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ABSTRACT 

A comprehensive understanding of age-related changes in the human immune system is critical for deciphering the mechanisms 
of immunosenescence. Although transcriptomic studies have described immune alterations during aging, investigations into the 
proteomic layer and integrated multi-omics approaches remain scarce. Here, we performed multi-omics sequencing on peripheral 
blood samples from 69 individuals aged 23–75 years. We identified widespread dysregulation of RNA splicing in aging immune 
cells, with exon skipping being the most prevalent splicing event, which was mainly enriched in protein regulation-related 
processes. Notably, lncRNAs such as SNHG1 and RP1-3J17.3 modulated the expression of splicing-regulatory mRNAs and proteins 
in aging immune cells, thereby influencing the RNA splicing of downstream genes. Splicing dysregulation of genes including 
EIF4G1, a translation initiation factor, led to alterations in protein translation, modification, and degradation, ultimately reshaping 
protein profiles in aging leukocytes. These proteomic alterations in our data reflect a gradual weakening of T-cell function during 
aging. Together, unlike previous studies that focused only on single molecular layers, our study elucidates the interconnected 
nature of molecular regulation within leukocytes during aging, uncovers cross-level interactions and regulatory networks, and 
provides a comprehensive multi-omics resource for understanding immune aging and identifying potential strategies to delay 
immunosenescence. 
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 Introduction 

ging is a multifaceted biological process characterized by pro-
ressive physiological and molecular alterations that are closely
ssociated with increased morbidity, organ dysfunction, and
ortality [ 1, 2 ]. This intricate process significantly influences the
uanyou Wu, Botao Zhang, Xiaochen Zhi, and Qi Zhang contributed equally to this work

his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
2026 The Author(s). MedComm published by Sichuan International Medical Exchange

edComm , 2026; 7:e70817 
ttps://doi.org/10.1002/mco2.70817
immune system, instigating modifications in immune function
and subtypes. As time progresses, the immune system experi-
ences a gradual decline in its capacity to respond to foreign
pathogens and infections, coupled with a diminished ability
to recall and refine memory responses [ 3, 4 ]. Concurrently,
circulating inflammatory mediators often increase moderately,
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 phenomenon termed “inflammaging” [ 5, 6 ]. Thus, immune
ging is characterized by impaired host defense and an increased
urden of chronic inflammatory diseases. 

 comprehensive characterization of age-related alterations in
he human immune system is imperative for comprehend-
ng the molecular mechanisms underlying immunosenescence,
lucidating the intricate connections between immune dys-
egulation and disease susceptibility in older individuals. In
arallel, rapid advances in multi-omics technologies have sub-
tantially expanded our ability to interrogate immune aging with
nhanced resolution and functional depth. To date, most studies
f immune senescence have predominantly relied on transcrip-
omic approaches [ 7–9 ]; however, transcriptomic profiling alone
s insufficient to capture post-transcriptional regulation, protein
bundance, and functional proteoforms that ultimately govern
ellular behavior [ 10–12 ]. 

ecent studies indicate that immune aging is driven not only
y transcriptional reprogramming but also by extensive post-
ranscriptional and proteomic remodeling, particularly age-
ssociated alternative splicing and proteoform diversity, which
eshape immune function and antigenic landscapes [ 13–16 ]. In
upport of this concept, a recent large-scale proteomics resource
onstructed the first comprehensive atlas of protein isoforms gen-
rated by alternative splicing, revealing numerous non-canonical
roteoforms implicated in biological pathways relevant to aging
nd neurodegeneration [ 17 ]. Complementarily, growing evidence
ighlights the impact of aging on alternative splicing regulation:
 recent study demonstrated widespread age-dependent splicing
lterations in human peripheral blood, some of which give rise to
ovel peptide sequences that were experimentally validated at the
rotein level, suggesting previously unrecognized mechanisms
f age-related immune regulation [ 18 ]. Together, these findings
ndicate that single-layer transcriptomic analyses are insufficient
o capture the functional complexity of immunosenescence and
nderscore the need for integrative multi-omics- approaches.
espite these advances, studies simultaneously profiling matched
ranscriptomic, proteomic, and immune repertoire layers across
ge groups remain scarce, although such approaches can provide
aluable, non-redundant biological insights [ 19 ]. 

n this study, we collected peripheral blood samples from indi-
iduals across different age groups and conducted comprehensive
rofiling of transcriptomes, proteomes, and T-cell receptor (TCR)
epertoires within the same set of samples. In addition, publicly
vailable single-cell sequencing datasets were incorporated to
nhance cellular resolution. By integrating multi omic layers, our
nalysis provides novel insights into how aging reshapes immune
omposition and function, enabling a deeper understanding of
mmunosenescence. 

 Results 

.1 Changes in Immune Cell Abundance and 

RNA Expression With Aging 

e performed RNA sequencing on peripheral blood samples
rom 67 subjects, classified as young ( n = 16), middle-aged ( n
 22), and elderly ( n = 29) (Figure 1A ; Table S1 ). To evaluate
of 16
the potential confounding effect of the extended sample collec-
tion period, we performed a principal component analysis on
the global transcriptomic profiles. The analysis revealed that
samples did not cluster by collection year. Instead, the major
source of molecular variation was distinctly stratified by age
(Figure S1A,B ), indicating that technical and seasonal effects were
negligible relative to aging-associated biological signals. Using
CIBERSORT on peripheral white blood cell mRNA profiles, we
estimated the distribution of 22 immune cell subtypes. This
analysis revealed an overall decrease in T cells with advancing
age, especially the naïve CD4 T cells (Figure 1B,C ), which are
essential for adaptive immune initiation, antigen recognition,
and immune tolerance. Because age-related reductions in naïve
CD4 T cells have not been consistently reported [ 20–22 ], we
validated this finding in an independent cohort ( n = 58; age
range, 21–65 years) using flow cytometry. The results confirmed a
consistent age-associated decline in naïve CD4 T-cell proportions
(Figure 1D ; Table S2 ). We also observed an upward trend in
the proportion of neutrophils with age (Figure 1B,E ), whereas
no significant differences were detected in the proportions of
other immune cells, such as monocytes (MC), B cells, and NK
cells (Figure 1B ). These findings align with results obtained from
previous single-cell level analyses [ 9 ], underscoring the reliability
of our transcriptomic data. 

