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Abstract

Despite the female predominance in age- and immune-associated diseases, the pathways
underlying sex difference in healthy immune aging remain incompletely understood. Here, we
present a multi-ethnic single-cell transcriptomic atlas of healthy human immune aging (35%
Asian), comprising 3.8 million peripheral blood mononuclear cells (PBMCs) from 1,828
individuals aged 19-97 years. Prominent peaks of differential gene expression around 40
(mainly CD4 T cells) and after 60 (mainly CD8 T cells) years of age were accompanied by
age-dependent decline in RNA/protein homeostasis and inflammatory PBMC polarization with
sex-dependent kinetics. While females displayed sustained CD8 T cell immunometabolism
and late-life senescence signatures in CD4 T, NK, and B cells, males exhibited early-life
fluctuations in CD4 T cell immunometabolism associated with hypomethylation of SSH3 at
chromosome 11g13. Deep learning-based biological age clocks stratified for sex outperformed
sex-combined models, learning from transcriptional immune trajectories. We thus unravel a
nonlinear PBMC aging whereby targeting sex-specific pathways can allow precision
geromedicine.
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Introduction

Recent advances in systems biology have revealed that aging does not progress linearly.
Multi-omics profiling of human blood has uncovered distinct temporal waves of molecular
changes during the human lifespan'3, suggesting critical transition periods that may represent
windows of heightened vulnerability or therapeutic opportunity. While recent single-cell RNA
sequencing (scRNA-seq) studies have begun to catalog immune changes across the
lifespan“®, most analyses aggregate data across age groups or model aging as a linear
process, potentially missing critical temporal dynamics and individual-level heterogeneity.

Emerging evidence indicates that biological aging exhibits substantial sexual dimorphism’®.
Females live longer than males yet experience greater burden from age-related diseases.
Females also mount stronger innate and adaptive immune responses, contributing to
enhanced pathogen clearance but also increased susceptibility to autoimmune diseases'*"2.
Despite these well-established immunological sex differences, how immune aging trajectories
diverge between males and females at the transcriptional level—and whether these
differences accelerate or diminish over the lifespan—remains largely unexplored. Recent work
suggests sex-specific epigenetic aging patterns® and differential immune responses in older
adults™'*, yet comprehensive single-cell analyses integrating large cohorts spanning both
sexes and the full age range are lacking. Importantly, whether the nonlinear aging dynamics
manifest at single-cell resolution in peripheral immune cells, and the extent to which sex
contributes to these processes remain unknown.

Here, we present a multi-ethnic single-cell transcriptomic atlas of peripheral blood immune
aging, integrating 3.8 million cells from 1,828 healthy individuals aged 19-97 years with
balanced sex representation. We reveal nonlinear aging dynamics with prominent peaks in
the 40s and 60s, recapitulating and extending previous findings'= to single cell resolution in
the peripheral blood. Functional analyses highlight coordinated decline in protein and RNA
homeostasis pathways across myeloid and lymphoid cells in both sexes, accompanied by a
sex-dependent immune cell activation. Sex-stratification uncovers distinct temporal patterns:
female immune cells display sustained CD8 T immunometabolism and late-life senescence
signatures involving CD4 T, NK, and B cells, while males exhibit early, transient changes in
CD4 T cell immunometabolism. Parallel DNA methylation analysis implicates contribution of
epigenetic regulation in chromosome 11913 and the MHC locus (6p21) in these sex-
dependent immune trajectories. Finally, we develop deep learning-based scRNA-seq
biological age clocks to demonstrate that sex-stratified models efficiently learn from specific
immune kinetics and outperform sex-combined models.
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Results
Aging human PBMCs show nonlinear transcriptional dynamics

We integrated and analyzed four large-scale scRNA-seq datasets of peripheral blood
mononuclear cells (PBMCs) from healthy donors with age and sex information®'s-"" (Fig. 1a-
c). After quality control (see Methods), we obtained approximately 3.8 million immune cells
from 1,021 females and 807 males aged 19-97 years, representing 12 self-reported ethnicities
(34.8% Asian) (Fig. 1a-b, Extended Data Fig. 1a). Cell type proportion analyses revealed
canonical aging features including CD8 naive T cell loss and MAIT cell decline in both sexes,
aligning with established immunological aging features®%'8-20 (Table 1).

Leveraging this integrated dataset, we explored comprehensive aging patterns across
immune cell types in males and females. To investigate whether nonlinear aging dynamics
previously observed in plasma transcriptomics and proteomics’? are conserved at single-cell
resolution, we applied Differential Expression-Sliding Window Analysis (DE-SWAN)? to
pseudobulk expression profiles of five major PBMC cell types: CD4 T cells, CD8 T cells, B
cells, NK cells, and monocytes (see Methods).

We performed parallel analyses on female-only, male-only, and combined-sex cohorts to
define sex-aware aging features (SAFs)—cell type—gene pairs exhibiting significant differential
expression (q < 0.05, window size 20) across age windows. Among 7,014 features tested, we
identified 6,322 both-sex, 5,204 female, and 4,346 male SAFs. While 55% overlapped across
all three sets, 23% were exclusive to female and both-sex analyses (Fig. 1d), indicating more
pronounced female-specific transcriptional changes during aging.

To quantify global changes regardless of cell types, we visualized these features across the
age range and confirmed two distinct "aging peaks": a primary peak of differential expression
occurring at ~40 years and a secondary peak after 60 years (Fig. 1e). These peaks remained
after applying different sliding-window sizes and statistical thresholds (Extended Data Fig. 2a—
b) but were no longer detected upon random age permutation (Extended Data Fig. 2c),
confirming true biological signal. Individual datasets captured either the first or second peak,
but not both, reflecting their limited sample size, age range, and biased sex distribution
(Extended Data Fig. 1b-d). These results underscore the power of data integration for
revealing aging trajectories otherwise not fully detected.

Both peaks manifested within individual cell types, but with cell type- and sex-specific patterns
(Fig. 1f, Extended Data Fig. 2d). Females consistently exhibited higher peak amplitudes than
males, concordant with their SAF numbers. CD4 T cells harbored the most SAFs (n = 4,137,
3,321, 2,901 for both-sex, female, and male, respectively), followed by CD8 T cells (n = 1,203,
1,077, 1,019), while monocytes showed the fewest (n = 201, 182, 67). CD4 T cells dominated
the first peak, while CD8 T cells were prominent in the second one. B cells, male CD8 T cells,
and female NK cells exhibited balanced bimodal peaks while female CD8 T cells exclusively
showed merged pattern of the two peaks. Female monocytes were characterized by the first
peak only, whereas NK cells and monocytes in males did not exhibit clear peaks.

Sex-dependent transcriptional trajectories in immune aging

To further dissect sex differences in aging transcriptome, we performed age trajectory
clustering on each SAF set based on pseudobulk temporal kinetics, identifying seven distinct
patterns (Fig. 2a, Extended Data Fig. 3b, Supplementary Figure 1, see Methods). Three were



109 conserved across sexes (early increase, early decrease, and continuous decrease), while four
110 were sex-specific: early fluctuation (male-specific), inverted U-shape (female-specific),
111 continuous increase (female-specific), and late increase (female-specific).

112  The majority of SAFs exhibited early-changing dynamics. Early increase and early decrease
113  clusters comprised 49.1% of both-sex, 50.1% of female, and 71.8% of male SAFs (Fig. 2a),
114  consistent with the prominent first DE-SWAN peak (Fig. 1e-f). At the cell type level, many
115  populations showed >50% early-changing features, including CD4 T cells, male CD8 T cells,
116  and male monocytes (Extended Data Fig. 3a). T cells, especially CD4 T cells, dominated early-
117  changing clusters—representing 76.1%, 73.4%, and 66.6% of both-sex, female, and male
118  SAFs, respectively (Fig. 2a)—explaining the pronounced first peak observed in CD4 T cells
119  (Fig. 1f). These observations indicate that CD4 T cells exhibit the broadest age-related
120 transcriptional changes, particularly in early-to-mid adulthood.

121  Continuous-changing clusters represented the next most prominent immune aging trajectory,
122  especially in both-sex and female SAFs. 33.0% and 29.9% of both-sex and female SAFs,
123  respectively, exhibited continuous changes (increases and decreases combined), while 10.7%
124  of male SAFs showed continuous decrease (Fig. 2a). CD8 T cells were overrepresented in the
125  continuous increase clusters in both-sex and female SAFs (38.8% and 51.0%, respectively)
126  (Fig. 2a, Extended Data Fig. 3a). This pattern likely reflects the merged DE-SWAN peak
127  observed in female CD8 T cells (Fig. 1f).

