values as
huSI-related genes. Then, using the tool ICAnet (version 0.0.9)"¢, the
tumor cells were integrated based on the 89 co-expression modules
of the hUSI-related genes above. The phateR package (version1.0.7)"’
was used to infer the senescence trajectory based on five PCs of the
89 co-expression modules. Highly expressed genes of each tumor
subpopulation were enriched using the R package clusterProfiler
(version 3.18.1.)"*? on the GO database, using log, fold change as the
ranking metric. Cell communication analysis was carried out using the
R package CellChat (version1.0.0.)'**, and the communicationintensity
between tumor subpopulations and different non-tumor cell types
within a signaling network was quantified. When filtering pathways
specific for Senescent tumor cells, we set three tumor subpopula-
tions as ‘target’and T cell, NK cell, macro cell and CAF cell as ‘source’.
Only signaling pathways with no interaction strength in the Cycling
subpopulation were selected.

Data analysis of melanoma patient cohortin TCGA

The normalized level 3 RNA-seq data of a melanoma patient cohort
(SKCM), along with associated clinical data, were downloaded from the
TCGA database using the R package TCGAbiolinks (version 2.18.0)'.
To analyze the proportion of cells with different senescence degrees,
three tumor subpopulations were used as reference to deconvolute

the RNA-seq data of the SKCM patient cohort using the R package
EpiDISH (version 2.6.1)**. The abundance of the 22 immune compo-
nents was calculated using CIBERSORT (R script version 1.04.)*°. Sur-
vival analysis was performed using the R packages ‘survival’ (version
3.4-0) and ‘survminer’ (version 0.4.9) with ‘OS = vital_status’ and ‘OS.
time = days_to_last_followup’ as the parameters. The enrichment score
of four Senescent subpopulation-specific receptor genes (TGFBR2,
ACVRI1,ALCAM and CCR10) was calculated by the R package GSVA, using
the ‘gsva’ function with ‘method = zscore’.

Statistics and reproducibility

No statistical method was used to predetermine sample size, but our
sample sizes are similar to those generally employed in the field®.
For training set, the sample size for the training set was determined
through comprehensive data collection (public databases and publi-
cations were systematically searched using keywords such as ‘senes-
cence’,‘RNA-seq’ and ‘human’ to identify relevant datasets) and quality
control (only datasets containing both senescent and control samples
that met predefined standards were retained for analysis). For publicly
available datasets, the sample size was defined by the source publica-
tions. Only datasets with at least three replicates per condition were
included inthe analysis. In this study, the sample size for experiments
was determined based on repeatability, with aminimum of three rep-
licates per condition to ensure statistical robustness. In experiments,
cells from the same passage were randomly allocated to experimental
conditions at the seeding stage following the simple randomization
strategy, with each condition biologically replicated at least three
times. Representative results shown in the figures were randomly
selected from all technical replicates. In data analysis, we uniformly
sampled the data when performing the 10-fold cross-validation OOD
test. Data exclusion standards for model training are mentioned
in the Methods, and no data were excluded from the experiments.
For downstream analyses, low-quality cells were excluded from the
scRNA-seq and Perturb-seq analyses based on pre-established qual-
ity control criteria to ensure the reliability of the data. Although the
datadistribution was assumed to be normal, this assumption was not
formally tested, and most statistical tests employed in the study were
non-parametric. Statistical analyses were conducted using appropri-
ate statistical tests. Further details on the statistical methods can be
foundinthe figure legends.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All RNA-seq data generated by this study can be downloaded under
GEO accession number GSE282274. The published datasets included
inthis articlearerecorded in Supplementary Table1for hUSI develop-
mentandin Supplementary Table 3 for hUSI validation. The processed
RNA-seq profile usedto develop hUSIis depositedinafigshare database
(https://figshare.com/s/0335252fca31a5303510). The GRC38 refer-
ence genome used to align the raw sequence files was downloaded
from the NCBI (https://www.ncbi.nlm.nih.gov/datasets/genome/
GCF_000001405.26/). The gene annotation file was downloaded from
GENCODE (https://www.gencodegenes.org/human/release_31.html).
The processed melanoma profiles were downloaded from the GEO
under accession number GSE72056 (ref. 153). The raw single-nuclei
counts matrix of normal and COVID-19 patients’ lung tissues was
downloaded from the GEO under accession number GSE171524
(ref. 144) along with the corresponding metadata. All source data
used to reproduce the results in this article can be found in a GitHub
repository (https://github.com/WJPina/HUSI/tree/main/Data). Any
other data reported in this paper are available from the lead contact
uponreasonable request.
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Code availability

