
Article

CD4 CTLs in supercentenarians: Signs of adaptive
expansion in healthy aging

Graphical abstract

Highlights

• CD4 CTLs expand around age 100 without signs of

exhaustion

• A CD27− CD28+ state marks the intermediate helper-to-killer

transition

• Large private CD4 CTL clones suggest repeated antigen

exposure

• Single clones diversify cytokine profiles after ex vivo

stimulation

Authors

Kosuke Hashimoto,

Miki Kojima-Ishiyama,

Hajime Inokuchi, ..., Nobuyoshi Hirose,

Piero Carninci, Yasumichi Arai

Correspondence

kosuke.hashimoto@protein.osaka-u.ac.

jp (K.H.),

nakano.ggbb@gmail.com (N.H.),

carninci@riken.jp (P.C.),

yasumich@keio.jp (Y.A.)

In brief

Hashimoto et al. show that CD4 CTLs

expand around age 100 and form large

private clones without exhaustion. These

cells exhibit stepwise differentiation and

cytokine plasticity, suggesting adaptive

responses to persistent antigens during

healthy aging.

Hashimoto et al., 2026, Cell Reports ▪▪, 117728

▪▪, 2026 © 2026 The Author(s). Published by Elsevier Inc.

https://doi.org/10.1016/j.celrep.2026.117728 ll

mailto:kosuke.hashimoto@protein.osaka-u.ac.jp
mailto:kosuke.hashimoto@protein.osaka-u.ac.jp
mailto:nakano.ggbb@gmail.com
mailto:carninci@riken.jp
mailto:yasumich@keio.jp
https://doi.org/10.1016/j.celrep.2026.117728


Article

CD4 CTLs in supercentenarians: Signs 
of adaptive expansion in healthy aging

Kosuke Hashimoto,1,2,6,* Miki Kojima-Ishiyama,2 Hajime Inokuchi,2,3 Michihira Tagami,2 Takashi Sasaki,4

Kenji Mizuguchi,1 Yasushi Okazaki,2 Ichiro Taniuchi,2 Kazuyoshi Ishigaki,2,3 Nobuyoshi Hirose,4,* Piero Carninci,2,5,*

and Yasumichi Arai4,*
1Institute for Protein Research, The University of Osaka, Osaka 565-0871, Japan
2RIKEN Center for Integrative Medical Sciences, Yokohama 230-0045, Japan
3Department of Microbiology and Immunology, Keio University School of Medicine, Tokyo 160-0016, Japan
4Centre for Supercentenarian Medical Research, Keio University School of Medicine, Tokyo 160-0016, Japan
5Human Technopole, via Rita Levi Montalcini 1, Milan, Italy
6Lead contact

*Correspondence: kosuke.hashimoto@protein.osaka-u.ac.jp (K.H.), nakano.ggbb@gmail.com (N.H.), carninci@riken.jp (P.C.), yasumich@ 

keio.jp (Y.A.)

https://doi.org/10.1016/j.celrep.2026.117728

SUMMARY

Our previous study identified CD4 cytotoxic T lymphocytes (CD4 CTLs) as a hallmark of supercentenarians. 

CD4 CTLs have primarily been studied in disease contexts; however, their role in healthy aging remains un

clear. Using single-cell immune profiling, we analyzed T cells from supercentenarians and found that CD4 

CTLs begin to expand around the age of 100, characterized by sequential CD27/CD28 loss without exhaus

tion. CD4 CTLs were dominated by large clones, with top clones averaging 33.3%, indicating repeated stim

ulation by persistent antigens. Furthermore, CDR3β sequences of the top clones matched those of T cells 

expanded in tumors, particularly lung cancer. Ex vivo stimulation experiments revealed that CD4 CTLs 

consist of subgroups defined by interleukin expression patterns, suggesting their plasticity within the 

same clone. These findings suggest that CD4 CTLs expand and diversify as an adaptation to persistent an

tigens, potentially contributing to longevity through cancer suppression.

INTRODUCTION

Aging is an inevitable biological process, characterized by 

gradual declines in physical and cognitive functions. This pro

cess is driven by the accumulation of molecular and cellular al

terations, including DNA mutations, mitochondrial dysfunction, 

and cellular senescence.1,2 Among these changes, the aging of 

the immune system compromises its ability to defend against 

external pathogens and eliminate internal abnormal cells such 

as precancerous or senescent cells, increasing the risk of 

various diseases.3–5 However, aging itself is not a disease, nor 

does it necessarily lead to the failure of essential physiological 

systems. Supercentenarians—individuals who live to or beyond 

110 years—provide a model of healthy aging, achieving 

longevity while avoiding or delaying major age-related diseases 

such as cardiovascular disorders and cancer. They maintain im

mune,6 cardiovascular,7 and epigenomic8 profiles that appear 

younger than expected for their chronological age. Furthermore, 

our recent genetic study on Japanese centenarians, including 

173 supercentenarians, identified key genetic components 

associated with longevity and their correlation with reduced risks 

of multiple age-related diseases,9 suggesting a potential genetic 

contribution to sustained immune function in advanced age.

Our previous study revealed that supercentenarians possess a 

high frequency of CD4 cytotoxic T lymphocytes (CD4 CTLs) in 

their peripheral blood mononuclear cells (PBMCs).10 These 

CD4 CTLs typically exhibited loss of CD27 and CD28, a charac

teristic commonly associated with highly differentiated CD4 and 

CD8 T cells in the context of aging.11,12 Significant accumulation 

of CD4 CTLs has also been reported in 24-months-old mice.13

CD4 CTLs are an unusual subset of T cells that express both 

CD4 and cytotoxic effector molecules, making them an excep

tion to the conventional CD4− and CD8-lineage classification. 

Under normal conditions, CD4 CTLs are rare in the peripheral 

blood, typically accounting for less than 5% of the total T cell 

population.10,14 In contrast, CD4 CTLs have been consistently 

detected in the context of viral infections such as CMV, HIV, 

and SARS-CoV-2, where several studies have reported their 

antiviral activity through perforin/granzyme secretion and Fas/ 

FasL-mediated pathways.15–18 In addition, recent studies have 

demonstrated that CD4 CTLs exhibit the ability to kill tumor cells 

in an MHC class II-dependent manner across various cancer 

types, including non-small cell lung cancer (NSCLC),19 bladder 

cancer,20 melanoma,21 and colorectal cancer.22 However, the 

role of CD4 CTLs in the context of healthy aging remains unclear, 

particularly in individuals such as supercentenarians, who main

tain a healthy state with high frequency of CD4 CTLs.

A recent study has provided new insights into CD4 CTL activ

ity, demonstrating their ability to eliminate senescent fibroblasts 

in aging human skin through the recognition of viral antigens.23
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This suggests a potential role of CD4 CTLs in supporting anti-ag

ing processes by targeting senescent cells. In this study, we 

investigated CD4 CTLs across different age groups, focusing 

on supercentenarians as a model of healthy aging, through an in

tegrated analysis of their transcriptome, surface proteins, and 

TCR profiles. Our results revealed that CD4 CTLs expand with 

age and exhibit plasticity in cytokine production. This suggests 

that CD4 CTLs may contribute to cancer suppression and 

longevity through adaptive responses to persistent antigens, 

emphasizing their role in immune resilience and healthy aging.

