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Reading the immune clock: a machine
learning model predicts mouse immune age
from cellular patterns

Hyun Bo Sim1,8, Ji-Hun Jang2,8, Seul-Ki Mun 1,3, SonnyC. Ramos1, Dae-Han Park1,
Yu-Jeong Choi1, Ji Yeon Han1, Ju-Bin Lee1, Ho Seok Chung4, Kyung-Bok Lee5,
Dong-Jo Chang 6 , Seung-Hyun Jeong6,7 & Jong-Jin Kim 1

Aging is accompanied by profound alterations in the immune system; yet, an
accurate prediction of immunological age remains challenging. While tran-
scriptomic approaches have yielded insights into immune aging, protein-level
profiling and machine learning-based prediction tools remain under-
developed. Here, we employ mass cytometry to analyse murine splenic CD45⁺
immune cells across various age groups, profiling the expression of 30 protein
markers and monitoring age-related immune changes. By analysing six major
immune subsets (CD8⁺ T cells, CD4⁺ T cells, B cells, conventional type 1 and
type 2 dendritic cells, and macrophages), we extract 103 molecular features
and train a machine learning model using support vector regression (SVR) to
predict immunological age. The model demonstrates robust generalizability
by accurately predicting age in independent, test samples that were not used
during model training. Furthermore, we confirm the robustness of our model
using an obese mouse model, which exhibits metabolic
dysfunction–associated immune senescence. Thus, our findings establish a
robust framework for predicting immune-aging based on multidimensional
protein expression data and machine learning. This tool enables quantitative
assessment of immune aging and demonstrates strong translational potential
for identifying obesity- and disease-related immune senescence.

Modern advancements in medical care and living standards have
contributed to a dramatic increase in life expectancy, positioning
aging as a central concern in public health and biomedical research1.
By the mid-21st century, 16% of the global population is projected to
be over the age of 65, equaling the proportion of children under the
age of 122. However, the biological manifestation of aging varies
substantially among individuals, with an increasing divergence

between chronological age and biological function over time3–5.
Thus, assessing biological age, rather than relying solely on chron-
ological age, is essential for accurately evaluating health status and
disease risk. Aging is characterized by nine canonical hallmarks,
including genomic instability, telomere attrition, epigenetic altera-
tions, mitochondrial dysfunction, and a decline in intercellular
communication, which collectively form the molecular framework of

Received: 11 June 2025

Accepted: 28 November 2025

Check for updates

1Department of Biomedical Science, Sunchon National University, Suncheon, Republic of Korea. 2College of Pharmacy, Chonnam National University,
Gwangju, Republic of Korea. 3R&D Team, Suncheon Research Center for Bio Health Care, Suncheon, Republic of Korea. 4Department of Urology, Chonnam
National University Medical School, Gwangju, Republic of Korea. 5Center for Bio-imaging & Translational Research, Korea Basic Science Institute (KBSI),
Cheongju, Republic of Korea. 6College of Pharmacy and Research Institute of Life and Pharmaceutical Sciences, Sunchon National University, Suncheon-
si, Republic of Korea. 7College of Pharmacy, SunchonNational University, Suncheon-si, Jeollanam-do, Republic of Korea. 8These authors contributed equally:
Hyun Bo Sim, Ji-Hun Jang. e-mail: djchang@scnu.ac.kr; jeongsh@scnu.ac.kr; kimjj@scnu.ac.kr

Nature Communications |          (2026) 17:640 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0009-0006-0353-902X
http://orcid.org/0009-0006-0353-902X
http://orcid.org/0009-0006-0353-902X
http://orcid.org/0009-0006-0353-902X
http://orcid.org/0009-0006-0353-902X
http://orcid.org/0000-0002-2452-4322
http://orcid.org/0000-0002-2452-4322
http://orcid.org/0000-0002-2452-4322
http://orcid.org/0000-0002-2452-4322
http://orcid.org/0000-0002-2452-4322
http://orcid.org/0000-0002-1810-5383
http://orcid.org/0000-0002-1810-5383
http://orcid.org/0000-0002-1810-5383
http://orcid.org/0000-0002-1810-5383
http://orcid.org/0000-0002-1810-5383
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67393-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67393-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67393-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67393-1&domain=pdf
mailto:djchang@scnu.ac.kr
mailto:jeongsh@scnu.ac.kr
mailto:kimjj@scnu.ac.kr
www.nature.com/naturecommunications


biological aging6,7. Traditionally, biological age has been assessed by
detecting age-associated changes in blood components such as
nucleic acids, cytokines, growth factors, and extracellular vesicles8.
Recent approaches have even employed routine blood parameters
(e.g., hemoglobin, lymphocyte count, albumin, creatinine) to predict
biological age through the integration of multi-system func-
tional data4.

As aging progresses, the incidence of age-related diseases, such as
cancer, cardiovascular disease, and neurodegeneration, rises sharply1.
A key contributor to this decline in physiological resilience is inflam-
maging, a state of low-grade chronic inflammation driven by proin-
flammatory cytokines (e.g., IL-1β, IL-6, TNF, IL-8)9. This phenomenon
arises partly from the accumulation of senescent cells that evade
immune clearance and persistently secrete SASP (senescence-asso-
ciated secretory phenotype) factors10,11. Although the precise
mechanism of senescent cell accumulation remains unclear12, it is
evident that immune cell function itself is altered with age. Numerous
studies have documented age-related phenotypic and functional
changes in immune subsets across both mice and humans13–17. For
instance, aging B cells are prone to autoantibody production, perpe-
tuating a feedback loop that reinforces immune senescence18,19. Aging
T cells undergo replicative senescence due to telomere shortening,
resulting in reduced cell numbers and impaired functional capacity20.
In particular, CD8⁺T cells upregulate exhaustionmarkers such as TOX,
contributing to chronic inflammation through a hyperactivated, dys-
regulated immune state21,22.

Recent single-cell transcriptomic analyzes have revealed that
aging alters immune cell landscapes in complex and coordinated
ways14,17,23–27. Notably, specific immune subsets, such as age-associated
B cells (ABC) and CD8⁺ Taa (TOX⁺PD-1⁺GZMK⁺), accumulate with age.
ABCs, characterized by CD11b⁺, CD172α⁺, and Zbtb32⁺ expression, are
thought to originate frommigrating B-1 cells and exhibit impaired BCR
and CD40 responses, while promoting Th17 differentiation28–30. CD8⁺
Taa cells, although resembling exhausted T cells, uniquely secrete
GZMK, a granzyme implicated in amplifying SASP responses and
accelerating tissue senescence in synergy with IFNγ28,31–35.