hUSI can be implemented in both R and Python. The data and codes
used toreproduce our analysis results are provided in a GitHub reposi-
tory (https://github.com/WJPina/HUSI) along with a detailed usage
guideline.
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Extended Data Fig. 2 | Performance comparison of models and distribution of
the OCLR-learned features. a. AUC values for models with L2 =1across various
quantification methods (Dot, Logistic, Pearson, Spearman, Gsva, and Mean).
Only the top 50 methods were displayed and only the top 10 were labeled. The red
points represent the best performed methods—Spearman correlation—which
isused for hUSI computation. b. AUC values of hUSI applied to integrated bulk
gene expression profiles from IMR9O0 cells across five studies (PRINA395363,
PRJNA395378, PRJNA503415, PRJINA449912, PRINA293984), distinguishing non-
senescent (grey) and OIS (red) samples. ¢, d. Bar plots showing the mean AUC
values across five studies (mentioned in (b)) with different sparsity levels (c) and
outlier percentages (d) in gene expression profiles. e, f. The AUC values of OCLR
versus RF, EN, and SVM models in OOD test, both overall (f) and by cell type (e).
g.The AUC values of OCLR and two-class models (RF, EN, SVM) with different

celltype numbers.h. The false positive rate, false negative rate, F1score and
AUC of SSE binary hUSIin 10-folds CV OOD test. i. Distribution of gene weights
in OCLR-learned senescence features, highlighting genes related to senescence
(red), cycling (blue), and SASP. j. Enrichment analysis of OCLR-learned
senescence features on 268 cell type marker sets from the CellMark database
and one senescence-associated gene set (SenUP) for comparison. P-values were
calculated by permutation test (n =1,000 iterations) using GSEA function, and
adjusted by the Benjamini-Hochberg (BH) method. k. Bar plots exhibiting gene
sets (top 5 for each database: HALLMARKER, GO, KEGG, and Reactome) positively
(left) and negatively (right) enriched by the OCLR-learned senescence features.
1, m. OCLR-learned senescence features were significantly positively enriched
insenescence associated gene sets (I) and negatively enriched in proliferation
genesets (m).

Nature Aging


http://www.nature.com/nataging
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA395363
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA395378
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA503415
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA449912
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA293984

Technical Report

https://doi.org/10.1038/s43587-025-00886-2

a b Age group (years) 5 20-49 £3 50-79 C
hUSD 1.00{ . -
. -log10(Pval) a0 . O é LA GSE113957
] ® 50 0.75 W T 88 9 nA i
E I |
1o o y# ww 3L HTATEG el e
— i 114 H o~
@ s HeT ) l !
%, R B o050l ﬁﬂ g ?qﬁ ?‘ g ; L i ET#
S B 2 é |
850® cs_Store 01 025 I T%
T '._ SENCAN 00
L) SenCID 0.00
0 it s I RESLLAASFIERASOLLAE A0 QE o Scod £, @
A S @ AN N - -
1 00 o1 o2 a&@&%@&%\:\\é%ﬁ\ﬁ%e@(\%*3_\°°V\VQ\°"$@O}32‘§%§ ‘°3@2§«9\§%‘60Q 1 52 51-96
Correlation between score and age G F & &R LY & ge group
LS 4 (years)
d e f GSE81547 huslI
1.00{p =0.42, P=6.48x1G:"" Teo2019 "
prs
1.00 1.00
0.75 0.75
0.50 0.50
0.25 0.25
0.00 0.00
0 25 50 75 100
Age (years)
9 Zirkel2018 husl Te0201902
1.00 1.00 —
e
1.00 "' 1% oms
0.75 075
075  _ R}
o 050 B050 o > 050 5050
w 025 < woLe g 0.25
3 ' 025 % e 025
2] : 0.00 ST X
: 0.00 #8550 0.00
e tSNE iferati
1SNE, {SNE4 Proliferation Senescence 1 Proliferation S*e:escence
i Noah2023 husl o J Tang2019 husl 100 o
100{ .
1.00 e ot
5075 075 _
075 5 050 8050
0.50 < 0.50 . 025 =
z ."‘. .
3 > . 0.25
0.25 025 @ ‘!,J:W 0.00
000 0.00
0.00 SNE; ) N
S o S
Growing RS CIS IRIS «?00 ?OC‘“ 506“060600*
A Y ge® \’0«?
k Aarts2017 husl b | GSE175533 husl
1.00 —
0.75
LT 100 =
.- 075 2050
~ ~ <=
g y 0.50 025
2 2 025
0.00 ooof W