RESULTS

Identification of CD4 CTLs in all age groups

We generated three types of single-cell profiles—transcriptome, 

surface protein, and TCR sequences—from T cells in blood from 

eight donors aged in their 70s–90s (group A), 10 centenarians 

(group B), and 10 supercentenarians (group C) (Figures 1A 

and S1A). After demultiplexing samples using hash

tags (Figures S1B–S1D), we filtered out low-quality cells 

(Figures S1E–S1G; see STAR Methods for details). QC validation 

further confirmed data consistency across samples, including 

comparable gene and UMI counts (Figure S1H) and absence of 

sample-specific bias in UMAP space (Figure S1I). A total of 

43,584 T cells (14,604 for group A; 14,599 for B; and 14,381 for 

C) were compiled for the primary analysis. The cells were classified 

into 13 clusters shown on UMAP (Figures 1B and S1J), with CD4 

(4 clusters), CD8 (3 clusters), and γδ T cells as the major categories. 

Smaller clusters included MKI67+ proliferating T cells, MAIT cells, 

γδ T cells, and remaining non-T-cell contaminants. Within the CD4 

clusters, we identified CD4 CTLs by the co-expression of CD4 and 

cytotoxic genes such as GZMB and GZMH, alongside CD4 naive, 

CD4 helper, and Tregs.

We then compared the proportions of these CD4 clusters 

among three age groups and found a significant monotonic in

crease in CD4 CTLs with age (p = 0.029, Jonckheere-Terpstra 

test) (Figure 1C). The median percentages of CD4 CTLs were 

4.0%, 9.6%, and 17.6% in groups A, B, and C, respectively. 

Notably, the expansion of CD4 CTLs is not specific to supercen

tenarians; one donor under the age of 100 exhibited the highest 

proportion of CD4 CTLs. This individual (A08) was clinically 

healthy and had no QC abnormalities. Similar to supercentenar

ians, A08 showed an increased proportion of CD4 CTLs, accom

panied by relatively low levels of CD4 Naive and Helper cells. 

These findings suggest that CD4 CTL expansion can also occur 

in younger individuals without signs of pathology or quality 

issues.

To investigate the dynamics of CD4 CTL proportions across a 

broad age spectrum, we collected and integrated public single- 

cell datasets, encompassing over 5 million cells from 1,512 sam

ples and covering an age range from 0 to over 110 years 

(Figure S1K).10,24–28 Initial prediction attempts using existing 

tools, such as CellTypist,29 resulted in the misclassification of 

CD4 CTLs as CD8 T cells (Figure S1L). To overcome this anno

tation challenge, we developed a multi-task VAE model trained 

on our primary dataset (Figure S1M). The predictive performance 

of this model was validated using an independent dataset 

(GSE164378),30 achieving a robust F1 score of approximately 

0.8 (Figures S1L and S1N). By applying this validated VAE to 

the integrated public datasets, we revealed that while the pro

portion of CD4 CTLs remains low in younger individuals, both 

the median and variance of this population increase markedly 

at extreme old age (Figure 1D).

Identification of an intermediate in helper-to-killer 

transition

We investigated the trans-differentiation process from CD4 help

er to CTL using TotalSeq-C barcoded antibodies tagged with 16 

distinct cell surface markers (marked as primary in Figure S2A), 

which allowed us to analyze surface proteins in single-cell RNA 

sequencing datasets. We found that CD4 CTLs are characterized 

by the loss of co-stimulation factors CD27 and CD28, which dis

tinguishes them from the other three CD4 clusters (Figure 2A). A 

fraction of these CD4 CTLs exhibited mid-level CD8 expression 

(Figure 2A, lower right). This signal was clearly lower than 

the robust CD8 expression in canonical CD8 T cells 

(Figure S2B; detailed in a later section). Additionally, consistent 

with previous reports that CD4 CTLs show a highly differentiated 

CD27− CD28− CD45RO+CD45RA− CCR7− phenotype,14,31,32 our 

CD4 CTLs displayed a distinctive marker profile of CD95mid, 

CCR7− , CD45RA− , CD45RO+, and PD-1− (Figure S2C), indi

cating their advanced differentiation without signs of exhaustion. 

This phenotype was further supported by transcriptional anal

ysis, which confirmed the expression of CTL-associated surface 

markers, chemokines, and transcription factors,33–36 along with 

low levels of exhaustion-related genes such as TIGIT, CTLA4, 

and LAG3 (Figure S2D).

We identified a CD27− CD28+ population, as highlighted in cir

cles in Figure 2A, as cells in a potential transient state from CD4 

helper to CTL. This group constitutes 10.5% of the CD4 T cell 

population, in contrast to the CD27+CD28− population of 

less than 0.3% (Figure 2B, left). The minimal presence of 

CD27+CD28− cells implies a sequential order during this transi

tion—initially the loss of CD27, followed by loss of CD28. Indeed, 

CD27− CD28+ cells are situated at the interface between helper 

and CTL clusters on the UMAP, serving as a connective bridge 

between the two cell types (Figure 2B, right).

We analyzed the transcriptome of the CD27− CD28+ popula

tion, initially identified through surface protein expression. 

Consistent with the protein profiles, RNA expression of CD27 

was diminished in this population, whereas CD28 RNA was 

maintained at levels similar to those in helper T cells 

(Figure 2C). Notably, the expression levels of cytotoxic genes 

such as granzymes and perforin were intermediate between 

the helper and CTL clusters (Figures 2C and S2E). This pattern 

extended to transcription factors associated with CTLs such 

as TBX21 and EOMES, reinforcing the transitional nature of 

CD27− CD28+ cells.

To validate these populations, we performed flow cytometry 

and bulk RNA sequencing on sorted cells. Flow cytometry 

confirmed the existence of both the CD27− CD28− and the 

CD27− CD28+ populations within the CD3+CD4+ T cell compart

ment (Figure 2D). Furthermore, bulk RNA-seq of sorted subsets 

from one donor showed that the CD27− CD28− T cells expressed 

higher levels of cytotoxic genes and related transcription factors 

compared to the CD45RO+CD28+ T cells (Figures 2E and S2F).
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Non-canonical TCR features in CD4 CTLs: clonal 

expansion, dual TCR expression, and TCRγ gene 

activation

Following our characterization of differentiation in CD4 CTLs, we 

further investigated their TCR repertoire to gain insights into their 

clonal structure and receptor composition. We observed that 

CD4 CTLs were clonally expanded in all samples, including 

those from non-centenarians, as indicated by high Simpson’s in

dex values and low Shannon diversity (Figure S3A). Notably, the 

largest clone accounted for an average of 33.3% of the CD4 

CTLs (Figure 3A). For example, in centenarian sample B04, the 

largest clone comprised 126 of the 234 CD4 CTL cells, repre

senting 53.8% of the population (Figure S3B). This finding indi

cates that clonal expansion, producing a few dominant clones, 

is one of the driving forces behind the increase in CD4 CTLs. 

However, as comparable expansion was observed across all 

age groups, it alone does not explain the higher frequencies in 

supercentenarians, suggesting that additional factors, such as 

the duration of antigenic stimulation, influence the scale of 

expansion.

We compared the CDR3α and CDR3β sequences of the 

largest clones across 28 individuals. All individuals had unique 

sequences, with no public TCRs identified (Figures 3B and 

S3C). Interestingly, five top clones of 28 exhibited dual TCR 

expression—two distinct alpha chains or two distinct beta 

chains expressed in a single T cell (Figure 3B). To validate the 

A

B

C D

Figure 1. Overview of single-cell immune profiling 

(A) Workflow for generating T cell profiles from donors 70s–90s (group A, n = 8), centenarians (group B, n = 10), and supercentenarians (group C, n = 10). 