Despite these insights, a comprehensive understanding of
immune aging remains elusive due to its complex, multidimensional
nature. The rapid accumulation of high-dimensional immunological
datasets has prompted the integration of machine learning (ML)
approaches to extract interpretable patterns. ML offers strong pre-
dictive power and is increasingly applied in genomics, systems
biology, and aging research36. Supervised and unsupervised deep
learning methods are now capable of modeling nonlinear relation-
ships and uncovering latent patterns across large datasets36–38. In
aging biology, ML has been used to construct age predictors based
on DNA methylation patterns7,39–42 and proteomic signatures43.
Immune aging scores derived from cytokine and chemokine profiles
can forecast mortality and age-related disease risk13. Meanwhile,
single-cell ML approaches have begun to reveal interindividual
variability in immune aging trajectories37. Nevertheless, few studies
have applied ML to deeply profile immune aging using protein-level
expression patterns in defined immune cell subsets, particularly in
relation to age-accelerating conditions.

In this study, we address this gap by applying high-dimensional
mass cytometry (CyTOF) to comprehensively profile murine splenic
CD45⁺ immune cells across five life stages—corresponding to adoles-
cence, early adulthood, middle age, and advanced age in humans.
Unlike conventional flow cytometry, CyTOF enables simultaneous
quantification of dozens of protein markers with minimal spectral
overlap and high sensitivity. It is therefore ideally suited for char-
acterizing immune heterogeneity and identifying rare cell populations
at the single-cell level.

Using this approach, we systematically map age-related shifts in
immune cell composition and molecular signatures and establish a

predictive machine learning model that infers immune age from
expressionprofiles. Themodel is validatedboth internally and through
simulated external datasets and demonstrates robustness when
applied to anobesitymodel, capturing immune age accelerationunder
metabolic stress. These findings establish integrative cytometry and
computational modeling as effective approaches for quantifying
immune aging and underscore their potential applications in mon-
itoring age-related and metabolic diseases.

Results
Age-associated remodeling of splenic immune cell phenotypes
and marker expression
To investigate systemic immune alterations during aging, we per-
formed high-dimensional analysis using CyTOF on spleen-derived
CD45⁺ immune cells stained with a panel of 30 antibodies (Fig. 1a).
t-9SNE maps were generated using pooled data from 2-month-old
(n = 10) and 20-month-old (n = 10) mice, each comprising 50,000
CD45⁺ events. The map from young mice (blue) was overlaid on that
from agedmice (red), and areas enriched in the 20-month group were
marked with white dotted lines (Fig. 1b). Next, we compared the pro-
portion of 30 marker+ cells in the two age groups. Fifteen immune
populations (CD28⁺, CD69⁺, CD40⁺, PD-1⁺, CD11c⁺, CD80⁺, CTLA-4⁺,
F4/80⁺, CD172α⁺, PD-L1⁺, CD44hi, CD19⁺, B220⁺, MHC II⁺, FoxP3⁺) were
significantly increased in aged mice, while seven populations (Ly-6C⁺,
CD4⁺, Gal-9⁺, CD54⁺, CD26⁺, CD8α⁺, CD44mid) were significantly
decreased. The remaining eight populations (CD86⁺, CD40L⁺, CD11b⁺,
XCR1⁺, Tim-3⁺, CD62L⁺, CD3ε⁺, NK1.1⁺) did not show significant dif-
ferences (Fig. 1c). Among them, CD80⁺ cells showed the most promi-
nent increase (4.10-fold), whereas CD26⁺ cells exhibited the greatest
reduction (5.11-fold). CD45⁺ immune cell (Supplementary Fig. 1) dis-
tributions were visualized at five time points (2, 5, 9, 16, and
20 months) and mapped using density t-SNE plots (Fig. 1d). We
observed different patterns in the number of CD45+ cells at each time
point. Notably, the white-dotted area in Fig. 1b was tracked across all
ages, revealing age-associated remodeling of the splenic immune
landscape. We further analyzed the expression profiles of the 30
markers across all individual samples using a heatmap, which clearly
revealed age-dependent shifts in marker expression (Fig. 1e and Sup-
plementary Figs. 2–6). Finally, we quantified the relative frequency of
marker-positive cells over time by setting the 2-month level as a
reference (Fig. 1f). CD28⁺ cells consistently showed a 2.34–3.07-fold
increase from 5 to 16 months. PD-1⁺, FoxP3⁺, and CD69⁺ cells also
displayed age-specific expansions, whereas CD26⁺ and CD54⁺ cells
exhibited sustained reductions across all time points. Collectively,
these findings demonstrate that splenic immune cells undergo sub-
stantial phenotypic remodeling with age, characterized by dynamic
changes in both marker expression and population frequency.

Subset-level remodeling of splenic immune populations
during aging
To further investigate the age-related remodeling of splenic immune cell
composition, we applied FlowSOMclustering to the t-SNEmap of CD45⁺
cells. FlowSOM is an unsupervised learning approach that clusters
individual cells and merges similar clusters to define cell populations.
We classified the splenic immune populations into six major metaclus-
ters: CD8⁺ T cells, CD4⁺ T cells, B cells, conventional dendritic cells 1
(cDC1), cDC2, and macrophages (Fig. 2a). These subsets were validated
by the expression of lineage-specific markers including CD3ε, CD4,
CD8α, CD19, B220, Ly-6C, F4/80, CD11b, CD11c, XCR1, and CD172α
(Fig. 2b). To identify the T cell lineage, we confirmed the CD3ε expres-
sion in CD8+ and CD4+ T cells (Supplementary Fig. 7a) and validated it by
comparing with other lineages, B cells (Supplementary Fig. 7b). Quan-
tification of each population over time showed three distinct trends
(Fig. 2c). First, the proportions of CD8⁺ and CD4⁺ T cells significantly
declined with age, with a 3.17% and 5.32% reduction, respectively, at
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20 months compared to 2 months. Similarly, cDC1 cells exhibited a
consistent age-associated decrease. In contrast, cDC2 and macrophage
populations remained relatively stable. Notably, B cells showed a pro-
gressive increase with age, with a significant 8.74% elevation at
20 months. Interestingly, at 5 months of age, macrophages, cDC1, and
cDC2 displayed a transient decrease, a pattern that has also been
reported in previous studies44. To dissect phenotypic heterogeneity