128  The male-specific early fluctuation cluster predominantly comprised CD4 T cell features (82.0%
129 and 80.1% in both-sex and male SAFs, respectively) (Fig. 2a). Similarly, the female-specific
130 inverted U-shape cluster was strongly enriched for CD4 T cell features (86.7%), whereas the
131 late increase cluster showed more balanced representation across the five major cell types
132  ratherthan T cell dominance (Fig. 2a). This distribution potentially underlies the higher second
133  peaks observed across cell types in females compared to males (Fig. 1e-f).

134  Aging PBMCs decline in mRNA/protein homeostasis regardless of sex

135  To functionally annotate age-associated changes across immune cell types, we employed two
136 complementary approaches: (1) gene set enrichment analysis (GSEA) based on Spearman
137  correlations of all female and male SAFs, and (2) cluster-wise pathway enrichment using Gene
138  Ontology Biological Process (GOBP) terms (see Methods). The first approach identified the
139  strongest upregulated and downregulated processes through correlation-based GSEA ranking,
140  while the second enabled detailed characterization of each trajectory cluster.

141 GSEA revealed robust and consistent downregulation of translation and RNA metabolism
142  pathways across sexes and cell types (Fig. 2b-c; g < 0.01, NES < 0), with the exception of
143  male NK cells. Downregulated pathways included rRNA processing, translation elongation,
144  nonsense-mediated mMRNA decay, and mRNA processing. This coordinated decline in
145  transcription-translation machinery aligns with recently reported proteostasis failure
146  characterized by mRNA-protein decoupling across multiple aging human tissues?'.

147  Cluster-wise pathway enrichment characterized the two main decrease clusters (early
148 decrease and continuous decrease) with pervasive enrichment in DNA/RNA metabolism and
149  ftranslation/proteostasis modules across sexes and cell types, reinforcing the coordinated
150 decline in RNA and protein homeostasis (Extended Data Fig. 4a). These clusters were also



151
152

153
154
155
156
157

158
159
160
161
162
163
164
165

166
167
168
169
170

171

172
173
174
175

176
177
178
179
180
181
182
183
184
185
186
187

188
189
190
191
192
193

enriched for OXPHOS/energy metabolism modules, indicating a generalized PBMC
energetics decline.

In contrast, upregulated pathways were more cell type-specific and enriched for established
age-associated signatures (Fig. 2b-c; g < 0.01, NES > 0). Adaptive immune system, RHO
GTPase signaling, and platelet activation pathways were upregulated especially in CD8 T cells
in both sexes, consistent with prior aging tissue proteomics?' and blood transcriptomics”.
Interleukin-4 and interleukin-13 signaling pathway was increased in male CD4 T cells.

Cluster-wise analysis similarly revealed that two main increase clusters (early increase in
males and continuous increase in females) were enriched for immune activation modules
(Extended Data Fig. 4a). These included immune response (NF-kB, interferon), immune cell
differentiation/activation, and antigen-specific activation, especially in CD8 T cells. Monocytes
and CD4 / CD8 T cells in these clusters showed enrichment for actin fiber organization-
potentially reflecting cytoskeletal remodeling during immune activation?2-with upregulation of
WAS, WASF2, and ARPC2. CD4 / CD8 T cells also exhibited elevated apoptotic signaling
pathways (BAX, CASP8).

Functional annotations reveal coordinated decline in RNA-protein homeostasis across cell
types, while increasing trajectories reflect progressive immune cell activation and
inflammatory polarization ("inflammaging") from early-to-mid life. This pattern suggests that
reduced biosynthetic capacity coincides with heightened cellular stress and immune activation,
consistent with transcriptome-proteome decoupling across aging tissues?".

Sustained CD8 T cell immunometabolism and late-life senescence in females

We next focused on sex-specific clusters of immune aging trajectories. The continuous
increase cluster was unique to female SAFs. When mapped to male clustering profiles, these
features were distributed across multiple trajectories, with 175 female-only SAFs not detected
as significantly changing with age in males (Fig. 3a).

Majority of the female continuous increase cluster (a subcluster of 531 features) mapped to
the early increase cluster in males (Fisher’s exact test, p < 2.2 x 107'%), indicating sex-specific
kinetics (Fig. 3b-c). While increasing with age in both sexes, overall Spearman correlation of
this subcluster across the full age range was significantly higher in females than in males (Fig.
3e). Intriguingly, correlation of these features with age in male donors <60 years was
significantly higher than in male donors >60 years, whereas the difference was not significant
in females (Fig. 3f-g). These results indicate a more continuous increasing trend in females
while males display a pronounced early rise that plateaus later in life—a trajectory pattern
reflected in locally estimated scatterplot smoothing (LOESS) plots (Fig. 3b-c). This sex-
divergent kinetics was also reflected in features with the top positive correlation with age,
where they were enriched in continuous increase clusters in females but in early increase
clusters in males (Extended Data Fig. 3c).

This subcluster was dominated by CD8 T cell features (62.3%; Fisher’s exact test, p < 2.2 x
107"%; Fig. 3d) related to immune and metabolic activation (i.e. immunometabolism). Pathway
enrichment analysis (q < 0.01, GOBP) characterized these features with immune activation,
RNA/protein metabolism, and mitochondrial ATP synthesis (Fig. 3h, Extended Data Fig. 5a).
Enrichment of interferon/interleukin signaling and T/NK cell-mediated cytotoxicity pathways
further linked these features to age-associated immune activation and inflammation (Extended
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Data Fig. 5a). Representative genes include SIGIRR, CD74, MYO1G, and ITGB2 related to
effector / cytotoxic T cell function?*-%, and NDUFA2 and IDH3B related to energy metabolism?’
in CD8 T cells, showing sustained late-life increases in females compared to males (Extended
Data Fig. 5b).

The female-specific late increase cluster distributed across male SAF trajectories, with more
than half not present in male SAFs (Fig. 3i; n = 137, 53.3%; Fisher’s exact test, p <2.2 x 10"
'8). This cluster (all features, n = 257) showed wide cell type representation with CD4 T, NK
and B cells features (Fig. 2a). Top pathways included a broad set of translation-related ones,
accompanied by p53 and apoptotic signaling pathways in NK and CD4 T cells (Fig. 3j,
Extended Data Fig. 5c). Key contributing genes included TPT1, a regulator of cellular growth
and proliferation, and RACK1, a scaffold protein interacting with cyclins, in both CD4 T and
NK cells (Extended Data Fig. 5d). LAPTMS5, implicated in B cell apoptosis?® and suppression
of excessive T cell activation?®, also showed a female-specific late-life increase in CD4 T cells
(Extended Data Fig. 5d). Notably, FTL and FTH1, encoding the ferritin light and heavy chains
that store intracellular iron, exhibited a late-increase pattern in NK, CD4 T, CD8 T, and B cells
in females - a trend not observed in males (Fig. 3k, Extended Data Fig. 5e). Consistent with
this, the iron accumulation signature (IAS)*® was significantly overrepresented among features
in the late increase cluster (Fisher’s exact test, p = 4.874 x 10°), including FTL, TPT1, and
EEF1A1. This kinetic pattern of ferritin and IAS-related transcripts aligns with the association
between menopause and increased systemic iron burden. Menopause has been shown to
substantially alter iron homeostasis in women®', and serum ferritin levels in females from the
NHANES dataset exhibit a significant increase around the menopausal age (~50) (Extended
Data Fig. 5f). Notably, excess iron can promote cellular senescence®. Taken together, these
findings suggest that the female-specific late-increase cluster reflects a senescence-
associated cellular state.

The female-specific inverted U-shape cluster was mainly distributed across two male SAF
trajectories (early increase and early fluctuation clusters) with more than a third not selected
as male SAFs (Fig. 3l; n = 270; 34.6%; Fisher’s exact test, p = 1.78 x 107). This cluster was
dominated by CD4 T cell features (86.7%; Fisher’s exact test, p < 2.2 x 10°'°; Fig. 2a) enriched
in intracellular trafficking pathways including vesicle organization and ER organization (Fig.
3m, Extended Data Fig. 5g). Representative genes were ATP5AP2 and CLN5 located in
lysosomes, and TRAM1 and AP1S2 found in ER and Golgi apparatus, respectively (Extended
Data Fig. 5h). ANP32E, a suppressor of genome wide chromatin accessibility*?, and ARRDC3,
a gene previously reported as a sex-sensitive regulator of insulin receptor signaling®?, also
exhibited this kinetics (Extended Data Fig. 5h). MHC-Il genes (HLA-DM and HLA-DR) in B
cells were also included in this cluster, exhibiting a female-specific late-life decline (Fig. 3n).
Interestingly, B cell MHC-II expression has recently been mechanistically linked to CD4 T cell
senescence?.