Through the fuzzy c-means algorithm from “ClusterGVis” R
package, we observed that protein-coding mRNAs exhibiting an
age-related increase in expression can be categorized into four
types: C1, a rapid increase from young to middle age followed
by a slower increase in old age; C2, a continuous rapid increase
across age groups; C3, a rapid increase from young to middle
age followed by stable expression in old age; and C4, a rapid
increase from young to middle age followed by decline in old
age (Figure 1F ). Notably, the genes in C1 and C2, the two sets
with continuous upregulation across young, middle-aged, and
old age, are predominantly enriched in the “defense response
to external stimulus.” The genes in C3 are mainly enriched
in “myeloid cell development and differentiation,” indicating
increased activity of myeloid cells in middle age compared to
young age, which is maintained in old age. On the other hand,
the genes in C4 are primarily enriched in “alpha-beta T cell
activation and differentiation,” suggesting a gradual decline in
the functionality of alpha-beta T cells from middle age to old age
(Figure 1F ). 

Among protein-coding genes exhibiting a decline in expression
with age, there are also four distinct types: C5, a rapid decrease
from young to middle age followed by an accelerated decline in
old age; C6, a rapid decrease from young to middle age followed
by slower decline; C7, stable expression from young to middle
age followed by marked decline in old age; and C8, increased
expression from young to middle age followed by accelerated
decline in old age (Figure 1G ). Notably, C6 is predominantly
enriched in “alpha-beta T cell activation and differentiation,”
corroborating the observation in C4 and collectively indicating
a gradual decline in the functionality of alpha-beta T cells from
middle age to old age. Genes in C5, C7, and C8 are commonly
enriched in “mRNA processing, RNA splicing, and cytoplasmic
translation,” suggesting a rapid decrease in the expression of
genes related to RNA splicing and protein translation from middle
age to old age (Figure 1G ). 
MedComm, 2026



FIGURE 1 Changes in immune cell abundance and mRNA expression with aging. (A) Grouping information statistics for transcriptome 
sequencing samples in the aging cohort. (B) Barplot illustrating the proportions of immune cells in the three groups. (C) Boxplot showing the proportions 
of T cells in the three groups. (D) Dot plots illustrating the correlation between age and the ratio of naïve CD4 T cells to total CD4 T cells. (E) Boxplot 
showing the proportions of neutrophils in the three groups. (F and G) The leftmost line graph and the middle heatmap depict the expression trends 
of these genes across the three age groups, with the rightmost text indicating the enriched GO terms for the respective gene sets. (H) Dot plot of TF 
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ranscription factor (TF) regulatory programs are associated with
ge in peripheral blood leukocytes. Regulon enrichment analysis
howed that targets of several TFs were significantly overrepre-
ented among age-associated mRNAs, with MYC, TP53, E2F1,
nd SPI1 among the top enriched TFs (Figure 1H ). To investigate
hether TF activity itself changes with age, we inferred sample-
evel TF activities from the bulk RNA expression data using
IPER with DoRothEA regulons. MYC activity across samples
howed a significant negative association with age, indicating a
ecline of inferred MYC activity in older individuals. In contrast,
PI1 activity increased with age. TP53 and E2F1 activities did not
how consistent correlation with age in this cohort (Figure 1I ).
o further assess evidence of direct DNA binding, we scanned
romoters (–2 kb to + 200 bp relative to transcription start
ite) of the age-associated genes for known TF motifs (JASPAR
WMs). Promoter motif enrichment analysis revealed signifi-
ant enrichment of motifs annotated as MAX, MYCN, MYC,
nd MAX::MYC heterodimer within promoters of age-associated
enes (Figure 1J ). These factors belong to the basic helix–loop–
elix leucine zipper (bHLH-LZ) family that recognize canonical
-box sequences (e.g., CACGTG) and regulate programs of cell
rowth, metabolism, ribosome biogenesis, and cell-cycle pro-
ression. MYC (commonly referred to as c-Myc) and MYCN
N-Myc) act as transcriptional activators when dimerized with
he obligate partner MAX. In peripheral blood leukocytes, MYC–
AX activity is tightly linked to cellular activation and prolifer-
tive responses [ 23 ]. Taken together, these results implicate the
YC–MAX axis in regulation of age-associated transcriptional
rograms. 

.2 lncRNAs Mediate Immunoinflammatory 
tate and Splicing Dysregulation During Aging by 
odulating mRNA 

resently, it is well established that lncRNAs play pivotal roles
n various biological processes, and several have been impli-
ated in aging. To systematically characterize lncRNA changes
uring aging, we analyzed our expression profiles and detected
428 lncRNAs, of which 560 were age-associated, including 300
pregulated and 260 downregulated lncRNAs (Table S3 ). The
ost highly expressed lncRNAs in each age group are illustrated
n Figure 2A . Particularly, lncRNAs highly expressed in the
lderly group may serve as potential biomarkers of immune
ging. We further observed that age-associated lncRNAs are
rimarily localized in the cytoplasm (Figure 2B ). Cytoplasmic
ncRNAs are often involved in post-transcriptional regulation and
mpact processes such as mRNA stability, protein translation,
nd the competitive endogenous RNA (ceRNA) network. Further
unctional enrichment analysis using LncSEA [ 24 ] showed that
hese lncRNAs primarily regulate miRNAs (Figure 2C ), thereby
nfluencing mRNA expression and supporting their predominant
ytoplasmic function. Their expression was mainly regulated by
egulon enrichment among age-associated mRNAs. Each point represents a TF
f overlapping target genes and color denotes odds ratio. (I) Inferred sample-
otif enrichment analysis of age-associated genes. The dot plot displays signi
ize representing the number of age-associated genes containing the motif. M
ere significantly enriched. 
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enhancers, TFs, and accessible chromatin, rather than RNA-
binding proteins (Figure 2C ). 

Further analysis revealed that 201 mRNAs were co-expressed
(correlation coefficient > 0.85) with the upregulated lncRNAs
associated with aging, predominantly enriching in defense
response to virus and myeloid leukocyte activation (Figure 2D,E ).
Literature reports indicate that aging of the immune system is
characterized by sustained low-level activation of innate immune
cells, leading to an inflammatory environment, which may be
correlated with lncRNAs. Moreover, only 20 mRNAs were co-
expressed (correlation coefficient > 0.85) with the downregulated
lncRNAs over time. Notably, five of these mRNAs are splicing
factors, exhibiting significant enrichment in RNA splicing. These
splicing factors were mainly co-expressed with SNHG1 and RP1-
3J17.3 (Figure 2E,F ). This suggests that the rapid decline in the
expression levels of RNA splicing-related genes from middle age
to old age is, in part, attributable to lncRNA. 