within the three dominant populations (CD8⁺ T, CD4⁺ T, and B cells), we
selected their respective metaclusters and generated optimized SNE
(opt-SNE) maps (Fig. 2d). Age-related expression changes of functional
markers within each subset were visualized and quantified. For CD8⁺
T cells, density-mapped opt-SNE projections revealed spatial and
molecular shifts over time (Figs. 2e and S8a). Subtype analysis showed a
sharp decline in CD26⁺ cells after 2 months, while CD69⁺ and CD44⁺
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effector T cells significantly expanded after 16months. PD-1⁺ and FoxP3⁺
regulatory T cells (Treg) increased starting at 5 months, though Tregs
gradually declined after peaking. CD28⁺ cells rose until 16 months and
plateaued thereafter. Naïve (CD62L⁺CD44⁻), Effector Memory (EM,
CD62L⁻CD44⁺), and Central Memory (CM, CD62L⁺CD44⁺) T cells
exhibited considerable inter-individual variability, with no consistent
trends (Fig. 2f). When comparing changes in CD8⁺ T cells by absolute
cell number rather than percentage, the overall pattern was consistent
with the relative proportion (Supplementary Fig. 8b). Among the CD8⁺
T-cell subsets, Active Effector, CD26⁺, and CD28⁺ T cells exhibited dis-
tinct age-associated differences, whereas PD-1⁺, Central Memory, Naïve,
and Effector Memory T cells showed patterns without significant sta-
tistical differences (Supplementary Fig. 8c). CD4⁺ T cell dynamics dif-
fered in several respects (Figs. 2g and S9a). PD-1⁺ CD4⁺ T cells notably
increased at 16 months, while effector (CD69⁺, CD44⁺), PD-1⁺ A.E.
(CD69⁺CD44⁺PD-1⁺), and FoxP3⁺ Tregs followed similar patterns to their
CD8⁺ counterparts. CD54⁺ CD4⁺ T cells initially decreased at 5 months
but subsequently increased with age. Among CD4⁺ T memory subsets,
EM cells showed a significant age-associated increase, unlike naïve or
CM cells (Fig. 2h). When comparing CD4⁺ T-cell changes by absolute
number rather than percentage, the total CD4⁺ T-cell counts exhibited
patterns consistent with the relative proportion (Supplementary
Fig. 9b). Among CD4⁺ T-cell subsets, more diverse patterns were
observed compared with the total CD4⁺ T-cell population (Supple-
mentary Fig. 9c). Notably, while the total CD4⁺ T-cell population showed
an age-associated decline, several subsets exhibited relative increases,
suggesting compositional remodeling within the CD4⁺ compartment.
The subsets driving the overall pattern of absolute CD4⁺ T-cell numbers
were identified as Ly6C⁺ and CD26⁺ CD4⁺ T cells, which showed statis-
tically significant decreases with age (Supplementary Fig. 9d, e). Given
the limited age-related changes in the B cell opt-SNE distribution, we
employed Spanning Tree Progression analysis of Density Normalized
Events (SPADE) analysis to resolve fine substructures (Fig. 2i). To clearly
visualize the detailed population of B cells, we employed SPADE analysis,
which constructs a density-based tree structure of cell populations,
making it particularly useful for distinguishing rare populations and
visualizing differences in marker expression (Supplementary Fig. 10).
Seven subpopulations were defined: four subsets of Age-associated B
cells (ABCs: CD11b⁺, CD172α⁺, CD80⁺, CD44⁺), CD54⁻ B cells, Marginal
Aone (MZ, CD62L⁺CD44⁺) B cells, and Follicular B cells (CD44⁻FO,
CD62L⁻CD44⁻). Quantitative analysis revealeddistinct aging trajectories:
ABCs 01–03 progressively increased after 16 or 20 months, whereas
ABCs 04 declined. CD54⁻ B cells expanded significantly by 2.26-fold
after 5 months and remained elevated. In contrast, MZ and FO B cells
showed no significant temporal change (Figs. 2j and S10). Collectively,
these findings demonstrate that aging induces distinct, cell-type-specific
remodeling of the splenic immune landscape, involving shifts not only in
major lineage abundance but also in phenotypic heterogeneity and
functional subset composition.

Age-related changes in immune cell clustering and composition
ratio using PCA and machine learning
To confirm age-related compositional patterns among the six major
immune cell clusters, we applied ML algorithms to model these

patterns (Fig. 3a). This approach enabled the development of a model
capable of quantitatively analyzing and predicting changes in immune
cell composition across age. Prior to model training, 103 molecules
extracted from six immune cell populations (CD8⁺ T cells: 22 mole-
cules, CD4⁺T cells: 19, B cells: 18, cDC1: 13, cDC2: 14, andmacrophages:
17, Supplementary Table 1). These molecules were then grouped by
cluster based on expression profiles, and compositional shifts by age
were analyzed using principal component analysis (PCA) (Fig. 3b). PCA
was conducted in three dimensions to visualize high-dimensional data
in a reduced space and to explore variance differences across age
groups. The results revealed significant variance separation between
age groups along one or more principal components (PCs), indicating
that molecular expression patterns in immune cell clusters change in
an age-dependent manner and can be effectively captured by specific
PCs. Notably, over 50% of the total variance across all age groups was
explained by the first three PCs. PCA loading vector analysis identified
the major contributing molecules for each cell type (Supplementary
Tables 2–7). In CD8+ T cells, CD54 and CD26 were the strongest con-
tributors to PC2, whereas CD4 was the most influential marker for
CD4+ T cells inPC1. For B cells, CD54was the key contributor in PC2; for
cDC1 cells, both CD54 and CD26were again prominent in PC2. In cDC2
cells, MHC Ⅱ contributed most to PC3, while CD172α was identified as
the primary contributor to PC1 in macrophages. The PCA results
confirmed that the data structure was suitable for pattern learning and
predictive modeling using ML. Support vector regression (SVR), a
supervised learning algorithm that maps input data into high-
dimensional feature spaces to perform regression through the use of
kernel functions45,46, was identified as the optimal algorithm. Kernel
type and hyperparameters were optimized for each immune subset. In
most cases, radial basis function (RBF) kernels provided the best per-
formance by capturing non-linear age–expression relationships,
whereas in some subsets sigmoid kernels were selected, likely
reflecting saturating or monotonic patterns of molecular expression
with age. The model’s performance was evaluated using quantitative
metrics, including mean squared error (MSE), mean absolute error
(MAE), and R² score, alongside qualitative assessments via boot-
strapping and 95% confidence interval analysis (Supplementary
Tables 8 and 9). The model accurately predicted age-associated
changes in immune cell composition, both in the test set and when
using the full dataset (Fig. 3c, d). Notably, the inset plots in Fig. 3c, d for
cDC1, cDC2, andmacrophageswere included to resolve age-associated
changes in cell types with low absolute frequencies. These innate
immune subsets displayed broader confidence intervals, reflecting
higher variability and biological heterogeneity across samples. The
cross-validation MSE scores for each immune subset were ≤2.25
(Fig. 3e), corresponding to prediction errors of less than ~2.5 months
relative to the full 18-month biological age span tested. This level of
error is consistentwith or less thanpriormurine immune or epigenetic
clock models, where mean errors of 2–4 months have been
reported47–49. Residual analysis demonstrated that predicted values
were symmetrically distributed around a mean zero and closely mat-
ched actual values. Further diagnostics, including residual normality
tests, Q-Q plot, kernel density estimation (KDE), and learning curves,
confirmed the model’s robustness and predictive reliability. Overall,