In summary, female-specific trajectories are characterized by a sustained, life-long increase
in CD8 T cell activation and immunometabolism and late-life senescence in CD4 T, NK, and B
cells.

DNA methylation and sex-dependent PBMC aging trajectories

The male-specific early fluctuation cluster distributed across six female SAF trajectories,
mapping predominantly to the early increase and inverted U-shape clusters, with 187 features
absent from female SAFs (24.7%; Fisher’s exact test, p < 2.2 x 10'%; Fig. 4a). This cluster



239
240
241
242

243
244
245
246
247
248
249

250
251
252
253
254
255

256
257
258
259
260
261
262
263

264
265
266
267
268
269
270

271
272
273
274
275
276
277
278
279
280
281

was dominated by CD4 T cell features (80.1%; Fisher’s exact test, p < 2.2 x 10°'%; Fig. 2a).
Pathway enrichment analysis revealed overrepresentation of OXPHOS, mitochondrial gene
expression, and actin/vesicle organization pathways (Extended Data Fig. 6a-b, Extended Data
Fig. 4).

This cluster was distinguished by a uniquely significant genomic position enrichment signal
(MSigDB C1; Fig. 4b). Among all female and male SAF clusters, only this cluster exhibited a
highly significant enrichment, driven specifically by CD4 T cell features mapping to
chromosome 11913 (21 overlapping features; q = 4.50 x 10*; Fig. 4b, Supplementary Table
1). The overlapping genes included key regulators such as DPF2, implicated in myeloid and
lymphoid activation®*37, and OTUB1, involved in immune signaling®®4°, suggesting a
regulatory architecture capable of driving the early fluctuation dynamics of this cluster.

Given the exclusivity and strength of this positional enrichment, we tested whether this locus
is subject to age- and sex-dependent epigenetic regulation. We analyzed DNA methylation
data from whole blood samples isolated from 729 healthy donors*' (GSE87571; Fig. 4c,
Extended Data Fig. 6¢). Samples were stratified into young (<40), middle-aged (40-60), and
old (>60) groups, and differentially methylated region (DMR) analysis was performed to test
for age-sex interactions (see Methods, Fig. 4c).

This analysis identified 49 and 302 DMRs with significant age-sex interactions in the young
vs. middle-aged and young vs. old comparisons, respectively (Fig. 4g-h). While most mapped
to sex chromosomes, 2 and 10 autosomal DMRs were identified in the respective comparisons
(Supplementary Table 2). Notably, a DMR at chromosome 11913 was detected in the young
vs. old comparison (Fig. 4d-f), spanning three CpG sites in the gene body and 5' UTR of SSH3,
a regulator of actin dynamics and cell motility. This locus exhibited significant age-associated
hypomethylation in males but not in females (Fig. 4e-f), paralleling the male-specific
transcriptional enrichment at this genomic position.

Strikingly, four out of 12 autosomal DMRs localized to chromosome 6p21 (Fig. 4g-h). This
region encompasses the major histocompatibility complex (MHC) locus and has previously
been implicated in age-associated hypomethylation in naive CD4 T cells*?, accelerated
biological aging and mortality in chronic HIV infection*®, and strong gene-sex interactions in
systemic lupus erythematosus (SLE)—an autoimmune disease with female predominance*4.
These convergent observations prompted further investigation of sex-specific epigenetic
remodelling during aging at this locus.

The 6p21 DMR identified in the young vs. middle-aged comparison spanned 27 CpG sites
across the gene body of MPIG6B (c6orf25), a critical regulator of platelet activation and
megakaryocyte function (Extended Data Fig. 6d). This region showed age-associated
hypomethylation in both sexes but with delayed kinetics - occurring between middle-aged and
old groups in females, versus young and middle-aged groups in males (Extended Data Fig.
6e-f). Similarly, three 6p21 DMRs in the young vs. old comparison demonstrated weaker
and/or delayed hypomethylation in females. These regions spanned: (1) seven CpGs across
the gene body, 5' UTR, and transcription start site (TSS) of NOTCH4, a key regulator of T cell
activation, especially regulatory T cells (Tregs)*>*¢ (Fig. 4i-m); (2) nine CpGs in the gene body
of DAXX, a histone chaperone and transcriptional repressor (Extended Data Fig. 6g-h); and
(3) four CpGs in the TSS1500 region of DDAH2 and the gene body of CLIC1 (Fig. 4g-h).
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In our integrated scRNA-seq PBMC aging atlas, CLIC1 expression in CD4 and CD8 T cells
exhibited a continuous increase in females and early increase in males (Fig. 4j), mirroring the
sex-dependent shift in methylation kinetics. The female continuous—male early increase
transcriptional trajectories, which include CLIC1 and are enriched in features related to CD8
T cell activation and differentiation (Fig. 3a—h), align with epigenetic timing differences at the
MHC locus encompassing key antigen-presentation and immune response-related genes.
This alignment suggests that sex-specific DNA methylation dynamics may be linked to the
differential kinetics in CD8 T cell-mediated immune signature observed in male and female
transcriptome.

Together, these data demonstrate that sex-differential DNA methylation remodeling -
particularly at the 11913 and 6p21 loci - parallels and likely contributes to sex-divergent
transcriptional aging trajectories. This provides a mechanistic epigenetic basis for sex-specific
immune aging dynamics and implicates DNA methylation as a driver of divergent temporal
aging trajectories at the transcriptional level.

Sex-stratified biological age clocks learn from SAF trajectories

Based on the sex differences observed in aging PBMC transcriptional trends, we next tested
whether sex stratification improves biological age prediction and enables attribution of
trajectory-specific features. We constructed three models: a sex-combined clock trained on
both-sex SAFs and two sex-specific clocks trained separately in females and males (Fig. 5a;
see Methods). Each model was trained to predict chronological age from SAF expression
profiles. The final input matrices comprised 1,828 donors x 6,322 features (sex-combined),
1,021 donors x 5,204 features (female-specific), and 807 donors x 4,350 features (male-
specific), respectively.

We first compared elastic net regression (ENET), eXtreme Gradient Boosting (XGBoost), and
multilayer perceptron (MLP) approaches using five-fold cross-validation across multiple
performance metrics and independent external datasets. Internal validation showed that
ENET and MLP significantly outperformed XGBoost, yielding lower root mean squared error
(RMSE) and higher Pearson correlations (Extended Data Fig. 7a-b). External validation further
demonstrated MLP superiority over ENET, with improved RMSE and correlation, indicating
reduced overfitting and enhanced generalizability (Extended Data Fig. 7c-d). Based on these
criteria, MLP models were selected for downstream analyses.

Both internal and external validations showed performance gains for sex-specific clocks
relative to the sex-combined model (Extended Data Fig. 7e—h). Cross-testing (evaluating male
clocks on female data and vice versa) produced significant and consistent performance drops
across validation datasets, confirming that sex-specific models capture distinct, sex-
dependent aging features (Extended Data Fig. 7e—h). Notably, external validations exhibited
larger performance improvements for sex-specific models than internal validations, with
significant Pearson correlation improvement for the female-specific clock in female donors and
significant RMSE reductions for the male-specific clock in male donors (Extended Data Fig.
7g-h). This pattern suggests that internal datasets may approach a performance ceiling due
to shared cohort structure and technical homogeneity, whereas sex-specific clocks show
superior generalizability when applied to novel and heterogeneous external populations,
highlighting their translational robustness.
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From each five-fold MLP set, we selected the best-performing models based on external
validation metrics (RMSE, MAE, Pearson r) (Table 2). Final models exhibited strong
correlations between chronological and predicted age (>0.85 in internal validation; >0.7 in
healthy external cohorts; >0.6 disease external cohorts) (Fig. 5b-c, Extended Fig. 8a-b).
Overall, sex-stratified models consistently outperformed the sex-combined model across
datasets—most prominently the male-specific model in internal validation, the female-specific
model in healthy external cohorts, and both sex-specific models in disease and pooled
external validations—supporting their robustness. Notably, performance was lower in disease
cohorts than in healthy cohorts (Extended Data Fig. 7i), likely reflecting disease-associated
transcriptomic changes, which may partially decouple chronological aging signals and
introduce additional variance beyond physiological aging trajectories.