2.3 Age-Associated Changes in mRNA 

Expression of Immune Cells Revealed by Single-Cell 
Transcriptomics 

The preceding bulk RNA-seq analysis of mixed immune cells
provided an overview of aging-related features in the peripheral
immune system. To further examine immune cell subtype-
specif ic aging signatures, we analyzed a single-cell transcriptomic
dataset of PBMCs from 16 healthy individuals stratified by age
(Figure 3A ). 

Using canonical immune cell markers and immune cell-enriched
gene sets, t-SNE clustering identified five major immune cell
types: T cells (TC), natural killer cells (NK), B lymphocytes (BC),
MC, and dendritic cells (DC) (Figure S2A ). CD3 T cells were
further re-clustered into CD4 and CD8 T cells. CD4 T cells were
subdivided into naïve CD4 cells, central memory T cells (Tcm),
effector memory T cells (Tem), regulatory T cells (Treg), and
exhausted T cells (Tex), whereas CD8 T cells were subdivided
into naïve CD8 cells, cytotoxic T lymphocytes, CD8 Tem, and
CD8 Tex (Figure S2B,C ). NK cells were re-clustered into immune
regulatory NK1, cytotoxic NK2, and late-stage NK3 cells (Figure
S2D ). B lymphocytes were divided into naïve B cells, memory B
cells, antibody-secreting cells (ASC) with high MZB1 expression,
and age-associated B cells (ABCs) with high ITGAX expression
(Figure S2E ). We then systematically analyzed aging features
across these major immune cell classes and subtypes. 

We first constructed a differentially expressed gene set associated
with aging (adjusted p -value < 0.05, |Log2FC| > 0.25). At the
single-cell level, specific aging signals were observed (Figure
S3A ), such as the upregulation of classical cellular aging markers
CDKN1A (p21) and CDKN2A (p16) across various immune cell
 regulon (DoRothEA, confidences A–C); point size indicates the number 
level TF activities (VIPER) and their associations with age. (J) Promoter 
ficantly enriched motifs, with dot color indicating the odds ratio and dot 
otifs annotated as MAX, MYCN, MYC, and the MAX::MYC heterodimer 
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FIGURE 2 LncRNAs mediate immunoinflammatory state and splicing dysregulation during aging by modulating mRNA. (A) Heatmap showing 
the most highly expressed lncRNAs in each age group. Red indicates high expression while green represents low expression. (B) Bar chart illustrating 
the subcellular localization distribution of age-associated lncRNAs. (C) The left half of the dot plot displays the downstream effects of age-associated 
lncRNAs, while the right half shows the factors regulating age-associated lncRNAs. Gray dots represent p > 0.05, and the color intensity of the dots 
indicates the significance level. Larger dots denote a higher abundance of age-associated lncRNAs in the corresponding category. (D) lncRNA-mRNA 

co-expression regulatory network. Orange circles indicate upregulated lncRNAs with age. The central purple circle represents the GO enrichment results 
of mRNAs co-expressed with these lncRNAs. The size of purple circles indicates the number of co-expressed mRNAs in each Gene Ontology term. (E) 
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ypes. Concerning lymphocytes, we assessed the expression levels
f several lymphocyte-specific aging and exhaustion biomarkers.
he results revealed varying degrees of immune aging-associated
lterations among different lymphocyte subgroups. Among the
ive immune cell types, T lymphocytes exhibited the most
ronounced abnormal changes, with CD8 T-cell subtypes show-
ng the most significant age-related gene expression alterations
Figure 3B ). Both T lymphocytes and NK lymphocytes displayed
arying degrees of exhaustion characteristics (Figure 3B ). 

ndeed, beyond aging and exhaustion markers, each cell subtype
xhibited broad transcriptomic remodeling during aging. We
onducted separate analyses for the differential genes in each of
he five major immune cell types and their respective immune cell
ubtypes. Overall, both lymphoid cells (TC, BC, NK) and myeloid
ells (MC, DC) exhibit pronounced changes in their transcrip-
omes with aging. These cells consistently upregulate signaling
athways mediated by TNF, myeloid cell activation, innate
mmune response, and the G2/M phase transition of the cell cycle,
hile processes such as RNA splicing, nucleic acid transport and
ocalization, histone modification, and telomere maintenance
how widespread downregulation (Figure 3C,D ). Subsequently,
e delved into the distinctive biological processes associated
ith the dysregulation of various lymphocyte subtypes. Focusing
n CD8 T cells, the upregulated genes are not only involved
n TNF-mediated immune response but also participate in IL -
 response, TCR signaling pathways, and antiviral regulation.
onversely, the downregulated genes are significantly enriched
n biological processes such as RNA splicing (Figure 3E,F ). CD4
 cells showed similar upregulated biological processes (Figure
4A ), but downregulation of T-cell activation, differentiation, and
ell adhesion suggested impaired immune regulatory function
Figure S4B ). Notably, the significant upregulation of cytotoxic
egative regulation processes in NK cells, coupled with the
ownregulation of B-cell proliferation and activation, as well as B-
ell receptor-mediated signaling pathways, collectively indicates
 decline in the antiviral activity of these cells (Figure S4C–F ). It
s noteworthy that RNA splicing-related genes are downregulated
ith increasing age in both NK cell subtypes and B-cell subtypes
Figure S4D,F ). Thus, single-cell transcriptomics confirmed bulk
ranscriptomic findings, including peripheral immunoinflamma-
ory activation and RNA splicing dysregulation, while revealing
ubtype-specific immune aging signatures. 

.4 Protein Expression Dynamics and Their 
nteraction With lncRNA and RNA Splicing During 
ging 

e selected 48 samples from the aging cohort for mass spec-
rometry analysis (Table S1 ), with sample information shown
n Figure 4A . Across all samples, 4344 proteins were identi-
ied, with slightly more proteins detected in the elderly group
Figure 4B , Figure S5A ). Since all samples were processed
nrichment results of mRNAs co-expressed with age-associated lncRNAs. P
pregulated lncRNAs with age, while blue bars represent the enrichment res
egulatory networks summarizing the lncRNA-splicing factor correlation pai
lue circles represent co-expressed splicing factors. 
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on the same platform in randomized order, this may indicate
that more proteins reached the mass spectrometry detection
threshold in immune cells from elderly individuals. Before
analysis, protein quantification values were corrected by total
sum normalization, and distributions before and after correction
are shown in Figure S5B,C . Among the 4344 proteins detected
across the cohort, 130 were identified exclusively in the elderly
group. Functional enrichment revealed that these proteins are
predominantly associated with cell-cycle regulation and DNA
maintenance, including “cell cycle checkpoint signaling,” “DNA
repair,” and “DNA damage checkpoint signaling” (Figure S5D ).
This enrichment suggests altered proliferative dynamics and
an elevated engagement of DNA-damage response pathways in
immune cells from older individuals, which may reflect increased
cellular stress, compensatory repair activity, or greater genomic
instability within particular immune subpopulations. 