(B) UMAP projection based on both transcriptome and surface protein data. Seven major clusters, including CD4 CTL shown in green, are indicated in the left 

panel. Notably, the smaller of the two CD8 TEMRA clusters was predominantly composed of cells from donor B09, suggesting a donor-specific subpopulation. 

The right panels show RNA expression levels of CD4, CD8A, GZMB, and GZMH. 

(C) Subset frequency comparison across age groups. Monotonic trends across age groups were assessed using the two-sided Jonckheere-Terpstra test. A 

significant increasing trend was observed for CD4 CTLs (p = 0.029). 

(D) Dynamics of CD4 CTL proportions across a broad age spectrum (0s–110s). The boxplots show the percentage of CD4 CTLs among T cells across 1,512 

integrated public samples, as predicted by the trained VAE model. Boxplots: center, median; hinges, 25th/75th percentiles; whiskers, 1.5 × IQR. Dots: each 

donor (C) or sample (D).
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dual TCRs defined by Cell Ranger (10x Genomics), we remapped 

the raw sequencing reads onto the contigs. Our analysis 

confirmed that most cells had reads fully spanning the entire 

CDR3 region with an exact match. For example, the top clones 

of the supercentenarian samples C04 and C10 comprise 94 

and 21 cells, respectively. Each clone contains two distinct 

beta chains, both of which are supported by the reads in over 

95% of the cells (Figure 3C). The presence of dual alpha chains 

in samples A03, A04, and B02 was confirmed in the same way 

(Figure S3D). Importantly, dual TCRs were not exclusively found 

in CD4 CTLs; dual alpha and dual beta TCRs accounted for 7.6% 

and 2.0%, respectively, of the analyzed T cells (Figures 3D and 

S3E). Therefore, their functional relevance to clonal expansion 

remains uncertain.
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Figure 2. A transitional CD27− CD28+ state in CD4 T cells 

(A) Protein expression of CD27, CD28, and CD8. CD4 subsets show a distinct CD27− CD28+ population (circled) in the helper and CTL clusters. CD8 is co- 

expressed at intermediate levels in 21% of CD4 CTLs. 

(B) Bridging position of CD27− CD28+ cells. CD27− CD28+ cells (10.5% of CD4 T cells) are more frequent than CD27+CD28− cells (<0.3%) and link helper and CTL 

clusters on UMAP. 

(C) Mean expression of cytotoxic genes in CD27− CD28+ cells. CD27− CD28+ cells highlighted in the box show intermediate levels of cytotoxic markers (e.g., 

GZMA, GZMH) and transcription factors (e.g., TBX21, EOMES), reflecting their transitional state. 

(D) Flow cytometry analysis of CD27 and CD28 expression in gated CD3+CD4+ T cells from a supercentenarian and a centenarian. 

(E) Bulk RNA-seq analysis of FACS-sorted CTL (CD27− CD28− ) and helper (CD45RO+CD28+) CD4 T cell subsets. Upper and lower panels show counts per million 

(CPM) for selected cytotoxic and transcription factor genes and surface-marker genes, respectively.
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In general, TCRγ and δ genes are not expressed in CD4 

T cells because they are either rearranged or transcriptionally 

silenced during differentiation into αβ T cells.37 Despite this 

typical suppression, we identified TCRγ gene expression in 

CD4 CTLs at approximately half the level seen in γδ T cells, 

whereas TCRδ genes remained undetected (Figure 3E). Given 

that several TCRγ V genes were expressed in the population 

of CD4 CTLs (Figure 3F), we further investigated whether indi

vidual top clones uniformly express the same TCRγ V genes 

at the single-cell level. Our analysis revealed that whereas 

some clones expressed a single TCRγ V gene, others co-ex

pressed two distinct TCRγ V genes (Figure S3F). For example, 

TRGV9 was dominant in the top clone from A03, whereas 

TRGV2 and TRGV4 were co-expressed in the top clone from 

C04 (Figure 3G). Altogether, CD4 CTLs exhibit a non-canonical 

TCR repertoire characterized by clonal expansion, dual TCR 

expression, and the activation of TCRγ genes, distinguishing 

them from typical CD4 T cells.

Potential expansion of CD4 CTLs in the cancer 

microenvironment

To investigate the potential antigenic targets of CD4 CTLs, we 

searched public TCR databases using the CDR3 sequences 

from the top clones listed in Figures 3B and S3C. In VDJdb, 

which is a curated database linking CDR3 sequences with 

known antigen specificities,38 none of our CDR3α and CDR3β 
sequences were found among the 93,976 entries. This sug

gests that the top CD4 CTL clones may recognize antigens 

that are not well documented. We then expanded our search 

to TCRdb2.0,39 a much larger database that contains over 

690 million CDR3β sequences from 19,701 healthy and 

diseased samples (Figure 4A), although it does not include 

CDR3α sequences or information on antigen specificities. We 

identified 617 entries with CDR3β sequences that exactly 

matched those from the top clones in our samples 

(Figure S4A). Each entry provides sample information and a 

clonal frequency value, indicating the relative abundance of 
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Figure 3. Non-canonical TCR features in CD4 CTLs 

(A) Top clone occupancy in the 70s–90s age group (group A, n = 8), centenarians (group B, n = 10), and supercentenarians (group C, n = 10). Top clones of CD4 

CTLs occupy an average of 33.3%. A Kruskal–Wallis test showed significant differences across the four CD4 subsets (p < 2.2 × 10− 16), followed by Dunn’s post 

hoc test with Bonferroni correction. Significant comparisons are marked (***p < 0.001). 

(B) Dual TCR chains in top clones. Three clones exhibit dual TCR alpha chains, and two display dual TCR beta chains. 

(C) Validation of dual beta chains. Read counts fully spanning the CDR3β region confirm two distinct beta chains in the top clones from supercentenarian samples 

C04 and C10. The counts were compared using the Wilcoxon rank-sum test (***p < 0.001). 

(D) Distribution of dual beta chains. Dual beta chains account for 2.0% of T cells, shown on UMAP. 

(E) Mean expression of TCRγ (red) and TCRδ (green) genes in five T cell subtypes. CD4 CTLs express TCRγ genes at approximately half the level of γδ T cells. 

(F) Mean expression of 14 individual TCRγ genes in CD4 CTLs. 

(G) Single-cell expression of TCRγ genes in top clones. The top clone from A03 predominantly expressed TRGV9, whereas the top clone from C04 co-expressed 

TRGV2 and TRGV4, illustrating inter-clonal variation. A Kruskal–Wallis test showed significant differences across the TRGV genes (p < 2.2 × 10− 16). Boxplots: 

center, median; hinges, 25th/75th percentiles; whiskers, 1.5 × IQR. Dots: each donor (A) or cell (C and G).
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the CDR3β in the sample. By applying a clonal frequency 

threshold of 0.1%, we found that 36 of the 617 entries were 

clonally expanded in their respective samples (Figure 4B). 