We next analyzed SHAP (Shapley Additive exPlanations) values to assess feature
contributions. Principal component analysis (PCA) of SHAP values revealed high dataset
dependence, indicating MLP models dynamically adjusted feature weighting across cohorts
(Supplementary Figure 2). This adaptive reweighting is not supported by linear models such
as ENET and likely contributes to the superior external validation performance of MLP models.
To isolate age-related biological contributions from dataset effects, SHAP values were
corrected by base mean (Supplementary Figure 2, see Methods).

Using corrected SHAP values, we quantified the net contribution of each trajectory cluster to
age prediction by computing summed SHAP scores per cluster. The continuous increase
cluster showed the highest summed absolute SHAP values in the female model, while the
early increase cluster dominated in the male model (Extended Data Fig. 8c-d), mirroring the
top age-correlated features in the respective SAFs (Extended Data Fig. 3c). This indicates
that the models preferentially rely on biologically dominant, sex-specific aging programs when
predicting age.

Summed SHAP values further revealed kinetically aligned contributions of trajectory-specific
features (Fig. 5d-e). Upon stratification of donors into young (<40), middle-aged (40-60), and
old (>60) groups, early-changing trajectories showed the largest SHAP differences between
young and middle-aged groups, whereas continuous-changing trajectories exhibited
progressive SHAP increases across age groups, with the strongest effects between middle-
aged and old donors in both sexes. The female-specific late increase cluster also showed a
pronounced SHAP shift between middle-aged and old females, demonstrating that model
attribution faithfully recapitulates the temporal structure of the underlying trajectories.

Collectively, these analyses demonstrate that sex-specific clocks learn from sex-specific
temporal aging dynamics that likely underlie their improved performance, underscoring their
relevance for precision geromedicine.



361

362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388

389
390
391
392
393
394
395
396
397
398
399

400
401
402
403
404
405

Discussion

Our atlas reveals two prominent peaks of differential gene expression in peripheral immune
cells—at approximately 40s and 60s—extending observations made in aging human blood™
to transcriptionally defined PBMCs at single cell level. The nonlinear aging peaks vary by
immune cell type, with CD4 T cells exhibiting the strongest early peak (40s) across sexes,
consistent with their role as central coordinators of adaptive immunity and high sensitivity to
systemic aging cues. Consistent with previous studies*®, CD8 T cells show the greatest
transcriptional magnitude across lifespan, and are the dominant cells underlying the second
peak after 60s. These temporal hubs align with known physiological transitions during aging:
the fourth decade coincides with declining reproductive capacity and early hormonal changes,
while the sixth decade encompasses perimenopause/menopause in females and continued
androgen decline in males*’#8. The nonlinear nature of these changes suggests that immune
aging is not a gradual, monotonic process but rather proceeds through punctuated transitions
that may represent critical windows for rejuvenation-aimed interventions. Importantly,
individual aging PBMC datasets captured only one peak or the other, highlighting the
importance of integrative, multi-ethnic, wide age-range sampling and large cohort sizes, for
unravelling subtle immune aging dynamics and their underlying pathways.

Age-associated immune dysfunction contributes to increased susceptibility to infection,
reduced vaccine efficacy, and elevated risk of autoimmune and neurodegenerative diseases*®,
making it a major pillar of aging biology®®®'. The immune system undergoes profound
remodeling with age - a process termed immunosenescence - characterized by declining
naive T cell pools, accumulation of memory and exhausted T cells, and chronic low-grade
inflammation ("inflammaging")*?-%°. Our atlas reports proportional changes in PBMC types in
line with these immunosenescence features: a marked decline in CD8 naive T cells356.18
accompanied by an age-associated increase in the CD4/CD8 ratio**'® and increased NK cell
proportions®®’. Greater age-associated expansion of CD8* central memory T cells in males
and broadly similar age-related changes in innate immune cell populations between sexes are
consistent with previous age-by-sex interaction studies®%.

One of the most striking findings is the widespread downregulation of transcription and
translation-related pathways with age across PBMC types and sexes. Genes encoding
ribosomal proteins, translation initiation factors, and RNA processing machinery decline
progressively, particularly in early decrease and continuous decrease trajectory clusters. The
biological consequences of this decline are likely to be profound. Reduced protein synthesis
capacity impairs cellular stress responses, limits proliferative potential, and may promote
accumulation of misfolded proteins®®°, consistent with increased ER stress and unfolded
protein response genes (XBP1, ATF6, and EIF2S1) in early increase clusters. This dual trend
of declining translational capacity alongside heightened proteotoxic stress responses defines
the "failed proteostasis" characteristic of aging cells*®#', which has increasingly been
recognized as a central and evolutionarily conserved hallmark of aging®22':63:64,

This coordinated proteostasis decline across all major PBMC types suggests it may be a core
aging mechanism, with cell-type-specific responses shaping subsequent trajectories. The cell
type-specific immune activation and inflammation pathways (i.e. inflammaging) raise a
chicken-and-egg question: whether proteostasis failure precedes abnormal immune activation,
or vice versa. The widespread proteostasis decline suggests it may be a shared primary event
with cell type-specific downstream consequences. Indeed, proteostasis defects promote
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protein aggregates like amyloid depositions in multiple human organs, further triggering
immunoglobulin and complement activation?'. In aging T cells - where defects in proteostasis
and increased iron pools have been reported® - proteotoxic stress has been mechanistically
linked to T cell exhaustion that characterizes age-related pathologies like cancer®. Collectively,
these findings highlight protein quality control pathways as potential therapeutic targets for
ameliorating age-related immune dysfunction®”:8,

Another key finding is a female-specific continuous-increase trajectory, characterized by
sustained upregulation of effector function and cytotoxicity (SIGIRR, CD74, GZMA, MYO1G),
metabolism (OXPHOS) and inflammatory signaling pathways (interleukin, interferon). This
sustained immune activation in aging females may reflect both adaptive and maladaptive
processes. Maintained immune activation capacity could contribute to superior vaccine
responses and pathogen clearance observed in older women'®. However, chronic activation
carries costs: persistent interferon and NF-kB signaling drive inflammaging®?, promote T cell
exhaustion®®, and may increase susceptibility to age-related diseases and autoimmune
conditions that disproportionately affect women'2.

The other female-specific trajectories, including the late increase and inverted U-shape
patterns, also reflect complex interplay between adaptive and maladaptive polarization
processes during aging. Menopause represents a major mid-life physiological transition
accompanied by profound systemic, metabolic, and inflammatory changes, including changes
in iron homeostasis®?'. The female late increase cluster is characterized by elevated ferritin
transcripts (FTL and FTH1) alongside markers of senescence and apoptosis signatures,
particularly in CD4 T cells and NK cells. The female-specific inverted U-shaped trajectory
includes MHC class Il genes in B cells, the ablation of which has recently been shown to
prevent CD4 T cell senescence®. In this context, late-life decrease of these genes in B cells
may indicate a potential compensatory immune adaptation to female-specific late-life
senescence.

Our discovery that male-specific early fluctuation features localize preferentially to
chromosome 11913 prompted investigation of DNA methylation dynamics. Analysis of age-
stratified whole-blood methylation revealed marked sex differences: age-associated
hypomethylation occurred either specifically in males (SSH3, 11q13) or with different kinetics
(usually greater in magnitude and earlier in males; chr6p21 encompassing the MHC)
throughout lifespan. Notably, chromosome 11913 has been previously characterized as a risk
locus for autoimmune and allergic diseases containing an enhancer of CD4" regulatory T
cells’®. Also, SSH3 belongs to slingshot family of genes which includes SSH1, recently
implicated in early TCR activation during CD4 T cell activation”". The enrichment of age—sex
interaction DMRs at chromosome 6p21 also implicates the MHC locus as a central epigenetic
hub in sexually dimorphic immune aging. Building on previous work showing the region’s
association with aging*?, infection**72, and autoimmune disease**, our findings suggest its
contribution to female aging and/or age-related chronic disease.