Then, we performed a genome-wide per-gene correlation anal-
ysis between mRNA expression and protein abundance to
characterize the concordance of transcriptomic and proteomic
measurements. Correlation strength was classified based on the
absolute correlation coefficient as follows: weak (0.1 ≤ | r | < 0.3),
moderate (0.3 ≤ | r | < 0.5), and strong (| r | ≥ 0.5). Using this
scheme, a total of 264 genes passed quality filters and were cat-
egorized: 10 (3.8%) showed weak correlation, 195 (73.9%) showed
moderate correlation, and 59 (22.3%) showed strong correlation
between mRNA and protein levels. Regarding directionality, 47
genes showed significant negative correlations, including four
weak, 29 moderate, and 14 strong negative correlations. Among
the strong negative set, PTPRA, TRIP12, DNAJC3, IGBP1, and
TAP2 were the most statistically prominent genes ranked by
absolute correlation magnitude (Figure S5E ), suggesting substan-
tial post-transcriptional and/or translational regulation of their
protein-level changes. 

We then conducted single-sample gene set enrichment anal-
ysis on genes related to cellular senescence obtained from
the CellAge database and observed a significant increase in
pro-aging-related proteins within leukocytes as age advanced
(Figure 4C ). Subsequently, we aimed to assess the peripheral
immune characteristics from the perspective of immune cell
scoring based on our curated reference gene list (Table S4 ). We
found that with increasing age, the immune scores of Tcm and
cytotoxic T cells showed a decreasing trend (Figure 4D,E ), and
the TCR signaling pathway also exhibited a decreasing trend
(Figure 4F ). Therefore, the proteome reflects a gradual weakening
of T-cell function with age. 

We further identified 349 proteins that undergo changes with
age, including 139 proteins upregulated with age and 210 proteins
downregulated with age (Table S5 ). Protein expression changes
were significantly associated with lncRNA alterations: 67 age-
associated proteins strongly correlated with 225 age-associated
lncRNAs (| r | > 0.7). Age-upregulated lncRNAs tended to be
negatively correlated with age-downregulated proteins, whereas
ink bars represent the enrichment results of mRNAs co-expressed with 
ults of mRNAs co-expressed with downregulated lncRNAs with age. (F) 
rs, where blue triangles indicate downregulated lncRNAs with age, and 
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FIGURE 3 Age-associated changes in mRNA expression of immune cells revealed by single-cell transcriptomics. (A) Statistical information on 
sample grouping in single-cell transcriptome sequencing. (B) Expression characteristics of molecular markers associated with cell aging and exhaustion 
across different cell subtypes. Red indicates high expression in the elderly group, while blue represents low expression in the elderly group. (C and D) 
The upper panel displays an UpSet plot depicting the intersection of genes upregulated (C) and downregulated (D) in the five major immune cell types 
during aging. The heatmap below illustrates the biological function enrichment results of these genes. (E and F) The upper panel displays an UpSet plot 
depicting the intersection of genes upregulated (E) and downregulated (F) in various CD8 T-cell subtypes during aging. The heatmap below illustrates 
the biological function enrichment results of these genes. 
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FIGURE 4 Protein expression dynamics and its interaction with lncRNA and RNA splicing through aging. (A) Statistical information on sample 
grouping in mass spectrometry. (B) Box plot showing the number of identified proteins in each sample within the three age groups. (C) Scatter plot 
demonstrating the overall increase in the expression of pro-aging proteins with age. (D–F) Scatter plots illustrating the decreased activity of Tcm, cytotoxic 
T cells, and TCR signaling pathway with increasing age. (G) The left half of the figure presents a heatmap of proteins whose expression increases and 
decreases with age, while the red bars on the right represent the enrichment analysis results for proteins upregulated with age, and the green bars 
represent the enrichment analysis results for proteins downregulated with age. (H) Heatmap depicting the expression levels of splicing factors identified 
by proteomics that are downregulated with age. 
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ge-downregulated lncRNAs were mainly positively correlated
ith age-downregulated proteins (Figure S6 ; Table S6 ). These
indings suggest that proteins experiencing decreased expression
ith age may be influenced by changes in lncRNA expression.
mong these proteins, HMGB1 and MECP2 are currently known
o inhibit cellular senescence. Besides, the functions of proteins
ownregulated in response to lncRNA influence were primarily
nriched in RNA splicing (Figure S6 ). 

mong the 139 proteins upregulated with age, there was an
nrichment in metabolism-related genes, while the enrichment
esults for the 210 age-associated proteins, which decreased
ith age, were primarily enriched in RNA splicing (Figure 4G ).
leven splicing factors were detected exhibiting downreg-
lation with age in the proteomic analysis (Figure 4H ).
ence, the bulk RNA-seq, single-cell transcriptome, and pro-
eome consistently highlight RNA splicing as one of the
of 16
markedly downregulated biological processes in leukocytes with
age. 

2.5 Alterations in RNA Splicing and 

Their Impact on Protein Profiles During Aging 

We next examined age-related RNA splicing changes in leuko-
cytes. Seven alternative splicing event (ASE) types were iden-
tified: alternate acceptor site (AA), alternate donor site (AD),
alternate promoter (AP), retained intron (RI), alternate termi-
nator (AT), exon skipping (ES), and mutually exclusive exons
(ME). Retaining only ASEs detected in at least two samples per
group yielded 32,681 ASEs. The proportions of the seven ASE
types were similar across age groups, and most samples contained
> 20,000 ASEs (Figure 5A ). Correlation analysis identified 684
age-associated ASEs, with ES being the most frequent, followed
MedComm, 2026



FIGURE 5 The alterations of RNA splicing and its impact on protein profiles through aging. (A) Overview of ASEs in peripheral blood samples 
from our aging cohort. Bars depict the proportion of the seven ASE types in each sample, and points indicate the total number of ASEs identified in each 
sample. (B) The count of the seven types of age-associated ASEs and their associated genes identified in the aging cohort. (C) UpSet plot illustrating 
the intersections among the seven types of age-associated ASEs. (D) The enumeration and proportion of genes exhibiting specific features (as indicated 
on the y-axis) within the 517 genes influenced by age-associated ASEs. The darker color in each bar represents the percentage of genes having isoforms 
that corresponding feature varies. (E) GO enrichment analysis results for genes affected by age-associated ASEs, with darker colors indicating smaller 
p-values and larger points representing a greater number of enriched genes. (F) The count of age-associated ASEs regulated by each splicing factor 
downregulated with age. 
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y AP (Table S7 ). These ASEs affected 517 genes (Figure 5B ).
lthough some genes were affected by multiple ASE types, most
ere regulated by only one age-associated ASE type (Figure 5C ). 