Fig. 1 | Age-related molecular expression changes in the spleen. a Schematic
diagram of the experiment. Aging analyses were performedusingmice aged 2, 5, 9,
16, and 20 months (n = 10 per month). The following artwork was licensed and
modified from iStockphoto.com/vector/mus-gm1068307150-285754008 (mouse
icon) b t-SNE maps of 2- and 20-month-old mice (50,000 CD45+ cells). White
dashed lines indicate areas with increased cell numbers at 20 months. c We com-
pared the proportion of indicated 30 cells at 2 and 20 months of age (CD28⁺,
CD69⁺, CD40⁺, PD-1⁺, CD11c⁺, CD80⁺, CTLA-4⁺, F4/80⁺, CD172α⁺, PD-L1⁺, CD44mid,
CD44hi, CD19⁺, B220⁺, MHC II⁺, FoxP3⁺, Ly-6C⁺, CD4⁺, Gal-9⁺, CD54⁺, CD26⁺, CD8α⁺,
CD86⁺, CD40L⁺, CD11b⁺, XCR1⁺, Tim-3⁺, CD62L⁺, CD3ε⁺, NK1.1⁺ cells). All analyses

were performed by gating on CD45⁺ cells. d Changes in the increased area (green
dashed lines) at 16months compared to2monthswere confirmedat 5months (2, 5,
9, 16, and 20 months). e The expression levels of 30 molecules by group were
compared using a heatmap. f Normalized to the expression level at 2 months, the
expression level changes at 5 months, 9 months, 16 months, and 20 months were
compared to express increased and decreased molecules. Mass cytometry data
were analyzed using Cytobank version 10.6. Cell frequencies were expressed as
percentages based on 50,000 CD45⁺ cells. Data are shown as mean ±S.D. The
reported p-values were obtained from a Student’s t-test. (*p <0.05, **p <0.01,
***p <0.001, n.s: not significant).
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our ML framework effectively learns and predicts age-associated
compositional changes across six major immune cell clusters, sup-
porting its efficacy for modeling immune aging.

Machine learning of age-related expression patterns within
clustered immune cell populations
Previously, we successfully applied machine learning to model age-
related compositional changes across six major immune cell clusters.
In the present analysis, we extended this approach to examine

molecular expression patterns within each immune cell population
under the same experimental conditions. The results demonstrated
that the developed model could accurately predict age-related
expression changes in immune molecules across clusters. This was
confirmed through the 95% confidence intervals (Cis) of the predicted
values estimated through bootstrapping (n = 1000) using the test set
(red dots; Fig. 3f, h, j, l, n, p), as well as through trend analysis using the
full datasets (blue dots; Fig. 3g, i, k, m, o, q). The model effectively
captured the average age-related trends in molecular expression and
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explained key features of data distribution across individual clusters.
In addition, model performance was supported by residual diag-
nostics, including symmetry and normality assessments, Q-Q plots,
KDE, and learning curves, all of which indicated a robust andwell-fitted
model. In conclusion, the ML model developed in this study was cap-
able of accurately learning and predicting not only the compositional
shifts of immune cell clusters but also the dynamic molecular
expression patterns within each cell type. Specifically, the model per-
formed well across CD8+ T cells (Fig. 3f, g), CD4+ T cells (Fig. 3h, i), B
cells (Fig. 3j, k), cDC1 (Fig. 3l, m), cDC2 (Fig. 3n, o), and macrophages
(Fig. 3p, q) throughout the aging process.

Development of an application tool for predicting and diag-
nosing immune aging
Based on the expression data of 103 molecules extracted from six
immune cell populations (CD8+ T cells: 22molecules, CD4+ T cells: 19, B
cells: 18, cDC1: 13, cDC2: 14, and macrophages: 17; Supplementary
Table 1), predicted immune ageswere comparedwith actual age values
from an externally generated dataset. A strong correlation was
observed between the model-predicted age and actual age (R =0.93,
R² = 0.87, p <0.05) in the test dataset (Fig. 4a). K-fold cross-validation
further confirmed the model’s high predictive performance, yielding
an average R² value greater than 0.9 (Fig. 4b). Comparison of actual
and predicted ages showed that themodel could estimate immune age
within ~80% accuracy (Fig. 4c). For additional validation, an external
dataset (n = 100) was randomly generated to simulate molecular
expression values corresponding to ageswithin the 0–20-month range
(Fig. 4d). This dataset exhibited a normal distribution centered around
an average age of 7–8 months, supporting the reliability of data gen-
eration, which reflects the central age distribution of the training
dataset (Fig. 4e). The molecular expression values from this external
dataset were input into the model to predict immune age. The pre-
dicted values closely matched the expected age distribution, demon-
strating the model’s strong generalization capability. Despite
heterogeneity between the simulated dataset and the original training
data, the model achieved an explanatory power of 93.43% (Fig. 4f),
indicating high adaptability and robustness. These results confirm that
the ML–based model developed in this study is not only effective
within the training context but also applicable to external datasets.
Overall, themodel demonstrates strongpotential as a quantitative tool
for predicting and diagnosing immune aging (Fig. 4g). This finding
underscores its practical utility in assessing immune health and age-
related immunological decline.