Our aging clock results should be viewed in the wider context of the aging clock literature.
Biological aging clocks have transformed geroscience over the past decade. DNA
methylation—based clocks pioneered the field, beginning from Horvath’s epigenetic clocks’,
and established highly accurate age prediction. This breakthrough catalyzed the development
of clocks across multiple modalities and second-generation clocks that move beyond
chronological age to predict all-cause mortality and age-related phenotypes. These include
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estimators of mortality risk (GrimAge)’*"® and intrinsic capacity’® from DNA methylation data,
inflammatory aging clock from blood immunome (iAge)”’, principal component-based aging
clock from clinical data (PCAge)8, and organ-specific aging clocks from plasma proteomics™.
Recently, high-resolution aging clocks based on single-cell transcriptomics have emerged,
enabling cell type-resolved dissection of molecular aging programs'®8°8' Within this
framework, our deep learning—based scRNA-seq clocks not only achieve strong predictive
performance (R > 0.87) but establish sex stratification as a biologically informative modeling
principle. We show that sex-stratified models consistently outperform sex-combined models
and learn from distinct temporal trajectories that are obscured in merged analyses, positioning
sex-aware aging clocks as interpretable mechanistic models of aging kinetics. These findings
highlight their translational relevance for precision geromedicine, that can be further exploited
to other modalities and tissues to enable system-wide, sex-aware aging interventions.

Several limitations warrant consideration. First, experimental validation and replication by
longitudinal studies tracking healthy individuals over decades will be pivotal in assessing how
nonlinear dynamics of PBMC aging occur individually. Second, pseudobulk analyses of
scRNA-seq data collapse cellular heterogeneity; future work employing single-cell trajectory
inference may reveal additional granularity and pinpoint previously unappreciated cell state
dynamics. An important question related to the latter is the subset of CD4 or CD8 T cells
responsible for driving sex-dependent aging trajectories. Third, our focus on peripheral blood
leaves open whether other tissues exhibit similar sex-specific aging patterns and whether
blood represents the tissue with greatest sexual dimorphism in aging. Also, the sexual
dimorphism not only affects transcripts but also proteins and metabolites?'8283, Finally, key
mechanistic questions remain unresolved. Sex differences in aging are likely to be driven by
multiple interconnected factors. Our study implicates DNA methylation remodeling but does
not directly address X chromosome dynamics®®, sex hormone effects®®¢, or sex-specific
genetic regulatory architectures®’.

Our findings raise the possibility of sex-specific interventions to promote healthy immune aging.
From a disease perspective, the results provide a valuable resource for studying female-
specific pathways underlying susceptibility to autoimmune disease. As the field moves toward
personalized geroscience, integrating single cell omics in healthy aging PBMCs with clinical
data can unravel further fundamental mechanisms underlying how males and females age.
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Tables

Table 1 Spearman correlation between age and cell type proportion with sex stratification

Both sex Female Male

Cell type Type rho FDR rho FDR rho FDR
CDh4T level 1 0.33 N 0.35 iRl 0.31 T
CD8T level 1 -0.18 naE -0.17 ey -0.20 ph
B level 1 0.076 B 0.067 * 0.094 R

NK level 1 0.18 R 0.22 b 0.13 A
Mono level 1 -0.42 rex -0.45 rE -0.38 i
DC level 1 -0.27 e -0.32 i -0.21 *rE
other T level 1 -0.40 rE -0.41 i -0.39 i
other level 1 -0.23 i -0.19 e -0.29 i
CD4T/CD8T ratio 0.30 Ll 0.30 e 0.31 e
CD4 Naive level 2 0.092 e 0.072 * 0.12 i
CD4TCM level 2 0.34 bl 0.38 ok 0.29 e
CD4 TEM level 2 -0.061 o -0.072 * -0.042 ns
CD8 Naive level 2 -0.73 el -0.72 o -0.75 i
CD8 TCM level 2 0.24 ki 0.20 TR 0.29 T
CD8 TEM level 2 0.18 B 0.22 TR 0.14 rHE
Treg level 2 0.060 * 0.069 % 0.051 ns
MAIT level 2 -0.52 e -0.52 e -0.51 el
dnT level 2 -0.12 el -0.15 i -0.081 *

gdT level 2 -0.22 xR -0.19 e -0.26 wrE
B Naive level 2 0.10 rEx 0.086 o 0.13 rE
B Intermediate level 2 -0.15 i -0.15 i -0.16 BN
B Memory level 2 0.080 s 0.069 * 0.10 X

Plasmablast level 2 0.18 A 0.16 AES 0.22 BER
NK level 2 0.18 el 0.22 ok 0.13 il
NK Proliferating level 2 0.21 e 0.21 i 0.21 *rx
NK CD56bright level 2 0.019 ns 0.0023 ns 0.047 ns

CD14 Mono level 2 -0.46 il -0.49 o -0.41 Frx
CD16 Mono level 2 -0.21 R -0.22 TEL -0.19 =
cDC1 level 2 -0.20 hAE -0.25 TEY -0.14 HEY
cDC2 level 2 -0.22 Gl -0.29 R -0.14 rEE
pDC level 2 -0.25 AR -0.29 NS -0.20 HXE

“FDR <0.05, ** FDR <0.01,

*** FDR <0.001, ns not significant
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Table 2 Performance metrics of MLP models on internal and external validation sets by fold

Internal validation set

External validation set

M odel Fold RMSE MAE Pearson r RMSE MAE Pearson r
Both Model 1 9.16 7.05 0.86 15.91 11.66 0.60
Both Model 2" 8.96 711 0.87 14.92 11.06 0.62
Both Model 3 8.82 6.79 0.88 16.14 12.01 0.64
Both Model 4 8.07 6.16 0.90 15.28 11.36 0.61
Both Model 5 8.37 6.33 0.90 15.89 11.96 0.65
Female Model 1 8.60 6.85 0.89 13.38 9.93 0.68
Female Model 2 9.54 7.29 0.87 14.45 10.95 0.68
Female Model 3 8.22 6.38 0.91 14.37 10.63 0.68
Female Model 4* 9.16 6.77 0.87 13.36 10.04 0.65
Female Model 5 7.69 5.80 0.92 14.53 10.36 0.66
Male Model 1 8.59 6.07 0.88 16.26 12.21 0.66
Male Model 2 9.39 6.93 0.88 15.71 12.05 0.66
Male Model 3* 8.91 6.85 0.88 14.94 11.36 0.68
Male Model 4 8.28 6.47 0.89 16.24 12.03 0.64
Male Model 5 8.23 6.02 0.91 15.62 11.78 0.64

*Selected as final models.
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489  Fig. 1: Nonlinear dynamics of aging captured at single-cell resolution. a,

490  Characteristics of four integrated human PBMC scRNA-seq datasets from healthy donors,
491 including data source, sample size, sex ratio, and age range. b, Age and sex distribution in
492  the integrated dataset (n = 1,828 donors). ¢, Uniform manifold approximation and projection
493 (UMAP) embedding of ~3.8 million cells colored by major cell types (CD4 T cells, CD8 T
494  cells, B cells, NK cells, and Monocytes), with schematic diagram illustrating sex-specific, cell
495  type-specific analytical workflow for investigating sex differences in immune aging. d, Venn
496  diagram showing overlap of sex-aware aging features (SAFs) identified in both-sex, female-
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only, and male-only analyses. e-f, Number of differentially expressed features (DEFs, q <
0.05) across the age range identified by DE-SWAN algorithm, shown for all major PBMC cell
types combined (e) and for each cell type separately (f). CD4 T, CD4 T cells; CD8 T, CD8 T
cells; NK, NK cells; B, B cells; Mono, monocytes.
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503 Fig. 2: Sex-aware aging features (SAFs) reveal divergent temporal kinetic trajectories.
504  a, Temporal kinetics of SAF clusters across the lifespan. Rows represent clustering results
505 for both-sex SAFs (top), female SAFs (middle), and male SAFs (bottom). Clusters include
506 three patterns common across all SAF sets and four sex-specific patterns. Bar charts (top of
507 each cluster) show the proportion of features from each cell type. b-c, Network visualization
508 of GSEA results (q < 0.01) based on Spearman correlation between pseudobulk expression
509 and age for female SAFs (b) and male SAFs (c). Nodes represent pathways colored by cell
510 type showing significant enrichment (upregulated: NES > 0; downregulated: NES < 0).

511 Edges connect pathways with pairwise Jaccard index >0.25, indicating gene overlap

512  between terms.