mong the 517 genes affected by age-associated ASEs, most
ad isoforms with transcript-level differences, including coding
equence (CDS) and 3 ′ untranslated region (UTR) length, as
edComm, 2026
well as protein-level differences, including protein domains and
binding sites, suggesting that aberrant splicing may substantially
alter gene function (Figure 5D ). Known aging-promoting genes,
including AKT1, IRF5, and SREBF1, and aging-inhibiting genes,
including FOS, NEK1, RUVBL2, and SGK1, showed splicing
alterations during aging (Table S7 ). Genes affected by RI, AP,
and ES events were significantly enriched in biological processes.
9 of 16
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1

ge-associated RI events primarily impacted “cytoplasmic trans-
ation,” AP events predominantly affected “regulation of alpha-
eta T cell activation and differentiation,” and while ES events
ainly influenced RNA splicing and protein regulation-related
rocesses, such as “protein modification,” “protein deubiquitina-
ion,” and “cytoplasmic translation” (Figure 5E ). ASEs in genes
nvolved in protein translation, modification, and degradation
ay strongly influence the protein profile. Among the 4344 iden-
ified proteins, 2732 were strongly correlated with ASEs in these
enes (| r | > 0.7; Table S8 ). Among 14,291 ASE–protein correlation
airs, ES events accounted for 51.1%. The ES event of CPSF7
howed strong correlations with 171 proteins, the largest number
mong all ASEs, followed by the ES event of EIF4G1, which
orrelated with 153 proteins (Table S8 ). These results suggest
hat splicing alterations in CPSF7, an mRNA processing factor,
nd EIF4G1, a translation initiation factor, may substantially
ffect protein expression profiles in aging immune cells. The 11
plicing factors previously identified as age-downregulated in the
roteome collectively regulated 325 age-associated ASEs, with
TBP1 regulating the most ASEs ( n = 102), followed by U2AF2
 n = 40) (Figure 5F ). 

o investigate whether alternative splicing events are reflected at
he protein level, we used an isoform-aware protein database from
NSEMBL and re-searched the MS data to obtain isoform-level
uantification. Across all runs we identified 20,705 protein entries
nd obtained quantitative values for 4111 isoforms. However, only
24 genes had more than one quantified isoform, consistent with
he well-known limitation of shotgun proteomics that many tran-
cript isoforms do not generate isoform-unique tryptic peptides
or generate peptides that are too short or of too low abundance
o be detected) [ 25, 26 ]. To avoid overinterpretation, we restricted
soform-level claims to isoforms supported by isoform-unique
eptides. For these supported isoforms, we compared isoform
ntensities (log2 transformed and sample median-centered) with
ranscript abundances [log2(TPM + 1)] across 48 paired samples
sing Spearman correlation. Twelve transcript–protein isoform
airs showed positive associations (nominal p < 0.05 and Spear-
an r > 0.3) (Figure S7 ), indicating that ASEs are detectable as
istinct isoforms in a subset of cases. Nevertheless, the limited
umber of multi-isoform quantifications indicates that most
SEs cannot be unambiguously resolved at the protein level by
tandard discovery proteomics. 

.6 TCR Repertoire Landscape and Dynamics 
uring Aging 

CRs recognize specific antigens through highly diverse antigen-
inding sites, enabling broad protection against external anti-
enic threats. To further characterize T cell function during aging,
e analyzed TCR repertoire features in the aging cohort. TCRB
ibraries were constructed from peripheral blood samples of all
9 subjects using the SMART (Switching Mechanism At the 5’
nd of RNA Transcript) principle. Across samples, we detected 46
nown V genes, 13 J genes, and 2 D genes constituting the TCRB
hain. 

e observed a notable increase in the proportion of high-
requency clones (clonal molecules with frequencies between
0 of 16
0.01 and 1) with advancing age in the population, while low-
frequency clones (clonal molecules with frequencies less than
0.00001) exhibited a pronounced decline with age (Figure 6A ). In
the middle-aged group (around the age of 50), the proportion of
low-frequency clones had already reached a relatively low level.
Similarly, we identified the top 100 clones based on the clonal
frequencies in descending order and examined the cumulative
clonal frequency characteristics. The results indicated that groups
with older individuals had higher cumulative clonal frequencies
for the top 100 clones (Figure 6B,C ). Subsequently, we introduced
two diversity indices, the Efron–Thisted diversity index and the
Chao1 index, to assess the TCR diversity features in the aging
body. The analysis revealed a gradual decrease in both diversity
indices with increasing age, showing a high degree of consistency
in the results (Figure 6D,E ). 

Reduced diversity indicates widespread clonal expansion in
the TCR repertoire, which may impair recognition of diverse
antigens. We further analyzed the relationship between TCR
diversity and expression of the co-stimulatory molecules CD27
and CD28, which are important for T-cell activation and aging
[ 27 ]. We identified a significant positive correlation between the
expression of both molecules and the diversity assessment indices
(Figure 6F–I ). These findings indicate that aging is associated
with reduced TCR repertoire diversity and decreased T-cell
co-stimulatory signaling, potentially impairing normal T-cell
function. 

To investigate whether changes in the TCR repertoire
were reflected at the transcriptomic and proteomic
levels, we correlated per-sample TCR diversity indices
(Efron–Thisted, Chao1, Shannon, and inverse Simpson)
with ssGSEA module scores derived from RNA-seq
(cytotoxicity/activation/differentiation/proliferation gene
sets) and with measured immune proteins in the proteomics
dataset (e.g., CD8A, GZMA, GZMB, and PRF1). Notably, the
vast majority of tested associations were negative, indicating
that samples with lower TCR diversity tended to show higher
transcriptional and proteomic cytotoxic signatures (Figure 6J ).
Representative examples include negative correlations between
TCR diversity and cytotoxic signatures at both RNA and protein
levels. The ssGSEA score for a T-cell-mediated cytotoxicity
gene set was negatively associated with Efron–Thisted diversity,
inverse Simpson, and Chao1. At the protein level, CD8A protein
abundance was negatively correlated with multiple diversity
metrics, and perforin (PRF1) protein showed similar negative
associations. 