Evaluation of immune aging acceleration in an obesity model
using predictive machine learning
To examine whether aging-associated immune alterations are exacer-
bated in disease states, we applied our previously trainedMLmodel to
a murine model of obesity. For the analysis of the obesity model, we
employed the same strategy, utilizing 103 molecules extracted from

six immune cell populations (CD8⁺ T cells: 22, CD4⁺ T cells: 19, B cells:
18, cDC1: 13, cDC2: 14, and macrophages: 17). Mice at 5 and 17 months
of age were fed either a normal-fat diet (NFD) or a high-fat diet (HFD),
yielding four experimental groups: 5N, 5H, 17N, and 17H. Body weight
analysis confirmed that obesity induction was successful (Supple-
mentary Fig. 11a), and the rate ofweight gainwasparticularly greater in
the younger generation (Supplementary Fig. 11b). Splenic CD45⁺
immune cells were profiled using CyTOF, and 50,000 events per
sample were projected into t-SNE space to visualize obesity-induced
compositional shifts (Fig. 5a). Using FlowSOM clustering and 12
lineage-defining markers, six immune subsets were identified: CD8⁺
T cells, CD4⁺ T cells, B cells, cDC1, cDC2, and macrophages (Fig. S11c,
d). Significant changes due to obesity were observed in CD4+ T cells
and macrophages in the 17-month group (Fig. 5b). CD4+ T cells
decreased 2.1% with obesity, while macrophages increased 2.48-fold.
Other immune cell types, including CD8⁺ T cells, B cells, cDC1, and
cDC2, exhibited age-related patterns but showed no significant chan-
ges associated with obesity. To quantitatively assess obesity-driven
immune aging, we extracted the expression levels of 103 molecules
from the six immune populations and applied our established ML
model. Immunological age was predicted using a PCA-based frame-
work, adjusted post-hoc at the group-level to account for variance
beyond the training set (Fig. 5c). Chronological age predictions for
control groups (5N and 17N) aligned closely with actual age (5 and
17 months, respectively), while the HFD groups exhibited signs of
accelerated immune aging. In the HFD, predicted immune age showed
modest, non-significant elevations in both 5-month-old (+2 months,
p >0.05) and 17-month-old (+1.5 months, p >0.05) mice (ANOVA with
Tukey’s HSD). These results suggest that the model is sensitive to the
inflammatory burden associated with obesity. A sample-level heatmap
of predicted immune ages showed high consistency within groups,
with greater heterogeneity observed in the 17H group (Fig. 5d). PCA
mapping of molecular profiles revealed that 5N and 5H clustered with
younger reference groups (2M–9M), whereas 17N and 17H alignedwith
older groups (16M–20M). Notably, the 17-month HFD group had
individuals distributed widely, even reaching the 5-month group area,
visually demonstrating the high heterogeneity within the group as
previously predicted and suggesting that obesity in old age increases
the heterogeneity of the immune system (Fig. 5e). By contrast, varia-
tion along PC1 primarily reflected batch effects rather than age, con-
sistent with the observation that reference groups spanning
2–20 months did not distribute progressively along PC1 but instead
separated more clearly along PC2. Finally, to explore the underlying
molecular drivers, we analyzed the top contributors to PC2 across all
groups (2M–20M and 5N/5H/17N/17H) and visualized pairwise corre-
lations among the top 10 molecules (Fig. 5f, and Supplementary
Fig. 12). These drivers therefore represent features jointly influenced
by chronological aging and diet-induced acceleration, highlighting
molecular pathways commonly contributing to immune age shifts
under both conditions. Strong positive correlations (r >0.8) were

Fig. 2 | Age-related changes in CD8+ T cell, CD4+ T cell, and B cell subsets.
a FlowSOM clustering identified six metaclusters in the t-SNE map. b Each
metacluster was named using 12 signature markers for cell identification (CD8+ T
cell: CD3ε+, CD8α+; CD4+ T cell: CD3ε+, CD4+; B cell: CD19+, B220+; cDC1: CD11c+,
XCR1+, CD8α+; cDC2: CD11c+, CD11b+, CD172α+; Macrophage: Ly-6C+, F4/80+,
CD11b+) The expression level of each marker was represented as a heatmap. c Age-
relatedpercentage change for each identified cell.Datawerepresented asboxplots
(n = 10 per month). d For CD8+ T cell, CD4+ T cell, and B cell subtype analysis,
metaclusters of each cell were extracted from FlowSOM to create new opt-SNE
maps. The molecular expression levels in each cell population were expressed as
heatmaps. e CD8+ T cell opt-SNE is expressed as density dots. The regions of
molecules strongly expressed at locations where cell counts change over months
are indicated by individual color lines. f CD8+ cell subtypes were analyzed. Data
were presented as raincloud plots (n = 10 per month). g CD4+ T cell opt-SNE is

expressed asdensity dots. The regions ofmolecules strongly expressedat locations
where cell counts change over months are indicated by individual color lines.
h CD4+ cell subtypes were analyzed. Data were presented as raincloud plots (n = 10
per month). i Based on the SPADE analysis, we examined the proportion of sub-
population bubbles (I–VII) within each B cell population. j B cell subtypes were
analyzed. Data were presented as box plots (n = 10 per month). Mass cytometry
data were analyzed using Cytobank version 10.6 Cell frequencieswere expressed as
percentages based on 50,000CD45⁺ cells. Data are shown asmean ±S.D (n = 10 per
month). In box plots, the centre line represents the median, box limits represent
the first and third quartiles, and whiskers extend to data points within 1.5× the
interquartile range. The reportedp-valueswereobtained fromaone-wayanalysis of
variance (ANOVA) and correspond to two-sided statistical tests. (*p <0.05,
**p <0.01, ***p <0.001, n.s: not significant).
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observed among immune markers functionally related to T cell
exhaustion (e.g., PD-L1, CD44), T cell activation (CD4, CD3ε), and B cell
maturation (CD172α, CD11c, CD44), suggesting the presence of coor-
dinated immune regulatory modules driving the observed age-
associated changes. We confirmed the high correlation and sig-
nificance of 10 molecules and further investigated how their expres-
sion patterns change with aging. Both PD-L1 and CD44 on CD8+ T cells

increased consistently and significantly with age (Supplementary
Fig. 13a). PD-L1 and CD44 on CD4+ T cells also increased consistently
and significantly, like CD8+ T cells, while CD4 and CD3ε increased
dramatically at 16months (Supplementary Fig. 13b). Finally, CD40 and
CD11c on B cells also increased sharply at 16 months, and CD44 and
CD172α significantly increased at 20months (Supplementary Fig. 13c).
All 10 molecules showed significant increases with aging, each with a
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different pattern. Next, we evaluated the potential for model simplifi-
cation using 10 molecules previously identified as correlated with
aging patterns. The compact 10-marker SVR model achieved com-
parable predictive performance to the full 103-marker model
(R2 = 0.89 ± 0.06; RMSE = 2.25), maintaining over 95% concordance
within the ±1.96 SD limits in Bland–Altman analysis (Supplementary
Fig. 13d, e). Group-wise predictions showed consistent immune-age
elevation in HFD cohorts compared to normal diet controls (Supple-
mentary Fig. 13f). Together, these results validate ourML-basedmodel
as a robust platform for immune age estimation and highlight its
translational potential for identifying immune aging acceleration in
pathological conditions such as obesity.