Notably, 32 of these entries originated from samples from pa

tients with cancer. Specifically, 17 were from NSCLC, nine 

breast cancer, and six hepatocellular carcinoma samples, 

and the remaining entries were from two healthy samples and 

two other conditions (Figures 4C and S4B). For example, the 

CDR3β sequence CSVEGDRGRSETQYF, the top clone in sam

ple A02, was identified across tumor tissues, adjacent tissues, 

and blood from five different patients with NSCLC. Similarly, 

CDR3β sequences from samples B07, B10, and C06 were 

observed in multiple NSCLC cases, whereas the sequence 

from A04 appeared in patients with multiple breast cancer. 

Nevertheless, none of the centenarians and supercentenarians 

in this study had any known history of NSCLC, breast cancer, or 

hepatocellular carcinoma. In addition, none had autoimmune 

diseases or Parkinson’s disease. One supercentenarian had a 

history of skin cancer, and two centenarians had dementia, 

although Alzheimer’s disease could not be confirmed. This rai

ses the possibility that the observed expansion of CD4 CTLs 

may reflect early immune responses triggered by subclinical 

conditions, rather than responses to clinically evident cancers.

Functional convergence and clonal divergence of CD4 

CTLs and CD8 TEMRA

To clarify similarities and differences between CD4 CTLs and 

CD8 T cells, we analyzed the two CD8 clusters, TEM and 

TEMRA, identified in Figure 1B, excluding a small donor-specific 

TEMRA cluster. As we previously noted, a fraction of CD4 CTLs 

express CD8. However, their CD8 levels remained at mid-range, 

clearly lower than those of bona fide CD8 T cells (Figures S5A 

and S5B). Importantly, these CD4 CTLs expressed CD8A but 

not CD8B (Figure S5C), suggesting that they are distinct from 

conventional CD8 T cells.

As shown above, CD4 CTLs represent a highly differentiated 

state, which is expected to resemble CD8 TEMRA, the terminally 

differentiated CD8 T cells, rather than TEM. Indeed, CD8 TEMRA 

exhibited high expression of cytotoxic genes and loss of CCR7, 

CD27, and CD28, a phenotype largely comparable to CD4 CTLs 

(Figures 5A and S5D). Unlike CD8 TEMRA, CD4 CTLs largely re

tained CD45RO expression without strong RA re-expression 

(Figure S5E). Another notable difference was in their differentia

tion trajectory. In CD4 CTLs, the major intermediate was 

CD27− CD28+ cells, whereas CD27+CD28− cells were extremely 

rare (0.3%). By contrast, both CD8 TEM and TEMRA contained a 

substantial fraction of CD27+CD28− cells (9.3% and 12%, 

respectively), indicating that in CD8 T cells the loss of CD28 

can precede that of CD27 (Figure S5F).

It is well established that CD8 TEMRA cells increase with age 

and undergo clonal expansion.40 In line with this, we observed a 

higher proportion of TEMRA cells in older age groups (p = 0.001, 

Jonckheere-Terpstra test) (Figure S5G). Their TCR repertoires 

also displayed signs of clonal expansion, with elevated Simp

son’s index values and increased top clone occupancy 

(Figure S5H), similar to what we observed in CD4 CTLs. A key 

question was whether CD4 CTLs and CD8 TEMRA cells expand 

in a coordinated manner in response to common antigens. How

ever, no significant correlation was observed between the de

gree of expansion across individuals (Figure 5B). These findings 

suggest that the two subsets do not necessarily expand in con

cert, but are likely driven by distinct persistent antigens.

Analysis of top clonotypes further highlighted this difference. 

Whereas CD4 CTL top clones were entirely private, CD8 

TEMRA contained several public clonotypes that were shared 

among independent donors (Figure 5C). This indicates that 

CD8 TEMRA cells are more likely to be driven by common anti

gens. Database searches yielded only limited matches: no exact 

αβ pair in VDJdb, only a few single-chain matches (Figure S5I), 

and 486 hits in TCRdb2.0, of which eight showed clonal 
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Figure 4. Top CD4 CTL clones matched cancer-associated CDR3β sequences in the TCRdb2.0 database 

(A) CDR3β sequences from top CD4 CTL clones were searched in the TCRdb2.0 database, resulting in 617 matches. 

(B) 36 clones were identified as expanded (>1 in 1,000 T cells), marked as green dots. Asterisks (*) indicate clones detailed in Figure 4C; clones without asterisks 

are detailed in Figure S4B. 

(C) Detailed information on expanded clones marked with asterisks in B. The table summarizes CDR3β sequence, donor age, condition, tissue of origin, and 

frequency extracted from the database. Notably, these clones were frequently observed in NSCLC (non-small cell lung cancer) tumors or adjacent tissues.
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expansion (Figure S5J). Thus, while CD8 TEMRA display public 

clonotypes, their precise antigenic targets remain to be 

determined.

Diverse cytokine production within the same CD4 CTL 

clones

To gain insights into the function of CD4 CTLs, we performed 

secondary single-cell analysis on six samples, two from each 

age group (Figure 6A). In each sample, the cells were split into 

two conditions: stimulated with PMA and ionomycin and unsti

mulated controls. As in the primary analysis, transcriptome, sur

face proteins, and TCR sequences were profiled. After filtering, 

6,400 T cells were compiled and divided into eight distinct clus

ters based on the transcriptome and surface protein profiles. The 

clusters were grouped into two major categories: CD69+ acti

vated and CD69− quiescent cells (Figure 6B), corresponding to 

the stimulated and unstimulated conditions, respectively 

(Figure S6A). Each of these groups contained four clusters: 

CD4 naive, Helper, CTL, and CD8 T cells (Figures 6B and S6B).

We confirmed the presence of CD27− CD28+ intermediate 

cells in both the activated and quiescent states (Figure S6C), in 

line with the primary dataset. Similarly, CD8+ subsets were 

observed within the CD4 CTL populations under both conditions 

(Figures 6C and S6D). CD4 expression levels were reduced in 

activated CD4 T cells, as expected during T cell activation.41

We compared the expression of cytotoxic genes between acti

vated and quiescent CD4 CTL clusters and found that GZMB 

and PRF1 were upregulated in the activated cells, whereas 

GZMA and GZMH were downregulated (Figure 6D). In addition, 

the expression of inflammatory cytokines IFN-γ and TNF-α was 

elevated in the activated CD4 CTL population. Consistently, 

pathway analysis using PROGENy42 showed increased activity 

of NF-κB, MAPK, and PI3K signaling, further supporting the acti

vated state of these cells (Figure S6E). Taking these results 

together, activated CD4 CTLs appear to possess cytotoxic po

tential through the GZMB pathway and robust pro-inflammatory 

activity.

To investigate the diversity of cytokine production among acti

vated CD4 CTLs, we performed subclustering analysis using 

only the interleukin (IL) genes. Specifically, we analyzed the 

expression of all 43 ILs listed in the KEGG database.43 Among 

them, 28 ILs were detected in the activated CD4 CTL cluster 

(Figure S7A). We identified eight clusters (Figure S7B), each 

characterized by the expression of specific ILs (Figure 7A). 

Among the eight clusters, subtype 2 was characterized by high 

expression of IL-4 and IL-13 (Figure 7B), both of which are hall

marks of Th2 cells, indicating the presence of a Th2-like popula

tion. In contrast, subtype 3 exhibited elevated levels of IL-21 

(Figure S7C), a cytokine primarily produced by T follicular helper 

(Tfh) cells, which modulates B cell responses and enhances 

cytotoxic T cell activity.44 Subtype 7 displayed higher expression 

of IL-10, a cytokine associated with immune suppression, 

whereas subtype 8 was distinguished by the expression of IL- 

31, which is linked to inflammatory responses, particularly in 

the skin.45 Despite these differences in specific IL expression, 

all clusters shared high levels of IFN-γ and TNF-α (Figure S7D), 

indicating a common cytotoxic potential among the CD4 CTLs.