These negative associations suggest that reduced repertoire
diversity coincides with enhanced cytotoxic/effector signatures
at the transcript and protein levels. This pattern is consistent
with antigen-driven clonal expansion of cytotoxic T cells: when
a limited number of clones expand in response to persistent
or recurrent antigenic stimulation, such as chronic inflamma-
tion, peripheral blood TCR diversity decreases while effector
genes, including GZMB and PRF1, and CD8 markers increase
because the expanded clones are predominantly cytotoxic. Thus,
transcriptomic and proteomic data provide convergent evidence
that decreased TCR diversity co-occurs with elevated cytotoxic
effector programs. 
MedComm, 2026



FIGURE 6 TCR repertoire landscape and dynamics through aging. (A) Bar chart illustrating the cumulative clone frequency of TCR at different 
clonal frequencies. (B) Cumulative frequency distribution of the top 100 clones. (C) Group comparisons of the cumulative frequency distribution of the 
top 100 clones. (D and E) Group comparisons of TCR repertoire diversity assessment metrics, including the Efron–Thisted index and Chao1 index. (F and 
G) Pearson correlation analysis between the expression level of T-cell surface co-stimulatory molecule CD27 and the two diversity evaluation metrics. 
(H and I) Pearson correlation analysis between the expression level of CD28 and the two diversity evaluation metrics. For optimized visualization, the 
numerical values of the two diversity metrics were log2-transformed. (J) Heatmap showing Spearman correlation coefficients between TCR diversity 
metrics (columns) and ssGSEA gene-set scores derived from RNA-seq together with measured immune proteins from the proteomics dataset (rows). 
Cell colors represent the direction and magnitude of the correlations. Each cell is annotated with the corresponding Spearman correlation coefficient, 
and statistical significance is denoted by asterisks (*** p < 0.001; ** p < 0.01; * p < 0.05). 
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1

o further assess aging-related effects on V(D)J rearrangement
n T cells, we examined TCR variable region gene usage across
he three age groups. The analysis revealed V and J gene usage
requencies changed with age, suggesting distinct clonal V(D)J
earrangements during aging. High-frequency VJ combinations
iffered by age group: V12-3/J2-1 predominated in the young
roup, with a frequency of 0.218 among the top 20 combina-
ions (Figure S8A ); V5-1/J1-1 predominated in the middle-aged
roup, with a frequency of 0.219 (Figure S8B ); and V4-1/J1-5
redominated in the elderly group, with a frequency of 0.230
Figure S8C ). Circos plots of VJ combinations showed increasing
lonotypic sites with age, suggesting increased antigen exposure
uring aging. Overall, these data indicate that aging immune
ells exhibit increased clonality, reduced diversity, and altered
CR variable region gene usage, contributing to age-related TCR
epertoire abnormalities. 

 Discussion 

urrently, several studies have examined age-related alterations
n the peripheral immune system. For example, the 10,000
mmunomes Project used microarray data to assess aging-
ssociated RNA expression changes in peripheral blood immune
ells [ 28 ], and other studies have applied single-cell RNA analysis
o aging human peripheral blood [ 9, 21, 29 ]. However, these
tudies were largely limited to RNA-level analyses, with lim-
ted attention to proteomics. Moreover, most used single-omics
pproaches, leaving the multi-omics interactions underlying
mmune aging incompletely characterized. 

ere, we comprehensively investigated aging-associated changes
n peripheral immune cells using multi-omics sequencing. Nor-
al immune function requires balanced immune cell abundance,
unction, TCR repertoire diversity, and proportions of undiffer-
ntiated cells and clonally expanded lymphocytes, enabling both
road responses to unknown antigens and specific responses to
ntigenic challenges. Aging disrupts this balance. For example,
dult thymic atrophy reduces T lymphocyte output; in young
dults, less than 20% of new T cells are thymus derived, declin-
ng to less than 1% after age 50 [ 30 ]. Peripheral homeostatic
roliferation compensates for reduced T-cell output [ 31 ], but
ur study showed marked age-associated declines in naïve CD4
nd CD8 T lymphocyte proportions, accompanied by reduced
bsolute lymphocyte counts. This indicates that peripheral home-
static proliferation cannot fully compensate for the reduced
-cell output caused by thymic atrophy as aging progresses.
he diminished effectiveness of homeostatic proliferation may
e attributed to structural changes, such as tissue fibrosis, in
he peripheral secondary lymphoid organs with increasing age,
eading to functional degradation. This fibrosis may also be
elated to the weakened vaccine response observed in the aging
opulation [ 32 ]. Neutrophils play a crucial role in inflammatory
esponses, and the increased proportion of neutrophils during the
ging process suggests a gradual emergence of an immunoinflam-
atory state. Recent studies have indicated that neutrophils can
nduce adjacent cell telomere dysfunction in a ROS-dependent
anner, thereby triggering cellular senescence [ 33 ]. 

t the transcriptomic level, our analyses revealed that aging
as associated with enhanced granulocyte activation and
2 of 16
inflammation-related immune responses, consistent with
an immunoinflammatory state and previous reports [ 2, 34 ].
Integrative lncRNA–mRNA analysis suggested that age-
upregulated lncRNAs contribute to this immunoinflammatory
state by modulating mRNA expression, whereas age-
downregulated lncRNAs mediate RNA splicing dysregulation
through splicing factors. Bulk RNA-seq, single-cell RNA-seq,
and proteomics consistently identified substantial RNA splicing
dysregulation in peripheral blood leukocytes from elderly
individuals, mainly due to downregulation of splicing factors.
RNA splicing is a fundamental post-transcriptional regulatory
mechanism that generates protein diversity in eukaryotes [ 35, 36 ],
and its dysregulation may play a key role in immunosenescence.
In this study, we identified previously known aging-inducing
genes such as AKT1, IRF5, and SREBF1, as well as aging-
inhibiting genes such as FOS, NEK1, RUVBL2, and SGK1,
exhibiting RNA splicing alterations during aging. While this
serves as a clue, elucidating whether the splicing of these genes
indeed exerts a significant impact on the process of immune
aging necessitates labor-intensive experiments to systematically
investigate the precise function of these splicing events. 

Furthermore, integrative analysis of RNA splicing and protein
profiles showed that age-related splicing changes mainly affect
genes involved in protein translation, processing, and degrada-
tion, thereby reshaping the protein landscape of aging leukocytes.
Proteomics revealed age-associated changes in multiple aging-
regulatory proteins, reflecting an overall aging trend in peripheral
immune cells, and protein profile alterations also indicated T-cell
functional decline. These findings highlight RNA splicing as a
key contributor to immune aging through modulation of protein
profiles. In addition, integrative lncRNA–protein analysis showed
that age-associated lncRNAs primarily mediate protein downreg-
ulation, with downregulated proteins mainly enriched in RNA
splicing. Together, these results suggest that lncRNAs regulate
mRNAs and proteins involved in RNA splicing, thereby affecting
downstream splicing events and disrupting protein translation,
modification, and degradation. This multi-molecular interaction
network may substantially contribute to immunosenescence. 