Discussion
Although it is well established that the immune system undergoes
significant changes with age, protein-level tracking of these changes,
especially across immune subsets, has remained limited. Most pre-
vious studies have relied on transcriptomic data (e.g., scRNA-seq),
which, while informative, do not fully capture the proteomic hetero-
geneity that defines immune cell function. In this study, we used mass
cytometry (CyTOF) to resolve protein-level shifts in immune markers
and cell populations during aging. Our findings revealed characteristic
expansions of immunosuppressive or exhaustion-associated popula-
tions (CD28⁺, PD-1⁺, FoxP3⁺), alongside reductions in populations
involved in activation and trafficking (CD54⁺, CD26⁺)50–54. These age-
related shifts suggest that the immune system undergoes both func-
tional exhaustion and migratory impairment with age. Recognizing
that immune cell functionality is governed by intercellular commu-
nication rather than isolated marker expression, we further analyzed
dominant splenic immune subsets, CD8⁺ T cells, CD4⁺ T cells, and B
cells. In CD8⁺ T cells, the early and persistent decline in CD26⁺ cells,
known to counteract T cell exhaustion52,54, was accompanied by an
expansion of PD-1⁺ and FoxP3⁺ Tregs, consistent with prior reports
linking PD-1⁺CD8⁺ T cells to immunosenescence55. The increase in
CD69+ cells can be seen as a phenomenon that occurs because cells
with CD69, such as Treg and PD-1+ T cells, increase during aging56,57.

In CD4⁺ T cells, CD54 expression initially decreased but reboun-
ded in older mice. In CD4+ T cells, CD54 was known to function as a
costimulatory molecule58,59. CD4+ T cells harboring CD54, in addition
to TCR stimulation, experience co-stimulation through CD54, which
activates PI3K, increases IL-2 promoter transcription, and increases
Th1 (T helper type 1) cell proliferation and cytokine secretion58,59. Age-
related increases in PD-1⁺CD4⁺ and FoxP3⁺CD4⁺T cells further support
the notion of an immunosuppressive shift within the helper T cell
compartment56,57,60,61. While T cell subsets (naïve, EM, CM) exhibited
high interindividual variability, it is worth noting that the classification
markers CD62L and CD44 alone may be insufficient to resolve these
phenotypes with high fidelity62–64. Analysis of the B cell compartment
revealed substantial age-related heterogeneity. SPADE analysis

identified seven distinct subtypes, including four age-associated B cell
(ABC) populations. Interestingly, ABC04 declined with age, while
ABC01–03 followed distinct trajectories, suggesting functional het-
erogeneity even within the ABC group. ABC01, which expanded
markedly only at 20 months, may represent a late-aging-specific sub-
set. Consistent with prior studies, ABCs (particularly
CD11b⁺CD172α⁺CD80⁺CD44⁺ cells) are known to drive autoantibody
production and Th17 polarization, potentially contributing to auto-
immune phenotypes associated with aging29,65,66. Meanwhile, CD54⁻ B
cells, thought to represent functionally inert or immature B cells67,
increased sharply at 5 months, suggesting early-stage dysregulation.
Taken together, both T and B cell populations demonstrated features
of functional exhaustion and inflammatory feedback, aligning with the
increased susceptibility to infection, cancer, and autoimmunity
observed in the elderly. Increases in PD-1, CD44, and CD69 expression
on T cells aligned with reported aging-associated patterns28,57. Simi-
larly, expansion of PD-L1⁺ CD4/CD8⁺ T cells57 and elevations in reg-
ulatory T cells and ABCs29,56,57 were consistent with prior findings.
These concordant results reinforce the validity of our observations
and the robustness of subsequent machine learning analyzes.

Despite these insights, defining a precise “immune aging stage”
based on chronological time remains challenging due to the non-
linear and multifactorial nature of aging. To overcome this limitation,
we developed a predictive ML model based on 103 molecules
extracted from six immune cell populations (CD8⁺ T cells: 22 mole-
cules, CD4⁺ T cells: 19, B cells: 18, cDC1: 13, cDC2: 14, and macro-
phages: 17). Initial PCA analyzes confirmed that molecular expression
patterns stratify robustly by age. Among various algorithms, SVR was
selected for its capacity to model high-dimensional, nonlinear rela-
tionships with minimal risk of overfitting68,69. SVR’s ε-insensitive loss
function further enabled robust predictions despite interindividual
variability70. The trained model accurately predicted immunological
age from expression data in both test and full datasets. When vali-
dated using synthetic datasets (n = 100), themodel exhibited a strong
age distribution centered around 7–8 months and maintained high
explanatory power (R² > 0.93). The external dataset mirrored the
statistical properties of the training dataset, resulting in a distribution
centered at 7–8 months. This reflects the fact that the training cohort
itself (at molecular pattern distribution) was densest in this age range,
while very young or old ages were underrepresented. As such, while
the generated dataset reliably reproduced the central age distribu-
tion, future expansions will aim to incorporate broader age ranges for
improved generalizability. Importantly, the model generalizes well to
data points beyond the training range, underscoring its robustness
and potential applicability in real-world settings. Although direct
integration with external datasets was limited due to the lack of
publicly available mouse datasets containing simultaneous multi-
immune lineage expression across developmental ages, we compared
our model’s predicted age-dependent expression trajectories with

Fig. 3 | Post-machine learning validation using the proportions and expressed
molecules of 6 cell populations. a Summary of the learning process using ML
algorithms. Created using icons sourced from Flaticon (www.flaticon.com), dis-
tributed under Flaticon’s Free License (https://www.flaticon.com/legal). bUsing 3D
PCA, we evaluated whether molecular expression levels in each cell showed age-
related heterogeneity. Each “X” represents one mouse, and the colored surfaces
indicate clustering by age group. Red arrows represent the molecular loadings
driving PC separation. c, d Validation of ML results using cell pattern changes. Red
dots represent test samples not used during training. Inset plots for cDC1, cDC2,
and macrophages display zoomed-in views due to their lower abundance and
narrower expression ranges, allowing clearer visualization of predicted trends and
confidence intervals. e Cross-validation results using 5-fold cross-validation for
performance evaluation of the multivariate support vector regression ML model.
The x- and y-axes of the graph represent mean squared error and the types of
immune-related target molecules, respectively (n = 5 per cell type).