L.tSNE1 I—.tSNE}

Extended Data Fig. 3| The distribution of hUSI across diverse datasets. a.
Scatter plot showing the significance of Spearman correlation between hUSI
scores and the ages of GTEx samples. Each point represents a different method,
with the top five correlated methods labeled. P-values were calculated using cor.
test function. b. Box plot of hUSI levels in GTEx samples stratified across various
tissues by age groups (n =17382 samples; 5345 donors aged 20 to 49 and 12037
donorsaged 50 to 70). Asterisks denote significance levels, (two-tailed ¢-test).
c.t-SNE distribution of bulk samples from donors aged from1to 96 years, which
were clustered into two age groups (left panel). The middle panel shows hUSI
values for each sample in UAMP, while the right panel shows the comparison

of hUSl levels between the two age groups (n = 143 samples; 83 donors aged

1to 50 and 60 donors aged 51to 96; two-tailed Wilcoxon test). d. Scatter plot
showing the Spearman correlation between hUSI scores and age in the human
skin dataset. e. Cell distribution in the Te02019 dataset. The left panel shows

the t-SNE distribution of different cell groups, and the right panel displays hUSI

Proliferation Senescence

values for each cell. f. Cell distribution in the human pancreas dataset. g-k. Five
single-cell RNA-seq datasets included for benchmarking (the number of cells

for each dataset is provided in Supplementary Data 3). The left panel shows the
t-SNE distributions of different cell groups, the middle panel displays hUSI values
for each cell, and the right panel presents the comparison of hUSI levels across
different groups (two-tailed Wilcoxon test). . The t-SNE distribution of cells at
differentimmortalization stages ("nTERT_2 and hTERT_7) and passage stages
(PDL_25,PDL_29,PDL_33,PDL_37,PDL_46,and PDL_50). The boxplotsin the upper
panels (b-c, g-k) represents the interquartile range (IQR), with its lower and
upper edges indicating the 25" and 75™ percentiles, respectively. The medium
value (50" percentile) is shown within the box, and the whiskers extend to the
minimum and maximum values within 1.5 times the IQR of the quartiles. For all
statistics, *denotes p < 0.05, ** denotes p < 0.01 and *** denotes p <1e-3; The exact
p values are reported in Source Data for Extended Data Fig. 3.
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Extended Data Fig. 4| hUSI revealed potential senescence regulators. a. A high
similarity transcript (ENSG00000275464) hinders the design of siRNA for the
knockdown of PWP2. b-e. Senescence validation of PRIMI knockdown in ARPE19
cells (n =3 biological replicates; two-tailed t-test, the exact p values were shown
inSource Data Extended Data Fig. 4). PRIM1 was knocked down by two siRNAs
(si-PRIM1-1and si-PRIM1-2) (b). The senescence status was demonstrated by
representative images of SA-B-Gal staining (c). The gene expression of CDKNIA,

CDK1, LMNBI and MKI67 evaluated by qRT-PCR (n = 3 biological replicates) (d)
and the Western blot of p21 protein levels (e) before and after PRIMI1 knockdown
in ARPE19 cells, with GAPDH serving as the internal control. f-i, j-m, n-q and r-u
present the senescence validation results for PSMA7, INCENP, PSMD2, and DDX49
(asthoseinb-e), respectively. Data are presented as mean + SEM. *,**, and ***
denote p <0.05, p <0.01and p <1e-3, respectively, two-tailed t-test. The exact p
values of f-h, j-1, n-p, r-t were shown in Source Data for Extended Data Fig. 4.
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Extended Data Fig. 5| The accumulation of senescent cells in COVID-19. a. Bar plot showing the percentage of senescent subpopulations across various cell types.
b, c. Dot plots displaying the fractional difference of Senescent-like cells (y-axis) between the COVID-19 and Control groups (b) and that between Severe and Moderate
COVID-19 groups (c) across all fine cell types.
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Extended Data Fig. 6 | hUSI identifies prognosis-related senescent tumor
cellsin melanoma. a. The distribution of hUSI across different senescent
subpopulations. b. Venn diagram showing the validation of subpopulation

of different senescence degrees (Cycling, Transitional and Senescent) by
overlapping their specifically highly expressed genes with genes up-regulated
inreplicative senescent (RS) or growing samples. P-values were calculated

by hypergeometric distribution test. c. Heatmap showing the activity values
of 89 ICAnet modules across cells, sorted by hUSI value. d. Survival curves of
melanoma patients with low or high proportion of Transitional subpopulation
in TCGA-SCKM cohort. e. Survival curves of melanoma patients with low or
high proportion of Cycling subpopulationin TCGA-SCKM cohort. f.Incoming

(left panel) and outgoing (right panel) network in each tumor subpopulation
and other cell types, with point size indicating interaction strength and arrow
thickness representing weight size. g. River plot showing the outgoing pattern
land 6in three tumor subpopulations (left panel) and the corresponding
genesinvolved in these two patterns were labeled out (right panel). h. Chord
plots showing the interaction between Senescent subpopulation and other cell
types in tumor microenvironment by CSPG4, CD6, CD46 and CCL signaling
pathways, respectively. i-l. Survival curves of melanoma patients with low or
high expression of TGFBR2 (i), ACVRI (j), ALCAM (k), and CCR10 (I) in TCGA-SCKM
cohort.
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