We then examined whether the highly expanded clones were 

restricted to specific subclusters or distributed across multiple 

subclusters. To address this, we first identified the largest clones 

within the activated CD4 CTLs. Similar to the primary analysis, 

we found highly expanded clones, with the top clone consisting 

of 68 of the 497 cells (Figure S7E). Four of the top five clones 

were also the most expanded in the primary analysis, indicating 

consistent clonal dominance within the same donors (Figures 3B 

and S3C). As shown in Figure 7C, the top five clones were 
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Figure 5. Distinct Clonal Expansion in CD8 TEMRA Compared to CD4 CTLs 

(A) Expression of cytotoxic genes across CD8 TEM, CD8 TEMRA, and CD4 CTL subsets. Each dot represents the mean expression per individual within each 

subset. A Kruskal–Wallis test showed significant differences across three subsets (p < 2.2 × 10− 16), followed by Dunn’s post hoc test with Bonferroni correction. 

Significant pairwise comparisons are indicated (***p < 0.001). 

(B) Comparison of clonal expansion between CD4 CTLs and CD8 TEMRA. Top clone occupancy and Simpson’s index were compared between CTLs and 

TEMRA cells across individuals. No significant Spearman’s correlation (rho) was observed. 

(C) Public clonotypes expanded in CD8 TEMRA cells. Each table shows the donor ID and paired CDR3α and CDR3β sequences. Identical amino acid residues 

across donors are highlighted. TCR1 was shared as identical or highly similar sequences among four individuals, whereas TCR2 showed similar sequences 

between two individuals. Boxplots: center, median; hinges, 25th/75th percentiles; whiskers, 1.5 × IQR. Dots: each donor (A).
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distributed across multiple subclusters, rather than being 

confined to a single subcluster. For example, cells from Rank 1 

were present in all subclusters, with a relatively high proportion 

(35%) in subcluster 2, whereas Rank 4 and Rank 5 showed 0% 

in this subcluster. These findings suggest that clones sharing 

the same TCR are not restricted to a single cytokine profile after 

activation.

DISCUSSION

CD4 CTLs have remained largely unexplored due to their low fre

quency and their discrepancy with conventional T cell classifica

tions. In this study, we conducted integrated single-cell profiling 

of T cells, combining transcriptome, surface protein, and TCR 

sequence data across different age groups, including rare co

horts of centenarians and supercentenarians. This approach 

enabled us to distinguish CD4 CTLs from other subsets and to 

characterize their unique TCR repertoires and clonal dynamics. 

We observed an increase in CD4 CTLs emerging in later stages 

of aging, with substantial clonal proliferation in supercentenar

ians as well as in certain individuals under 100 years. TCR anal

ysis of these expanded clones revealed non-canonical features, 

including γ chain activation and dual TCR expression. These ob

servations raised the question of the underlying mechanisms 

driving the increase in CD4 CTLs during aging.

We hypothesized that the increase in CD4 CTLs reflects an 

adaptive response to persistent antigens that express MHC 

class II. These antigens are rare and may primarily emerge in 

the late stages of life. Several lines of evidence support this hy

pothesis. First, CD4 CTLs were clonally expanded across all 

A

B

D

C

Figure 6. Characteristics of activated CD4 CTLs 

(A) Workflow for secondary single-cell analysis of T cells. T cells from six samples (A02, A06, B01, B04, C03, C04) were pooled after stimulation with PMA and 

ionomycin (Stimulated) or left unstimulated (Unstimulated). Single-cell libraries were sequenced, and SNP-based demultiplexing was used to assign cells to their 

original donors. 

(B) UMAP projection of T cells split by activation state. T cells (n = 6,400) are grouped into activated (CD69+) and quiescent (CD69− ) states, outlined with dashed 

lines. Clusters correspond to major T cell subsets: CD4 naive, CD4 helper, CD4 CTLs, and CD8 T cells. 

(C) Protein expression of CD69 and CD8 across T cell subsets. Expression levels of CD69 (top) and CD8 (bottom) are shown for activated and quiescent clusters. 

CD69 expression was compared between CD69− and CD69+ cells using a Wilcoxon rank-sum test (p < 1.0 × 10− 20). CD8 expression was analyzed using the 

Kruskal–Wallis test across the four subsets within CD69− and CD69+ clusters, respectively (both p < 2.2 × 10− 16). Dunn’s post hoc test with Bonferroni correction 

identified significant differences among all pairs (***p < 0.001). 

(D) Expression levels of cytotoxic and inflammatory genes in CD4 CTLs under activated and quiescent conditions, compared using the Wilcoxon rank-sum test 

(***p < 0.001). Boxplots: center, median; hinges, 25th/75th percentiles; whiskers, 1.5 × IQR. Dots: each cell (C and D).
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samples, suggesting that repeated antigen exposure is involved 

in CD4 CTL expansion. Second, CD4 CTLs showed a stepwise 

loss of CD27 and CD28, progressing through a CD27− CD28+ in

termediate state, with a subset gaining CD8 expression, indi

cating advanced differentiation. Nevertheless, they remained 

PD-1 negative, implying differentiation without exhaustion, in 

response to persistent antigen exposure. Third, our study identi

fied distinct subtypes within identical CD4 CTL clones based on 

their IL profiles (Figure 7). This diversity within clonal populations 

suggests that CD4 CTLs adapt their cytokine responses to spe

cific immune environments. Fourth, our top TCR clones matched 

TCRβ sequences from patients with cancer in a TCR database. 

Specifically, the top TCRβ sequences from six individuals, 

including healthy supercentenarians with no history of cancer, 

matched those in 14 patients with NSCLC (Figure 4C). Support

ing this observation, CD4 CTLs have been reported to localize 

near MHC class II-positive tumor cells in patients with 

NSCLC46 and to suppress tumor growth in mouse models.19

Furthermore, a recent study identified GPR56 as a key marker 

for CD4 CTLs in lung cancer, revealing that these cells upregu

late PD-1 and become exhausted.34 Our CD4 CTLs also 

expressed ADGRG1 (GPR56) (Figure S2D), but remained PD- 

1-negative (Figure S2C). This suggests these cells avoid exhaus

tion and may contribute to tumor immunosurveillance. Finally, 

CD4 CTLs have been reported to target other sources of persis

tent antigens, including senescent cells and latent viruses.23,47 A 

study has demonstrated that CD4 CTLs eliminate senescent 

cells in aged human skin.23 In this process, cellular senescence 

reactivates latent cytomegalovirus, leading CD4 CTLs to elimi

nate the senescent cells in an MHC class II-dependent manner. 

These findings suggest that CD4 CTLs may serve not only as 

markers of persistent MHC class II-positive antigens, but also 

as potential effectors for eliminating such antigens that accumu

late with aging. Conversely, it is important to note that CD4 CTL 

expansion may also be associated with pathogenic effects. 

Aberrant accumulation of CD4 CTLs has been widely implicated 

in autoimmune diseases, cardiovascular diseases, and exces

sive inflammation.48–50 Thus, CD4 CTLs likely act as a double- 

edged sword during aging, mediating either beneficial immuno

surveillance or pathogenic tissue damage depending on the 

degree of inflammatory control. Translationally, identifying their 

precise targets could guide the development of targeted thera

pies to manage subclinical tumors or latent infections in the 

elderly.