c, f, h, j, l, n, p Estimation of confidence intervals of predicted values through
bootstrapping of an established multivariate SVR ML model and overlapping
results of observations in the test set. The x- and y-axes of the graph represent age
and the composition ratioof identifiable immune cell groupswithin thepopulation,
respectively. To simultaneously compare the overall compositional proportions
within a population, the y-axes of all graphs of cell composition proportions were
fixed to the same scale.d, g, i, k,m, o,qAnalysis of the change pattern of predicted
values using the established multivariate support vector regression ML model and
overlapping results of observations in all data sets. The x- and y-axes of the graph
represent age and the composition ratio of identifiable immune cell groups within
the population, respectively. The red solid lines in the graph show the mean pre-
dicted patterns of the trained model. Cell frequencies were expressed as percen-
tages based on 50,000 CD45⁺ cells. In box plots, the centre line represents the
median, box limits represent the first and third quartiles, and whiskers extend to
data points within 1.5× the interquartile range.
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literature-based trends. Notably, CD8+ and CD4+ T cell marker
expression trends showed age-associated decline, consistent with
reported thymic involution and T cell maturation patterns in mice71,72.
Similarly, cDC1/cDC2 marker dynamics aligned with reports on den-
dritic cell subset reprogramming with aging73,74. These similarities
support the biological validity of our model.

To evaluate practical utility, we applied the model to biological
samples from normal 5- and 17-month-old mice. Remarkably,

predicted immune ages closely matched actual chronological ages,
validating the model’s accuracy in capturing immune aging in het-
erogeneous datasets. To test its clinical relevance, we next applied the
model to a murine obesity model, as obesity is a well-known driver of
immunosenescence and inflammaging75–79. t-SNE and FlowSOM ana-
lyzes revealed that obesity induced reductions in CD8⁺ and CD4⁺
T cells and expansions in macrophages and B cells, mirroring patterns
observed in aged animals. Notably, these shiftsweremorepronounced

Article https://doi.org/10.1038/s41467-025-67393-1

Nature Communications |          (2026) 17:640 9

www.nature.com/naturecommunications


in the aged (17H) than in the young (5H), suggesting that obesity
imposes a greater immunological burden in older individuals. Because
HFD-related increases did not reach statistical significance, we do not
interpret them as immune aging acceleration. Instead, we consider
obesity-induced chronic inflammation as a potential driver of the
modest elevations observed in both age groups, reflecting the biolo-
gical coupling between inflammation and immunosenescence. Future
studies with larger sample sizes will be required to determine whether
such changes represent true age-acceleration or primarily
inflammatory load.

In developing our model, we intentionally avoided applying
feature-specific weights, a practice common in previous ML-based
biological age models. We reasoned that such weighting could intro-
duce bias, particularly in small or heterogeneous datasets. Instead, we
employed uniform variable treatment alongside post hoc correction
using PCA and bootstrapped confidence intervals. Notably, PCA of
obesity samples revealed a distribution distinct from that of aging
controls, yet the model maintained predictive fidelity, indicating suc-
cessful generalization. Furthermore, correlation analysis of PC con-
tributors revealed key co-regulatory networks: PD-L1⁺CD4⁺ and PD-
L1⁺CD8⁺ T cells are unique populations previously known to increase
with aging57 and are known to mediate inhibitory counter-signaling in
the tumor environment80. Therefore, they may be one of the reasons
for the increased cancer incidence with aging. Correlations between
CD4⁺ T cell and CD44 also suggest memory phenotype shifts, while
CD172α⁺ and CD11c⁺ B cells likely represent functionally activated
ABCs30,81. Collectively, these patterns underscore a coordinated
decline in adaptive immune function associated with age and meta-
bolic stress.

Finally, this study demonstrates that ML, when rigorously
applied to high-dimensional immune data, can generate reliable and
interpretable models of immune aging. Previously, numerous
immune clocks have been proposed to quantify immunosenescence
using cytokine panels, transcriptomic signatures, or DNA methyla-
tion patterns13,28,37,40,43. However, our model extends current frame-
works by (i) leveraging high-dimensional protein-level data across
lineage-defined immune subsets using CyTOF, (ii) enabling bidirec-
tional prediction of age and expression profiles within each immune
population, and (iii) demonstrating immune age acceleration in a
metabolic disease context (obesity), which most existing clocks
have not addressed. Our approach advances beyond prior models
based solely on cytokine profiles or DNA methylation. Importantly,
the model performed well even with moderate sample sizes and
demonstrated translational potential in disease contexts. Previous
landmark work by Alpert et al.13 applied machine learning to multi-
dimensional immune profiling in large human cohorts, demon-
strating predictive power for mortality and disease outcomes. Our
study complements this by establishing a murine immune aging
model with defined perturbations such as HFD, thereby enabling
mechanistic dissection of age-accelerating conditions. In contrast to

the large-scale marker panels used in human studies, we demon-
strate that accurate prediction can also be achieved using a
restricted panel of 103 immune markers across defined cell subsets.
Thus, our work provides a flexible experimental framework that
bridges controlled mechanistic studies with translational potential.
While this model demonstrates strong predictive performance, its
reliance on over 30 immune markers measured by multiparameter
mass cytometry may limit its immediate clinical application. To
further enhance the model’s translational feasibility, future efforts
emphasized marker optimization and simplification. The feature-
selection analysis performed here indicates that most of the pre-
dictive information can be captured by a focused subset of T-cell
activation/exhaustion markers (e.g., CD44, PD-L1) and B-cell mar-
kers (e.g., CD44, CD172α). A 10-marker configuration retained
robust group discrimination and reproduced the overall age-related
trajectories observed with the full 103-marker model. This demon-
strates that even a substantially reduced panel can preserve biolo-
gical interpretability and practical utility. Accordingly, the compact
framework offers a promising foundation for clinically adaptable
immune-age assessment tools, and validation in larger, diverse
cohorts will further substantiate its generalizability. Integrating
these approaches will be crucial for translating the immune aging
clock from research to clinical practice. Future applications may
extend this framework to human cohorts, enabling population-level
immune age mapping and personalized immunological health
assessments.

Methods
animal
The animal study was performed under the approval of the Sunchon
National University Institutional Animal Care and Use Committee
(SCNU IACUC-2025-07). C57BL/6J Mice (Male, each age group n = 10,
2~20 months, NCrlOri, #00064) were purchased from the Korean
Basic Science Institute Animal Facility of Aging Science (KBSI AFAS,
Gwangju, Korea). Animals were housed in polycarbonate cages
within a controlled environment (22 ± 2 °C and 50 ± 5% humidity,
specific pathogen-free/SPF), fed diets with varying compositions for
each group, and provided with water. The group for the aging pre-
diction model was fed a standard diet. Experimental/control animals
were bred separately. For the obesity model, they were given a
normal-fat diet (NFD, n = 10) and a high-fat diet (HFD, n = 9) for
3 months (Supplementary Table 10)82.