Despite the integrative multi-omics design and the consistency
of findings across bulk RNA-seq, single-cell RNA-seq, TCR-
seq, and proteomics, several limitations should be noted when
interpreting our results. First, our ability to link alternative
splicing to proteoform-level consequences is constrained by the
depth and design of standard discovery proteomics. After re-
searching the MS data against an isoform-aware ENSEMBL
database, we identified 20,705 protein entries and quantified
4111 isoforms. However, only 224 genes had > 1 quantified
isoform and only 12 transcript–protein isoform pairs showed
positive association. This low isoform resolution reflects the well-
known limitation that many transcript isoforms do not produce
isoform-unique tryptic peptides or yield peptides that are too
short/low abundance to be detected. Besides, although aging-
associated splicing may generate novel antigenic peptides, our
current cohort size and bulk proteomic design lack the sensitivity
and scale required for robust neoantigen discovery. Confident
identification of low-abundance, sample-specific splicing-derived
neo-peptides typically requires substantially larger cohorts and
dedicated immunopeptidomic or targeted mass-spectrometry
approaches. Future studies combining large, deeply sequenced
MedComm, 2026
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ohorts with immunopeptidomics and targeted validation will be
eeded to directly identify neoantigenic peptides generated by
ging-associated splicing events. 

n summary, our study represents the first comprehensive inte-
ration of multi-omics sequencing data from the peripheral blood
eukocytes of the same aging cohort. We intricately analyzed
olecular alterations within peripheral blood leukocytes during
ging, elucidating the interconnections among these molecules
nd their impact on immune system function. This work provides
 global omics resource for understanding immune aging. Sub-
equent investigations may focus on associating the molecular
hanges in specific cell types with the physiological phenotypes
f aging and unraveling the causal relationships among diverse
olecular changes. 

 Materials and Methods 

.1 Study Participants and Sample Collection 

ll subjects provided written informed consent before sample
ollection. The study was conducted in accordance with the
eclaration of Helsinki and was approved by the Ethics Com-
ittee of the Cancer Hospital, Chinese Academy of Medical
ciences. Sixty-nine healthy Chinese subjects aged 23–75 years
ere enrolled in this study (Table S1 ). Peripheral venous blood
amples were collected from each participant. Subjects with
utoimmune diseases or other conditions affecting immune
unction, such as diabetes and thyroid disorders, were excluded.
ll enrolled participants had normal blood routine indicators and
ormal tumor marker levels. Peripheral blood leukocytes were
solated for RNA sequencing, TCR repertoire sequencing, and
roteomic analyses. Detailed sample processing procedures are
rovided in the Supporting Information Materials and Methods . 

.2 Quality Control and Processing of RNA 

equencing Data 

aw RNA sequencing data were evaluated using FastQC, and
dapters and low-quality reads were removed using Trim-Galore.
SEs were identified and quantified using SpliceSeq [ 37 ]. Gene
nd transcript expression levels were calculated using Salmon
 38 ]. 

.3 TCR Repertoire Sequencing Data Processing 

ach TCR sequencing sample generated 9GB raw data.
CR repertoire sequencing data were processed based on
nique molecular identifiers (UMIs) using MIGEC software
 https://github.com/mikessh/migec/releases; Moscow, Russia).
DR3 sequences and V, D, and J genes were aligned using
iXCR ( https://github.com/milaboratory/mixcr; Moscow,
ussia). Clonotypes were analyzed using the R package “tcR”
 39 ]. TCRB clonal diversity was assessed by observed clonotypes
nd diversity indices, including Efron–Thisted [ 34 ] and Chao1
 40 ]. VDJtools was used to calculate diversity metrics across age
roups, with higher values indicating greater diversity. 
edComm, 2026
4.4 Immune Cell Abundance Estimation and 

mRNA Clustering 

Immune cell abundance in peripheral blood was estimated
from transcriptomic data using CIBERSORT with LM22
reference genes [ 41 ], and immune cell signatures were validated
using TIMER2.0 [ 42 ]. Spearman correlation analysis was
performed between mRNA expression and age. mRNAs with
p < 0.05 and correlation coefficient > 0.25 were retained.
ClusterGVis ( https://github.com/junjunlab/ClusterGVis )
was used to identify temporal expression patterns across
the three age groups. Only mRNAs with membership ≥

0.4 in each subcluster were retained. The representative
function of each cluster was determined by GO enrichment
analysis. 

4.5 Transcription Factor Regulation Enrichment 
and Activity Inference 

DoRothEA human regulons with confidence levels A/B/C were
used to test whether TF targets were enriched among age-
associated mRNAs. For each TF, a right-tailed hypergeomet-
ric/Fisher’s exact test was performed, and p -values were adjusted
using the Benjamini–Hochberg method. TFs with BH-adjusted p
< 0.05 were considered significantly enriched. 

Sample-level TF activities were inferred using the VIPER algo-
rithm based on DoRothEA regulons and the normalized, batch-
corrected expression matrix. The resulting TF activity matrix
was used for downstream correlation analyses and visualization.
Detailed information is provided in the Supporting Information
Materials and Methods . 

4.6 Promoter Motif Scanning and Enrichment 

Promoter regions of age-associated genes were scanned for
TF binding motifs to support direct DNA binding. Promoters
were defined as − 2000 to + 200 bp relative to the transcrip-
tion start site. Position weight matrices were obtained from
JASPAR2022(PFMatrixList). Motif enrichment was tested using
Fisher’s exact test, followed by Benjamini–Hochberg correction.
Motifs with BH-adjusted p < 0.05 were considered significantly
enriched. Detailed procedures are provided in the Supporting
Information Materials and Methods . 