The increase in CD4 CTLs likely reflects a restructuring of the 

T cell repertoire that occurs with aging. This restructuring can be 

described as a shift in primary immune targets, moving from 

diverse antigens to learned antigens and finally to persistent an

tigens in advanced age. In youth, high TCR diversity allows the 

immune system to respond to a wide range of antigens in its 

environment, while forming immunological memory. At the 

same time, thymic involution reduces the production of naive 

T cells, leading to a gradual prioritization of previously encoun

tered antigens.51 Although this shift reduces the capacity to 

address new antigens due to declining TCR diversity,52 it reflects 

a rational process, allowing the immune system to focus on 

experienced antigens. This transition must have a benefit, 

because thymic involution is evolutionarily conserved across 

vertebrates.53 In advanced age, the immune system faces an 

increased prevalence of persistent antigens, most commonly 

processed via MHC class I molecules and recognized by CD8 

T cells.54 However, a distinct subset of these antigens, origi

nating from tumors, senescent cells, and reactivated latent vi

ruses, is presented through MHC class II molecules, enabling 

recognition by CD4 CTLs.20,23 Our analysis confirmed that CD8 

TEMRA cells also increase with age and undergo clonal expan

sion. However, unlike CD4 CTLs, their top clonotypes included 

public sequences shared among donors, and the degree of 

expansion was not correlated between the two subsets. These 

findings suggest that CD8 TEMRA expansion is likely driven by 

common antigens, whereas CD4 CTLs reflect more individual

ized responses to MHC class II-restricted antigens. The expan

sion of CD4 CTLs becomes evident only around the age of 

100, aligning with the period when persistent antigens are 
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Figure 7. Diversity in cytokine expression defining subtypes of activated CD4 CTLs 

(A) Cytokine expression profiles across CD4 CTL subtypes. Activated CD4 CTLs were categorized into eight subtypes based on the expression of interleukin (IL) 

genes. The size of the dots indicates the proportion of cells expressing each cytokine, while the color intensity represents the relative expression level of the 

cytokine within each subtype. 

(B) Expression of IL-4 and IL-13 across CD4 CTL subtypes. Boxplots show the expression levels of IL-4 (top) and IL-13 (bottom) in each subtype. Subtype 2 

exhibits the highest expression of both IL-4 and IL-13, indicating a Th2-like functional profile. 

(C) Distribution of major expanded CD4 CTL clones across subtypes. The top five expanded clones (Rank 1 to Rank 5) are distributed across the eight CD4 CTL 

subtypes. Each bar represents the number of cells from a specific clone within each subtype, showing that clones are not confined to a single subtype. Subtype 

composition differs significantly among clonotypes (chi-squared test with simulated p value; p = 1.0 × 10− 5). Boxplots: center, median; hinges, 25th/75th 

percentiles; whiskers, 1.5 × IQR. Dots: each cell (B).
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abundant. This temporal correlation suggests that the increase 

in CD4 CTLs represents an adaptive strategy to address persis

tent challenges in aging immunity. This adaptation demonstrates 

the notable plasticity of CD4 T cells, enabling a shift toward 

persistent antigens at the population level and a transition from 

helper to cytotoxic roles at the cellular level.

Limitations of the study

A key limitation of this study is the lack of direct functional valida

tion in vivo. First, our analysis focused on circulating T cells, leav

ing their actual tissue-specific functions unresolved, including 

the specific cells or antigens they target and eliminate. Future 

studies incorporating tissue-resident immune cells will be essen

tial to address this gap. Second, the TCR database matches 

were based solely on CDR3β sequences. They should be inter

preted as exploratory evidence of overlap with previously re

ported TCR repertoires rather than evidence that these TCRs 

recognize the same antigen. Third, due to the technical chal

lenges of isolating primary cells from supercentenarians, our 

functional insights rely on ex vivo stimulation experiments. 

Thus, how these CD4 CTLs and their specific cytokine profiles 

directly contribute to healthy aging requires further experimental 

elucidation. Finally, the extreme rarity of the subjects resulted in 

a relatively small cohort size. Although consistent trends were 

observed, individual variations could influence the results, high

lighting the need for larger cohorts in future studies.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Kosuke Hashimoto (kosuke.hashimoto@ 

protein.osaka-u.ac.jp).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Raw sequencing data have been deposited in the NBDC Human Data

base under the accession ID hum0511 and in the Genomic Expression 

Archive (GEA) under accession IDs E-GEAD-1107 and E-GEAD-1108. 

They are available under controlled access, subject to approval by 

the NBDC Data Access Committee.

• Processed single-cell RNA-seq data from primary (Dataset 1) and sec

ondary (Dataset 2) analyses are freely available in the Osaka University 

Knowledge Archive (OUKA) via https://hdl.handle.net/11094/104062. 

Each dataset includes standard output files (barcodes.tsv.gz, featur

es.tsv.gz, matrix.mtx.gz, and clonotypes.csv) generated using Cell 

Ranger v6.1.2.

• All original code and the pretrained VAE model are freely available in the 

same OUKA record.

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

TotalSeq-C0251 anti-human Hashtag 1 BioLegend Cat# 394661; clone LNH-94; 2M2

TotalSeq-C0253 anti-human Hashtag 3 BioLegend Cat# 394665; clone LNH-94; 2M2

TotalSeq-C0255 anti-human Hashtag 5 BioLegend Cat# 394669; clone LNH-94; 2M2

TotalSeq-C0034 anti-human CD3 BioLegend Cat# 300479; clone UCHT1

TotalSeq-C0072 anti-human CD4 BioLegend Cat# 300567; clone RPA-T4

TotalSeq-C0046 anti-human CD8 BioLegend Cat# 344753; clone SK1

TotalSeq-C0063 anti-human CD45RA BioLegend Cat# 304163; clone HI100

TotalSeq-C0386 anti-human CD28 BioLegend Cat# 302963; clone CD28.2

TotalSeq-C0087 anti-human CD45RO BioLegend Cat# 304259; clone UCHL1

TotalSeq-C0154 anti-human CD27 BioLegend Cat# 302853; clone O323

TotalSeq-C0156 anti-human CD95 (Fas) BioLegend Cat# 305651; clone DX2

TotalSeq-C0582 anti-human TCR Vδ2 BioLegend Cat# 331435; clone B6

TotalSeq-C0085 anti-human CD25 BioLegend Cat# 302649; clone BC96

TotalSeq-C0148 anti-human CD197 

(CCR7)

BioLegend Cat# 353251; clone G043H7

TotalSeq-C0390 anti-human CD127 (IL- 

7Rα)

BioLegend Cat# 351356; clone A019D5

TotalSeq-C0088 anti-human CD279 (PD-1) BioLegend Cat# 329963; clone EH12.2H7

TotalSeq-C0149 anti-human CD161 BioLegend Cat# 339947; clone HP-3G10

TotalSeq-C0250 anti-mouse/human 

KLRG1 (MAFA)