513
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Fig. 3: Female-specific clusters exhibit sustained CD8 T cell activation and late-life
senescence. a, Mapping of features in the female-specific continuous increase cluster to
male SAF clustering. b-c, LOESS trajectories of 531 features assigned to the continuous
increase cluster in females and early increase cluster in males, shown for female (b) and
male donors (c). d-f, Spearman correlation comparison of the 531 features between female
and male donors across all ages (d), and stratified by age <60 versus >60 years in females
(e) and males (f). g, Cell type composition of the 531 features. h, Top GOBP terms from
pathway enrichment of the 531 features. i, Mapping of features in the female-specific late
increase cluster to male SAF clustering. j, Network visualization of GOBP pathway
enrichment results (q < 0.01) of late increase features. Nodes represent pathways colored
by cell type showing significant enrichment. Edges connect pathways with pairwise Jaccard
index >0.25. k, LOESS trajectories of FTH1 and FTL scaled pseudobulk expression across
age in different cell types in female donors. I, Mapping of features in the female- specific



528
529
530
531

532

inverted U-shape cluster to male SAF clustering. m, Top GOBP terms from pathway
enrichment of inverted U- shape features. n, LOESS trajectories of HLA-DMA, HLA-DMB,
HLA-DRA, and HLA-DRB1 scaled pseudobulk expression across age in B cells in female
and male donors.
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Fig. 4: Male-specific trajectory implicates sex-differential DNA methylation dynamics.
a, Mapping of features in the male-specific early fluctuation cluster to female SAF clustering.
b, Positional gene set enrichment results (g < 0.01, MSigDB C1) colored and positioned by
sex and cell type. ¢, Schematic diagram of analysis pipeline for identifying differentially
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methylated regions (DMRs) with significant age-sex interactions using publicly available
whole blood 450K methylation array data. d, Chromosomal position of a DMR at
chromosome 1113 from young vs. old comparison. e, Mean beta values grouped by age
group and stratified by sex for each CpG in the corresponding DMR. f, Mean beta values
grouped by age group and stratified by sex for all CpGs in the corresponding DMR. g-h,
Chromosomal distribution of DMRs in young vs. middle-aged (g) and young vs. old (h)
comparisons. i, Chromosomal positions of two DMRs from the chr6p21 region (young vs. old
comparison). I, g, Mean beta values grouped by age group and stratified by sex for each
CpGs in the corresponding DMR. g, h, Mean beta values grouped by age group and
stratified by sex for all CpGs in the corresponding DMR. j, Scatter plot and LOESS
trajectories of scaled pseudobulk expression of CLIC1in CD4 T and CD8 T cells across age,
colored by sex.
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Fig. 5: Sex-stratified biological age clocks outperform sex-combined models and learn
trajectory-consistent features. a, Schematic diagram of sex-stratified multilayer perceptron
(MLP)-based biological age clocks. b-¢, Chronological age versus predicted age by sex-
combined and sex-stratified models in internal cross-validation test sets (b) and healthy
external cohorts (c). d-e, Summed SHAP values by trajectory cluster across age groups in
female (d) and male donors (e).
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561 Extended Data Fig. 1: Integrated dataset characteristics and individual dataset DE-
562 SWAN results. a, Age and self-reported ethnicity distribution in the integrated dataset. b,
563  Age and sex distribution in individual datasets. ¢c-d, Number of differentially expressed
564  features (DEFs, q < 0.05) across age identified by DE-SWAN when using each dataset
565 individually (c) or using leave-one-out analysis (d).
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Extended Data Fig. 2: DE-SWAN robustness analysis across parameters and cell
types. a-c, Number of differentially expressed features (DEFs) across age identified by DE-
SWAN using different g-value cutoffs (a), different window sizes (b), and randomly shuffled
ages (c). d, Number of DEFs (g < 0.05) across age by each cell type with consistent y-axis.
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581 Extended Data Fig. 4: Functional annotation of sex-stratified trajectory clusters. a,

582  Pathway enrichment results (q < 0.01, GOBP terms) separated by sex and cell type, ordered
583 Dby functional module based on manual annotation.
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Extended Data Fig. 5: Functional characterization of female-specific trajectory
clusters. a, Network visualization of GOBP pathway enrichment results (q < 0.01) for 531
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features assigned to the continuous increase cluster in females and early increase cluster in
males. Nodes represent pathways colored by cell types showing significant enrichment.
Edges connect pathways with Jaccard index >0.25. b, Scaled pseudobulk expression
trajectories of representative features from the 531 features across age, colored by sex. ¢,
Top GOBP terms from pathway enrichment analysis of the female late increase cluster. d,
Scaled pseudobulk expression trajectories of representative late increase features across
age, colored by sex. e, FTH1 and FTL scaled pseudobulk expression trajectories across age
in different cell types in male donors. f, Serum ferritin levels across 10-year age groups by
sex from NHANES 2017-2018 dataset (n = 3,378 females, 3,211 males). g, Network
visualization of GOBP pathway enrichment results (q < 0.01) for the inverted U-shape
cluster. Nodes represent pathways colored by cell type showing significant enrichment.
Edges connect pathways with Jaccard index >0.25. h, Scaled pseudobulk expression
trajectories of representative inverted U-shape features across age, colored by sex.
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603 Extended Data Fig. 6: Epigenetic mechanisms underlying male-specific trajectory. a,
604  Network visualization of GOBP pathway enrichment results (q < 0.01) for the male-specific
605 early fluctuation cluster. Nodes represent pathways colored by cell type showing significant
606 enrichment. Edges connect pathways with Jaccard index >0.25. b, Top GOBP terms from

607 pathway enrichment analysis of the early fluctuation cluster. ¢, Age and sex distribution in

608 the DNA methylation array dataset (GSE87571). d, Chromosomal positions of two chr6p21
609 DMRs from young vs. middle-aged and young vs. old comparisons. e, g, Mean beta values
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613

grouped by age group and stratified by sex for each CpG in the corresponding DMRs. f, h,
Mean beta values grouped by age group and stratified by sex for all CpGs in the
corresponding DMRs.
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Extended Data Fig. 7: Model performance comparison and sex-stratified clock
validation. a, b, RMSE (a) and Pearson r (b) comparison among Elastic Net, XGBoost, and
MLP across 5 cross-validation folds in internal test sets. ¢, d, RMSE (c) and Pearson r (d)
comparison among Elastic Net, XGBoost, and MLP across 5 cross-validation folds in
external validation sets (healthy and disease cohorts combined). e, f, Performance metrics
comparison of sex- combined versus sex-specific models in female (e) and male donors (f)
in internal test sets. g, h, Performance metrics comparison of sex-combined versus sex-
specific models in female (e) and male donors (f) in external validation sets. i, RMSE, MAE,
and Pearson r comparison of MLP models on healthy versus disease cohorts.
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625 Extended Data Fig. 8: Age prediction performance and SHAP analysis of final sex-
626  stratified biological aging clocks. a, b, Chronological age versus predicted age by sex-
627 combined and sex-stratified models on full external validation set (healthy and disease

628  cohorts combined) (a) and disease cohort only (b). ¢, d, Summed absolute SHAP values by
629 ftrajectory cluster in female (c) and male donors (d).
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Methods
Human PBMC scRNA-seq datasets
OneK1K dataset

The scRNA-seq data from OneK1K cohort’™ was downloaded from CELLxGENE
(https://cellxgene.cziscience.com/collections/dde06e0f-ab3b-46be-96a2-a8082383c4a1) in
h5ad format with raw counts. PBMCs were barcoded with the Single Cell 3’ Library and Gel
Bead Kit (10x Genomics) and sequenced on lllumina NovaSeq 2000. The original dataset
included 981 healthy donors of Northern European ancestry (Austrailian) aged 19-97 years
(57.6% female). After quality control, 949 donors aged 19-97 years (57.2% female) were
included as an internal dataset for DE-SWAN analysis, aging gene expression trajectory
clustering analysis, and biological age clock construction.

AIDA v2 dataset

The scRNA-seq data from the Asian Immune Diversity Atlas (AIDA) study'® was downloaded
from CELLXGENE (https://cellxgene.cziscience.com/collections/ced320a1-29f3-47¢c1-a735-
513¢7084d508) in h5ad format with raw counts. PBMCs from 16 donors each were pooled
and demultiplexed computationally using genotyping data. Cells were captured with the
Chromium Single Cell 5’ v2 Reagent Kit (10x Genomics) and sequenced on lllumina NovaSeq
6000. The original dataset included 625 healthy donors across 8 self-reported ethnicity groups
(Korean, Japanese, Singaporean Chinese, Singaporean Indian, Singaporean Malay, Thai,
Indian, and European) aged 19-77 years (56% female). After quality control, 622 donors aged
19-77 years (55.9% female) were included as an internal dataset for downstream analyses
mentioned above.