4.7 Identification and Functional Analysis of 
Age-Associated lncRNAs 

Spearman correlation analysis was performed between lncRNA
expression and age. lncRNAs with adjusted p < 0.05 were
retained as age-associated lncRNAs. Co-expression analysis was
then performed between lncRNAs and mRNAs, and pairs with
correlation coefficient > 0.85 were considered co-expressed.
Functional enrichment analysis was performed using the Lnc-
SEA database [ 24 ], and subcellular localization was predicted
using iLoc-lncRNA [ 43 ]. 
13 of 16
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1

.8 Processing and Analysis of Single-Cell 
ranscriptome Data 

ingle-cell RNA sequencing data of aging-associated human
eripheral immune cells were obtained from the Genome
equence Archive ( https://bigd.big.ac.cn/gsa-human/ ) under
roject Accession No. PRJCA002865 and GSA Accession No.
SA000203. The dataset included peripheral blood mononuclear
ells from 16 healthy subjects. Seurat was used for quality control
nd downstream analysis [ 44 ]. Cells with > 200 genes/cell, <
500 genes/cell, and < 20% mitochondrial gene content were
etained. After normalization, principal component analysis,
lustering, and UMAP visualization were performed. Cell clusters
ere annotated using canonical immune cell markers. Dif-
erentially expressed genes and conserved marker genes were
dentified using “FindMarkers” and “FindConservedMarkers,”
espectively. Detailed information is provided in the Supporting
nformation Materials and Methods . 

.9 Proteomics Sample Selection and Quality 
ontrol 

f the 69 participants, 48 samples passed predefined post-
xtraction quality control (QC) criteria and were used for LC-
S/MS analysis. QC metrics included total protein yield, protein

ntegrity, contamination or degradation assessment, and peptide
ield after digestion. Samples that failed QC ( n = 21) were
xcluded. All samples were processed using the same protocol
nd reagents in randomized batches to reduce systematic bias.
he 48 QC-passed samples were subsequently processed for
C-MS/MS and downstream analysis. 

.10 RNA Splicing Analysis 

SEs detected in at least two samples within each age group
ere retained. Each ASE was quantified using a percent spliced-
n (PSI) value. Spearman correlation analysis was performed
etween PSI values and age. p -values were adjusted using the
enjamini–Hochberg method, and ASEs with adjusted p < 0.05
ere considered age associated. GO enrichment analysis of genes
elated to age-associated ASEs was performed using “ClusterPro-
ilers” [ 45 ]. Pfam [ 46 ], CPC2 [ 47 ], SignalIP [ 48 ], NetSurfP-2.0 [ 49 ],
nd TappAS [ 50 ] were used to investigate functional differences
mong isoforms. 

.11 Flow Cytometry Analysis 

o validate the RNA sequencing findings, peripheral blood
amples were collected from an independent cohort of 58 healthy
ubjects aged 21–65 years. Peripheral blood mononuclear cells
ere isolated and analyzed by flow cytometry. Naïve CD4 T cells
ere defined as CD3 + CD4 + CD45RA + cells. Compensation and
ating strategies were established using fluorescence-minus-one
ontrols. Data were analyzed using FlowJo, and the proportion
f naïve CD4 T cells was calculated relative to total CD4 + T
ells. Detailed staining procedures and antibody information are
rovided in the Supporting Information Materials and Methods . 
4 of 16
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igure. S1 | PCA of normalized transcriptomic profiles with samples 
olored by collection year (A) and by chronological age (continuous 
radient) (B). Each point represents one sample. Figure. S2 | (A) 
lustering of peripheral blood leukocyte from two age groups, 
redominantly clustering into five major cell types: T cells (TC), natural 
iller cells (NK), B cells (BC), monocytes (MC), and dendritic cells (DC). 
S: Young scRNA-seq group; AS: Aging scRNA-seq group. (B) T cell 
lustering analysis. (C) CD4 T cell and CD8 T cell clustering analysis. 
D) NK cell clustering analysis. (E) B cell clustering analysis. Figure. 
3 | Immunocytes in the aging cohort exhibit distinctive age-associated 
olecular expression patterns. Figure. S4 | Differential analysis of 
ranscriptomes and GO enrichment analysis for various immune cell 
ubtypes. (A-B) Upregulated and downregulated genes along with their 
iologically enriched functions in different CD4 T cell subtypes during 
ging. (C-D) Upregulated and downregulated genes along with their 
iologically enriched functions in different NK cell subtypes during 
ging. (E-F) Upregulated and downregulated genes along with their 
iologically enriched functions in different B cell subtypes during aging. 
ote: Red and blue squares represent significantly upregulated and 
ownregulated biological processes, respectively; gray squares represent 
rocesses that are not significantly enriched. The top 10 significantly 
nriched biological processes are visualized for each analysis. Figure. S5 
 (A) Number of identified proteins and peptides in each sample across 
he three age groups. (B-C) Boxplots illustrating the distribution of raw 
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protein quantification values and normalized protein quantification 
values for each sample. (D) GO Biological Process enrichment of 130 
proteins identified exclusively in the elderly group. Dot size represents 
the number of genes mapped to each term; dot color indicates − log10(p- 
value). Terms are ordered by gene ratio (largest at top). (E) Volcano plot of 
per-gene mRNA–protein concordance. Each point represents one gene; 
the x-axis shows the Spearman correlation coefficient between mRNA and
protein abundance and the y-axis shows the corresponding significance. 
Genes are categorized by correlation strength using absolute r: weak (0.1 
≤ |r| < 0.3), moderate (0.3 ≤ |r| < 0.5) and strong (|r| ≥ 0.5). Figure. S6 | 
The association between the expression of age-associated lncRNAs and 
age-associated proteins. The orange and blue circles represent lncRNAs 
that are upregulated and downregulated with age, respectively. Similarly, 
the purple and green circles represent proteins that are upregulated and 
downregulated with age, respectively. The pink and green edges indicate 
positive and negative correlations, respectively. Splicing-related proteins 
are labeled in blue within the green circles, while proteins known to 
inhibit cellular senescence are labeled in red. Figure. S7 | Transcript–
protein correlations for 12 isoforms supported by isoform-unique peptides.
Scatter plots show protein isoform intensities (log2-transformed, sample 
median-centered) versus transcript abundances (log2(TPM + 1)) across 
48 paired samples. Spearman correlation coefficient and nominal p- 
value are indicated in each panel. Figure. S8 | Circos plot illustrating 
the differences in the frequency of V and J gene usage among the three 
age groups. The width of the outer circular sectors represents the relative 
frequency of V or J genes, while the width of the connections between V 

and J gene combinations indicates their frequency of usage in specific age 
groups. Table S1 . Information of each subject in the aging cohort. Table 
S2 . Information of each subject in the flow cytometry cohort. Table S3 . 
Age-associated lncRNAs. Table S4 . Molecular markers for 18 subtypes of 
immune cells. Table S5 . Age-associated proteins. Table S6 . Correlation 
between age-associated lncRNAs and age-associated proteins. Table 
S7 . Age-associated ASEs. Table S8 . Correlation between ASEs of genes 
involved in protein regulation and the expression of protein profiles. 
Table S9 . Sequences of primers used in TCRB library construction. 
MedComm, 2026
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