BioLegend Cat# 138433; clone 2F1/KLRG1

TotalSeq-C0047 anti-human CD56 (NCAM) BioLegend Cat# 362559; clone 5.1H11

TotalSeq-C0080 anti-human CD8A BioLegend Cat# 301071; clone RPA-T8

TotalSeq-C0146 anti-human CD69 BioLegend Cat# 310951; clone FN50

Biological samples

T-cell-enriched PBMCs from 

supercentenarians

This paper N/A

T-cell-enriched PBMCs from centenarians This paper N/A

T-cell-enriched PBMCs from donors aged 

70s–90s

This paper N/A

Chemicals, peptides, and recombinant proteins

Ficoll-Paque Plus Cytiva Cat# 17-1440-02

CELLBANKER 2 Takara Bio Cat# CB031

Human TruStain FcX BioLegend Cat# 422301

Cell Stimulation Cocktail, PMA/Ionomycin BioLegend Cat# 423301

Brefeldin A Solution eBioscience Cat# 00-4506-51

Critical commercial assays

SepMate-15 tubes STEMCELL Technologies Cat# 85415

RosetteSep Human T cell Enrichment 

Cocktail

STEMCELL Technologies Cat# 15061

Nextera XT DNA Library Preparation Kit Illumina Cat# FC-131-1024

Chromium Single Cell 5′ Library & Gel Bead 

Kit

10x Genomics Cat# 1000006

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The use of human blood samples in this study was approved by the Keio University School of Medicine Ethics Committee (Approval 

No. 2002-1020-27), The University of Osaka Research Ethics Committee (Approval No. 939), and RIKEN Ethical Review Committee 

(Approval No. H28-6). This study included 28 Japanese donors: eight donors aged 70s–90s, ten centenarians, and ten supercente

narians. Age and sex information for each donor is summarized in Figure S1A.

METHOD DETAILS

Isolation of T cells from human blood samples

Blood samples were collected in 2-mL EDTA tubes after obtaining informed consent from each donor. T cells were extracted from 

whole blood using SepMate-15 tubes (STEMCELL Technologies), RosetteSep Human T cell Enrichment Cocktail (STEMCELL Tech

nologies), and Ficoll-Paque Plus in accordance with the manufacturer’s guidelines. The RosetteSep cocktail was added to the blood 

and incubated for 10 min to enrich T cells via negative selection. Diluted blood (1:1 with phosphate-buffered saline and 2% FBS) was 

then placed in SepMate tubes and centrifuged at 1200 × g for 10 min at room temperature. The resultant mononuclear cells under

went washing with the same buffer, followed by double centrifugation at 300 × g for 8 min. A Countess II Automated Cell Counter 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Chromium Single Cell 5′ Feature Barcode 

Library Kit

10x Genomics Cat# 1000080

Chromium Single Cell V(D)J Enrichment Kit, 

Human T cell

10x Genomics Cat# 1000005

Deposited data

Raw sequencing data This paper NBDC: hum0511; GEA: E-GEAD- 

1107 and E-GEAD-1108

Processed single-cell RNA-seq data This paper OUKA: https://hdl.handle.net/11094/ 

104062

Pretrained VAE model and source code This paper OUKA: https://hdl.handle.net/11094/ 

104062

Processed single-cell RNA-seq data Yazar et al.28 https://cellxgene.cziscience.com/ 

collections/dde06e0f-ab3b-46be-96a2- 

a8082383c4a1

Processed single-cell RNA-seq data Gong et al.27 https://apps.allenimmunology.org/aifi/ 

resources/imm-health-atlas/downloads/ 

scrna/

Processed single-cell RNA-seq data Wang et al.26 https://www.synapse.org/Synapse: 

syn61609846

Processed single-cell RNA-seq data Hashimoto et al.10 http://gerg.gsc.riken.jp/SC2018/

Processed single-cell RNA-seq data Terekhova et al.25 https://www.synapse.org/Synapse: 

syn50542388

Processed single-cell RNA-seq data Luo et al.24 https://www.ncbi.nlm.nih.gov/geo/query/ 

acc.cgi?acc=GSE157007

Software and algorithms

Cell Ranger v6.1.2 10x Genomics https://www.10xgenomics.com/support/ 

software/cell-ranger/downloads

Seurat v4.1.1 Hao et al.30 https://satijalab.org/seurat/

R v4.1.3 The R Project https://www.r-project.org/

freebayes v1.3.5 Garrison et al.55 https://github.com/freebayes/freebayes/ 

releases

vcftools v0.1.16 Danecek et al.56 https://vcftools.github.io/

demuxlet Kang et al.57 https://github.com/statgen/demuxlet

STAR Dobin et al.58 https://github.com/alexdobin/STAR

CellTypist Dominguez Conde et al.29 https://www.celltypist.org/

TensorFlow Google Brain https://www.tensorflow.org/
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(Thermo Fisher Scientific) was employed for assessing cell count and viability. CELLBANKER 2 (1 mL) was added per 0.5 to 1 million 

cells, and aliquots were cryopreserved at − 80◦C.

Labeling of cell surface proteins

Cryopreserved T cells were thawed in a 37◦C water bath for 2 min. After the exterior of the vial was sanitized with 70% ethanol, the 

cells were transferred to a 2-mL tube. The cryovial was rinsed with 1 mL of 10% FBS medium. After centrifugation at 500 × g for 5 min, 

the supernatant volume was reduced to 200 μL. Cells were resuspended with incremental additions of medium. Chromium Single Cell 

5′ Feature Barcode Library Kit and TotalSeq-C (BioLegend) were used for pooling multiple samples with specific hashtags and 

profiling 16 selected surface proteins. The conjugates of antibodies and oligonucleotides containing a feature barcode were mixed 

in a 1.5-mL tube and centrifuged at 14,000 × g for 10 min at room temperature. For cell labeling, 0.2 to 1 million cells were centrifuged, 

and the pellet was resuspended in 50 μL labeling buffer, treated with Human TruStain FcX and dextran sulfate, and incubated for 

10 min at 4◦C. Following a 60-min incubation with the antibody mix, cells were washed and centrifuged. The final cell pellet was re

suspended in 1.0 mL resuspension buffer.

Preparation of single-cell transcriptome, cell surface protein, and TCR libraries

Chromium Single Cell 5′ Library & Gel Bead Kit and V(D)J Enrichment Kit (Human T cell) were used to prepare the single-cell libraries 

following manufacturer’s protocols. Two to three samples were pooled before loading into the 10x Chromium Controller, in which 

each cell was encapsulated in a droplet with unique barcoded oligonucleotides, enzymes, and other reagents. In each cell, RNAs 

were reverse transcribed into cDNAs incorporating unique cell and molecular barcodes. The barcoded cDNAs were amplified via 

PCR for the transcriptome library. VDJ segments were enriched with primers specific to the TCR constant regions for the TCR library. 

TCRα and TCRβ chains were obtained as paired sequences from the same cell using the 10x Genomics V(D)J protocol. DNAs con

taining feature barcode oligonucleotides were used to construct the cell surface protein library. The libraries were sequenced on the 

MGI-Seq2000 platform.