M et al. dataset

The scRNA-seq data from ref° was downloaded from  Synapse.org
(https://lwww.synapse.org/Synapse:syn49637038/files/) in h5ad format with raw counts.
PBMCs were captured with Chromium Single Cell 5’ v2 Reagent Kit (10x Genomics) and
sequenced on a NovaSeq S4 (300 cycles) flow cell. The dataset included 317 samples from
166 healthy donors of Caucasian lineage aged 25-81 years (21.7% female), including multiple
visits from some donors. After quality control and retaining only the first visit for donors with
multiple visits, 161 individuals aged 25-80 years (22.4% female) were included as an internal
dataset for downstream analyses mentioned above.

Perez et al. dataset

The scRNA-seq data from ref” was downloaded from CELLXGENE

(https://cellxgene.cziscience.com/collections/436154da-bcf1-4130-9¢8b-120ff9a888f2) in

h5ad format with raw counts. PBMCs were profiled using Chromium Single Cell 3’ v2 chemistry

(10x genomics) and sequenced on HiSeq4000 or NovaSeq6000. The original dataset included

99 healthy donors and 162 SLE patients of both European and Asian descent aged 20-83

years (93.5% female). After quality control, 88 healthy donors aged 21-75 years (97.9% female)
were included as an internal dataset for downstream analyses mentioned above. Data from

148 SLE patients aged 20-83 years (89.9% female) were included in the external dataset for

biological age clock validation.

Ren et al. dataset (COVID-19)


https://cellxgene.cziscience.com/collections/dde06e0f-ab3b-46be-96a2-a8082383c4a1
https://cellxgene.cziscience.com/collections/ced320a1-29f3-47c1-a735-513c7084d508
https://cellxgene.cziscience.com/collections/ced320a1-29f3-47c1-a735-513c7084d508
https://www.synapse.org/Synapse:syn49637038/files/
https://cellxgene.cziscience.com/collections/436154da-bcf1-4130-9c8b-120ff9a888f2
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The scRNA-seq data from ref®® was downloaded from  CELLXGENE
(https://cellxgene.cziscience.com/collections/0a839c4b-10d0-4d64-9272-684c49a2c8ba) in
h5ad format with raw counts. Libraries were prepared using the Chromium Single Cell 3’ v2,
3’ v3, or 5’ v2 Reagent Kits (10x Genomics) and sequenced using either DIPSEQ, BGISEQ or
lllumina platforms. The original dataset included blood, saliva, and lung samples from 25
healthy donors and 171 COVID-19 patients with varying severity, aged 6-92 (35.7% female).
After quality control, restricting to blood samples with known sex, 199 samples from 25 healthy
donors and 141 COVID-19 patients aged 8-87 (37.3% female) were included as an external
dataset for biological age clock validation.

Wellcome dataset (COVID-19)

The scRNA-seq data from ref® was downloaded from CELLXGENE
(https://cellxgene.cziscience.com/collections/ddfad306-714d-4cc0-9985-d9072820¢c530) in
h5ad format with raw counts. Libraries were prepared using Chromium NextGEM Single Cell
V(D)J Reagent kits v1.1 (10x Genomics) and sequenced on NovaSeq 6000. The original
dataset included 29 healthy donors and 91 COVID-19 patients with varying severity, aged 20-
92 (49.2% female). After quality control, excluding resampled timepoints and including only
healthy and COVID-19 samples, 14 healthy donors and 71 COVID-19 patients aged 20-92
(48.2% female) were included as an external dataset for biological age clock validation.

GSE268936 (Glaucoma)

The scRNA-seq data was downloaded from CELLXxGENE
(https://cellxgene.cziscience.com/collections/de2cde16-c8d3-4a6d-80be-1be9e879aaca) in
h5ad format with raw counts. Libraries were prepared using the Chromium Single Cell 5’ v2
Reagent Kit (10x Genomics). The original dataset included 3 healthy donors and 5 glaucoma
patients aged 58-82 (62.5% female). After quality control, all 8 individuals were included as an
external dataset for biological age clock validation.

Heimlich et al. dataset (Clonal hematopoiesis)

The scRNA-seq data from ref® was downloaded from CELLXGENE
(https://cellxgene.cziscience.com/collections/0aab20b3-c30c-4606-bd2e-d20dae739c45) in
h5ad format with raw counts. Libraries were prepared using the Chromium Single Cell 3’ v3
Reagent Kit (10x Genomics) and sequenced on NovaSeq 6000. The original dataset included
7 healthy donors and 17 Clonal hematopoiesis (CH) patients aged 39-91 (37.5% female). After
quality control, all individuals were included as an external dataset for biological age clock
validation.

Preprocessing and pseudobulk expression generation from single-cell datasets

Downloaded datasets were filtered for quality control using scanpy (v1.11.4)°'. We excluded
cells with <1,000 or >20,000 UMIs, <300 or >6,000 features, and >10% mitochondrial reads.
Raw counts and metadata from h5ad files were extracted to create Seurat objects using
anndata (v0.8.0)%. Cell types were annotated using RunAzimuth function in Azimuth (v0.5.0)
with the human PBMC reference®. Donors with fewer than three cells in any major cell types
(CD4 T cells, CD8 T cells, B cells, NK cells, Monocytes) were excluded prior to pseudobulk
generation. To construct pseudobulk profiles, raw counts were normalized using
NormalizeData and average expression per cell was calculated using AverageExpression
rather than summed counts using AggregateExpression in Seurat (v5.0.1)%. This approach
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minimizes biases introduced by differences in cell number, sequencing depth, and dataset-
specific sampling, which is particularly important when modeling continuous age-associated
trajectories across multiple datasets (Supplementary Figure 3). Pseudobulk expression
matrices from all datasets were merged, retaining only 7,385 features (cell type-gene pairs)
that were expressed across all donors in all four datasets for downstream analyses.

Sex-stratified differential expression sliding window analysis (DE-SWAN)

DE-SWAN was applied on the merged pseudobulk expression matrix as previously described?.
Briefly, for each central age ay, individuals were partitioned into two groups based on an age
window of width w (default w = 20 years): one comprising individuals with ages in the range
[ap — wW/2, a,) and the other comprising individuals with ages in the range (a,, a, + w/2]. Gene
expression between these two groups was compared using a linear model with dataset identity
as a covariate. This comparison was iteratively applied using central ages from 20 to 90 years,
incremented by one year, to capture linear and nonlinear expression trajectories. P-values
were calculated for all genes at each sliding window and adjusted for multiple testing using
the Benjamini—-Hochberg correction.

Analyses were conducted using all samples combined (both-sex) or sex-stratified (female,
male) to identify sex-specific transcriptional dynamics. Features showing significant differential
expression (q < 0.05, default w) at any central age were designated sex-aware aging features
(SAFs). Robustness was evaluated using multiple window sizes (w = 5, 10, 15, 20 years) and
g-value thresholds (q < 0.0001, 0.001, 0.01, 0.05). To assess statistical significance, analyses
were repeated with randomly permuted ages in both combined and sex-stratified datasets.

Sex-aware aging feature (SAF) trajectory clustering

The merged pseudobulk expression matrix was corrected for dataset-specific batch effects
using removeBatchEffect function from limma (v3.62.1)%°. Three matrix subsets were
generated for separate trajectory estimation and clustering: both SAFs with all donors, female
SAFs with female donors only, and male SAFs with male donors only. For each subset,
expression values were z-score normalized, and locally estimated scatterplot smoothing
(LOESS) models were fitted to estimate transcriptional trajectories. The span parameter for
each LOESS model was optimized through cross-validation to minimize overfitting.

Trajectories were clustered using fuzzy c-means clustering implemented in Mfuzz (v2.66.0)%.
Fuzzification parameter (m7) was estimated using mestimate function, and the optimal
number of clusters was determined by identifying the elbow point in minimum centroid
distances across 2-40 clusters (step size = 2). Following initial clustering, highly correlated
clusters were merged using a graph-based approach: clusters were represented as nodes,
edges were drawn between clusters with highly correlated centroid trajectories (Pearson r >
0.8), and all clusters within the same connected component were merged. To assess
robustness, the full clustering and merging procedure was repeated 10 times with different
random initializations. The number and composition of merged clusters were highly consistent
across runs for all SAFs (Supplementary Figure 2). Accordingly, a single representative
clustering per SAF was used for downstream analyses. Only features with membership scores
> 0.5 were included in centroid correlation calculations, cluster merging, and subsequent
analyses.