Processing of the primary single-cell sequence data

The sequencing data were processed using Cell Ranger version 6.1.2. The FASTQ files from three types of libraries (transcriptome, 

cell surface protein, and TCR) were processed together using cellranger multi with refdata-gex-GRCh38-2020-A as a reference 

genome and refdata-cellranger-vdj-GRCh38-alts-ensembl-5.0.0 as a reference VDJ sequence. The results of cellranger multi 

from each experiment were aggregated into a single output using cellranger aggr with default parameters. The original source of 

each cell was identified based on the UMI counts of sample-specific hashtags (Figures S1B–S1D). Low-quality cells were excluded 

based on four criteria (Figures S1E and S1F). First, cells without a single type of hashtag were excluded because of their uncertain 

sample assignment (indicated in green in Figures S1C and S1D). Second, cells with CD3 feature barcode UMI counts <100 were 

excluded, as they were classified as non-T cells (Figure S1G). Third, cells with mitochondrial gene expression >10% were removed 

(indicated in green in Figure S1F). Finally, cells with feature barcode UMI counts exceeding 10,000 were considered to be antibody 

aggregation and thus removed (indicated in red in Figure S1F). The UMI count matrix was loaded into the Seurat R package (version 

4.1.1)30 in R (version 4.1.3). Integration of transcriptome and surface protein profiles was conducted using the 

FindMultiModalNeighbors function, employing the first 30 principal components for the transcriptome and 15 for surface proteins. 

Cell clustering and dimensional reduction (UMAP) were performed using the FindClusters and RunUMAP functions, respectively. 

Clonal diversity was quantified using the Simpson’s index: λ =

∑
ni(ni − 1)

N(N − 1)
and the Shannon diversity index: H′ = −

∑
ni

N
ln
(

ni

N

)
, where 

ni is the number of cells in clone i and N is the total number of cells.

PMA and ionomycin stimulation for secondary single-cell analysis

Cryopreserved T cells were thawed in a 37◦C water bath for 2 min. The vial was sanitized with 70% ethanol. After the cells were trans

ferred, the cryovial was rinsed with 1 mL of 10% FBS medium. The cells were then centrifuged at 500 × g for 5 min, resuspended, and 

transferred to a 96-well plate at 100–200 μL per well. Stimulation was performed using a cell activation cocktail containing phorbol 

12-myristate 13-acetate (PMA) and ionomycin (BioLegend), along with brefeldin A (eBioscience). After 6 h of incubation, Hashtag1 

and Hashtag3 (TotalSeq-C, BioLegend) were used to label the stimulated and unstimulated cells, respectively, after which both pop

ulations were pooled for single-cell library preparation. Transcriptome, surface protein, and TCR libraries were then prepared using 

the Chromium Single Cell 5′ Library & Gel Bead Kit and V(D)J Enrichment Kit (Human T cell) (10x Genomics), following the protocol 

previously described. The libraries were sequenced on the MGI-Seq2000 platform.

Processing of the secondary single-cell sequence data

The sequencing data were processed using Cell Ranger version 6.1.2, with the same parameters and reference files as described for 

the primary data. Low-quality cells were excluded based on the same four criteria used for the primary data, with the additional exclu

sion of cells lacking detectable TCR sequences. The UMI count matrix was loaded into the Seurat R package (version 4.1.1) in R 

(version 4.1.3), with integration, clustering, and UMAP reduction performed as described for the primary data.
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In this experiment, because all samples were pooled before sequencing, individual cells were assigned to donors based on SNPs. 

SNP calling was performed on the primary single-cell sequencing data using freebayes v1.3.5,55 excluding the Y chromosome. 

Filtering was conducted with vcftools v0.1.16,56 applying minimum mean depth 10, minimum quality value 30, and restricted to 

exonic SNPs defined by GENCODE v36.59 Using the resulting set of 18,813 SNPs and the aligned bam files, each cell was assigned 

to a donor using demuxlet.57 Cells that could not be uniquely assigned to a single donor were excluded from the analysis. Stimulated 

and unstimulated conditions were determined based on the counts of Hashtag1 and Hashtag3.

Flow cytometry, cell sorting, and bulk RNA-seq

Peripheral blood mononuclear cells from two donors were stained with antibodies against CD3, CD4, CD45RO, CD27, and CD28, 

together with 7-AAD for viability assessment, and analyzed by flow cytometry. After gating on live CD3+CD4+ T cells, the 

CD27− CD28− subset and the CD45RO + CD28+ subset were identified and sorted directly into MagMAX lysis buffer. Total RNA 

was isolated using the MagMAX mirVana Total RNA Isolation Kit. Full-length cDNA was then synthesized and amplified using the 

SMART-Seq mRNA workflow with LD-PCR amplification. Sequencing libraries were prepared from amplified cDNA using the Nex

tera XT DNA Library Preparation Kit and sequenced on a NovaSeq X platform. After adapter trimming and quality control, reads were 

aligned to the reference genome using STAR,58 and gene expression levels were summarized as counts per million (CPM).

Prediction of CD4 CTLs in public datasets

To identify CD4 CTLs from transcriptome data alone, a multi-task Variational Autoencoder (VAE) was developed in TensorFlow. The 

model was designed to receive RNA expression profiles as input and simultaneously perform RNA reconstruction, surface protein 

(ADT) prediction, and cell-type classification (Figure S1M). The encoder received log-transformed RNA expression profiles that 

were aligned with a standardized reference list of 6,585 genes used in CellTypist.29 These profiles were concatenated with sample 

identities, represented as one-hot vectors, to regress out technical batch variations. The input was compressed into a 

16-dimensional latent space using a dropout rate of 0.2. To prevent overfitting to cell-type labels and to learn generalized latent rep

resentations, the decoder comprised three distinct branches corresponding to these tasks. The joint loss function was defined as the 

weighted sum of the mean squared errors for RNA and ADT reconstructions, the sparse categorical cross-entropy for cell-type clas

sification, and the Kullback-Leibler (KL) divergence for latent space regularization. The model was trained on the primary dataset of 

28 samples. One sample from each group (A01, B01, and C01) was assigned to the validation set, while the remaining 25 samples 

were used for training. Optimization was performed using the AdamW optimizer with a learning rate of 1e− 3 and a batch size of 256 

for 30 epochs.

To test the generalizability of the trained VAE model on independent external data, we utilized a published PBMC reference atlas 

dataset (10x Genomics 3′ single-cell, GSE164378).30 In this dataset of 161,764 cells, immune cells including CD4 CTLs had been 

previously defined using a panel of 228 surface antibodies (ADTs). Relying solely on RNA input, we evaluated the predictive perfor

mance (precision, recall, and F1-score) against these cell-type labels across 10 runs with different random seeds.

Following model construction, training, and external testing, the VAE was applied to evaluate age-associated changes in CD4 

CTLs across large-scale populations. Single-cell RNA-seq datasets of peripheral blood mononuclear cells (PBMCs) and isolated 

T cells were collected from six public cohorts and combined with the present study (Figure S1K). Raw UMI count matrices from 

the public datasets were processed similarly. Cell-type labels were subsequently inferred for all cells using the trained VAE model, 

relying solely on the RNA modality, and the fraction of predicted CD4 CTLs per sample was calculated.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed using R (version 4.1.3). Monotonic trends across age groups were assessed using the two- 

sided Jonckheere–Terpstra test (jonckheere.test function). The Wilcoxon rank-sum test (wilcox.test function) was used for two-group 

comparisons. For comparisons among three or more groups, the Kruskal–Wallis test (kruskal.test function) was used, followed by 

Dunn’s post hoc test (dunnTest function from the FSA package) with Bonferroni correction. To evaluate differences in subtype 

composition across major CD4 CTL clones, a chi-squared test with simulated p-value (chisq.test function with simulate.p.value = 

TRUE and B = 100,000) was applied to a clone-by-subtype contingency table. Asterisks denote significance levels: *p < 0.05, 

**p < 0.01, ***p < 0.001.
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