GSEA network analysis based on spearman correlation
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Spearman correlations between each SAF and age were calculated from the three corrected
pseudobulk expression matrices (both-sex, female, and male) using the using cor.test function
in stats (rbase v4.4.3). Features in each SAF set were ranked by Spearman correlation within
each cell type to generate gene lists for GSEA using gseWP and gsePathway functions in
clusterProfiler (v3.18.0)%". Pathways with q < 0.01 were visualized as networks using ggraph
(v2.2.1). Nodes represent terms, colored by cell type showing significant enrichment. Edges
connect terms with pairwise Jaccard index >0.25, representing the extent of gene overlap
between terms.

Functional annotation of trajectory cluster features

We performed functional annotation on features from each trajectory cluster separately for
each SAF set. Pathway enrichment analysis using Gene Ontology Biological Process (GOBP)
terms was conducted with the enrichGO function in clusterProfiler (v3.18.0, minGSSize = 3)*".
The top 3 GOBP terms per cell type per SAF set were manually annotated into functional
modules based on Gene Ontology hierarchies and literature. We also performed positional
gene set enrichment using the C1 collection from MSigDB (v7.5.1)% via the enricher function
in clusterProfiler (v3.18.0, minGSSize = 3)% to assess chromosomal location enrichment.
Significant results (qvalue < 0.01) were visualized as networks using ggraph (v2.2.1) as
described above.

Cell type proportion analysis

Spearman correlations between donor age and cell type proportions (level 1 and level 2
Azimuth annotations, v0.5.0) were calculated for all donors, female-only, and male-only
cohorts for sex-stratified analysis using cor.test function from stats (rbase v4.4.3). FDR was
calculated to correct for multiple testing using p.adjust function from stats.

Serum ferritin analysis from NHANES data

NHANES 2017-2018 demographics and serum ferritin data were downloaded from the
Centers for Disease Control and Prevention website (htips://wwwn.cdc.gov/nchs/nhanes/).
Participants with available age and sex information were grouped into 10-year age intervals
and stratified by sex to analyze age-associated changes in serum ferritin levels.

Differentially methylated region (DMR) analysis

Raw IDAT files from Infinium HumanMethylation450K BeadChip were downloaded from
GSE87571%, retaining 729 samples with unique age and sex information. Methylation data
were processed using minfi (v1.52.0)%. CpG probes with poor detection (P > 0.01), SNP-
associated probes, and cross-hybridizing probes were excluded. Beta values were extracted
using getBeta function in minfi (v1.44.0)'® and normalized via beta-mixture quantile
normalization using champ.norm function in ChAMP (v.2.28.0)'°". Normalized beta values
were converted to M values using B2M function in Enmix (v1.34.0)'%2,

M values were analyzed for DMRs using dmrcate function in DMRcate (v3.2.1)'% with the
contrast (age group * sex) to identify DMRs with sex-age interactions. DMRs were visualized
using DMR.plot function in DMRcate, and mean beta values per CpG and per sample were
calculated for plotting.

Constructing sex-stratified scRNA-seq biological aging clocks
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We constructed biological age clocks using the integrated pseudobulk expression matrix from
DE-SWAN and trajectory clustering analyses as the internal training and testing set. SAFs
identified from DE-SWAN, capturing both linear and nonlinear age-associated transcriptional
dynamics, served as input features. For both-sex clocks, we used both-sex SAFs with all
donors. For sex-stratified clocks, we used sex-specific SAFs (male or female) with
corresponding donor subsets. To avoid sample size bias, we randomly subsampled half of the
donors (sex-balanced) using StratifiedShuffleSplit function from scikit-learn (v1.3.0)'* for
both-sex clock training.

We implemented three algorithms to model biological age: Elastic Net Regression (ENET),
eXtreme Gradient Boosting (XGBoost), and Multilayer Perceptron (MLP) neural network.
ENET was chosen for its simplicity and robustness in handling multicollinearity while capturing
primarily linear associations. XGBoost, a gradient boosting framework based on decision trees,
is well-suited for modeling complex nonlinear interactions. MLP, a feedforward artificial neural
network, was employed as a baseline deep learning approach to capture nonlinear
dependencies and potential higher-order interactions between features.

Models were trained using five-fold cross-validation, performed independently for the both-sex
and sex-stratified settings. Model performance was evaluated using root mean squared error
(RMSE), mean absolute error (MAE), and Pearson correlation coefficient (r) between
predicted and chronological ages.

ENET and XGBoost models were built using the scikit-learn (v1.7.2)'%* and py-xgboost-gpu
(v2.1.4)'%° respectively. ENET hyperparameters (a and L1 ratio) were optimized using grid
search. XGBoost hyperparameters (learning rate n, maximum tree depth, number of boosting
rounds) were tuned via randomized grid search. MLP was implemented in PyTorch (v2.5.1)'%
with a fully connected architecture (1-3 hidden layers, 64—-256 units per layer), RelLU
activation, dropout regularization, and early stopping based on validation loss. Models were
trained with the Adam optimizer (learning rate 1e-4 to 1e-2, weight decay 1e-6 to 1e-2) for up
to 50 epochs, using ReduceLLROnPlateau scheduler (mode: min, patience: 3, factor: 0.5).

External validation

For external validation, we curated publicly available human PBMC scRNA-seq datasets from
independent studies with healthy controls and explicit donor age information. The combined
dataset served as an external validation cohort, with samples categorized as healthy or
diseased based on clinical metadata. Age prediction on external data was performed using
the same pipelines as internal validation: ENET (scikit-learn v1.7.2)'%*, XGBoost (py-xgboost-
gpu v2.1.4)1% and MLP (PyTorch v2.5.1)'%,

SHAP analysis and correction

For SHAP analysis, we used a fixed background reference of 100 donors (50 male, 50 female)
randomly selected from the training data of each model to ensure representativeness while
maintaining sex balance and avoiding test data leakage. SHAP values were computed using
DeepExplainer function from shap (v0.48.0)'"’.

To mitigate batch effects, we applied batch correction to raw SHAP values. For each feature,
the mean raw SHAP contribution was calculated per dataset and subtracted from all samples
in that dataset, yielding corrected SHAP values. This centers feature contributions relative to
dataset baselines, reducing systematic offsets from dataset differences.
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Statistics and reproducibility

We excluded individuals without age and sex information and included only the first visit for
donors with multiple visits. No statistical method was used to pre-determine sample size. Data
distribution was assumed to be normal, but this was not formally tested. The training and
validation sets were randomly selected.

Data availability

Data from OneK1K cohort was downloaded from CELLxGENE
(https://cellxgene.cziscience.com/collections/dde06e0f-ab3b-46be-96a2-a8082383c4a).
Data from Asian Immune Diversity Atlas (AIDA) study was downloaded from CELLXGENE
(https://cellxgene.cziscience.com/collections/ced320a1-29f3-47c1-a735-513¢c7084d508).

Data from M et al. was downloaded from Synapse.org
(https://www.synapse.org/Synapse:syn49637038/files/). Data of healthy and SLE patients
from Perez et al. was downloaded from CELLXxGENE

(https://cellxgene.cziscience.com/collections/436154da-bcf1-4130-9¢8b-120ff9a888f2). Data
of healthy and COVID-19 patients from Ren et al. was downloaded from CELLXGENE
(https://cellxgene.cziscience.com/collections/0a839c4b-10d0-4d64-9272-684c49a2¢c8ba).
Data of healthy and COVID-19 patients from Wellcome cohort was downloaded from
CELLXGENE (https://celixgene.cziscience.com/collections/ddfad306-714d-4cc0-9985-
d9072820c¢530). Data from COvid-19 Multi-omics Blood Atlas (COMBAT) Consortium was
downloaded from CELLXGENE (https://cellxgene.cziscience.com/collections/8f126edf-5405-
4731-8374-b5ce11f53e82). Glaucoma cohort data was downloaded from CELLXGENE
(https://cellxgene.cziscience.com/collections/de2cde16-c8d3-4a6d-80be-1be9e879aaca).
Rheumatoid arthritis cohort data was downloaded from CELLxGENE
(https://cellxgene.cziscience.com/collections/de2cde16-c8d3-4a6d-80be-1be9e879aaca).
Clonal hematopoiesis cohort data was downloaded from  CELLXGENE
(https://cellxgene.cziscience.com/collections/0aab20b3-c30c-4606-bd2e-d20dae739c¢45).
DNA methylation data was downloaded from Gene Expression Omnibus (GEO)
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE87571). NHANES 2017-2018 data
was downloaded from (https://wwwn.cdc.gov/nchs/nhanes/).

Code availability

The codes for non-linear aging, clustering, DNA methylation, and biological age clock analyses
are available via GitHub at https://github.com/HaileyHryPark/pbmc-aging-snakemake.
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