Splenic immune cell isolation
Mice were euthanized using CO2 gas. The spleen was collected and
made into single cells using a cell strainer (100μm; Falcon, NY, USA,
#352360). Red blood cells were removed by treating with RBC Lysis
Buffer (Invitrogen, MA, USA, #00-4333-57). After that, lipids were
removed using a cell strainer (40μm; Falcon, NY, USA, #352340), and
cells were counted.

Fig. 4 | Immune age estimation using external molecular expression data and
reinforcement learning. a Evaluate the consistency between the model-predicted
age and actual age values through R2 in the test dataset. b Stratified K-fold cross-
validation R2 score for evaluating themodel’s predictive performance. The five bars
represent each fold in 5-fold cross-validation. The dataset was randomly divided
into five subsets, and the model was iteratively trained on four and validated on
one. R² scores represent performance on the validation fold. The red dashed line
shows the mean R² score. c Comparison of actual and predicted immune ages for
each validation sample. These test samples were not included in model training or
validation. d–f The external data set refers to a synthetic dataset composed of
randomly generated expression profiles for 103 molecules extracted from six
immune cell populations. This dataset was used to evaluate model generalizability
under unseen conditions. d Balanced synthetic data: Mean and variability of
molecular expression. e Balanced predicted age distribution for the generated

external dataset. f Target Age vs. Predicted Age: Visualization matching. Evaluating
the explanatory power of the built model on external data sets. The explanatory
power (93.43%) corresponds to the coefficient of determination (R²), indicating
that ~93% of the variance in target age is explained by the model predictions.
R2 = 1 −∑(ytrue−ypred)2/∑(ytrue−ŷtrue)2, where ytrue is the target age, ŷtrue is the mean
target age, and ypred is the predicted age. g ML algorithm training and tool devel-
opment scheme based on molecular expression levels. A total of 103 immune
molecular features derived from six immune cell clusters were integrated. These
features were used in a SVR to model the relationship between molecular expres-
sion and chronological age. For external validation, synthetic datasets were input
into the trained model to predict the nearest immune age values. This diagram
summarizes the overall process fromdata integration tomodel evaluation. Data are
shown as mean ±S.D.
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Fig. 5 | Predictionof accelerated immune-agingdue toobesity. a The t-SNE map
expresses the number of cells as contour lines. Depending on the aging and
obesity conditions, various cell changes appear at the same location on the
map (5N, 17N; n = 10, 5H, 17H; n = 9). b Population changes of six cell popula-
tions (CD8+ T cell, CD4+ T cell, B cell, cDC1, cDC2, macrophage) separated
using FlowSOM (n = 10 per month). Data were shown as box plots. Although
both c, d represent predicted immune ages, c provides a statistical summary of
group distributions, whereas d highlights heterogeneity at the level of indivi-
dual samples (that may not be as easily appreciated in c). c Immunological age
distribution by group. d Heatmap of actual vs. predicted immune age (per
sample). e 2D PCA comparison with 95% confidence ellipses. f Correlation

matrix of the top 10 PC2-contributing immune markers derived from PCA
including all groups (2M–20M and 5N/5H/17N/17H). These markers represent
shared molecular drivers of PC2 variation, reflecting combined contributions
of aging and obesity, and highlight common pathways underlying immune age
shifts. Cell percentages were calculated relative to CD45⁺ cells 50,000. Mass
cytometry data were analyzed using Cytobank version 10.6. Data are shown as
mean ±S.D. In box plots, the centre line represents the median, box limits
represent the first and third quartiles, and whiskers extend to data points
within 1.5× the interquartile range. The reported p-values were obtained from a
one-way analysis of variance (ANOVA) and correspond to two-sided statistical
tests. (*p < 0.05, **p < 0.01, ***p < 0.001, n.s: not significant).
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Antibody metal labeling
Metals were conjugated to purified antibodies using Maxpar X8 Anti-
body Labeling Kits (Standard Biotools, CA, USA, #201155A, #201156A,
#201173A, #201174A, #201176A). Experiments were performed
according to the manufacturer’s instructions83. Of the 30 antibodies
used in the experiment, 5 (CD172α/SIRPα, Galectin-9, CD26, CD44, and
XCR1) were conjugated to metals.

Mass cytometry analysis
Harvested mouse spleens were prepared into single-cell suspensions,
with 1 × 107 cells for each sample. Cells were stained using a panel of
metal-conjugated antibodies (Supplementary Table 11) after cisplatin
(Cell-ID Cisplatin, Standard Biotools, CA, USA, #201064) live/dead
staining. DNA was labeled using an Ir-intercalator (Cell-ID Intercalator-
Rh, Standard Biotools, CA, USA, #201103A) to determine whether cells
were present. EQ Beads (EQ Four Element Calibration Beads; Standard
Biotools, CA, USA, #201078, EQ Six Element Calibration Beads; Stan-
dard Biotools, CA, USA, #201245) were added to each sample imme-
diately before analysis. Normalization was performed using the CyTOF
machine instrument software (Data obtained from Helios was nor-
malized to EQ4 beads, CyTOF XT was normalized to EQ6 beads), and
no cell stimulation or barcodingwas applied. The studywasperformed
using the Helios (CyTOF2, Standard Biotools, CA, USA) and CyTOF XT
(Standard Biotools, CA, USA) instruments, and 300,000 events were
collected for each sample. All fcs files obtained from analysis on the
Helios and CyTOF XT were analyzed using Cytobank (v10.6, Beckman
Coulter, https://premium.cytobank.org/cytobank/experiments).

CyTOF data clean-up flow
Data cleanup, as applied to mass cytometry, typically focuses on
eliminating dead cells, debris, normalization beads, true aggregates,
and coincident ion clouds from raw data. First, the 140Ce signal is
removed from the obtained FCS file to remove beads. Second, a
process (Residual, Center, Offset, Width, and event length) was
performed to secure only pure cell data. Third, only live cells that are
195Pt negative are selected. Finally, single cells (191Ir+, 193Ir+) were
selected, and only immune cells that are 89Y CD45+ were chosen
(Supplementary Fig. 14). This clean-up flow automated nature avoids
the subjectivity of other gating methods and results in the unbiased
elimination of unwanted events84.

Dimensionality reduction analysis
t-SNE (t-distributed stochastic neighbor embedding) analysis was used
to express the data after the clean-up process by dimension reduction
as a 2Dmap.When analyzing entire spleen cells, the t-SNE-CUDA (GPU-
accelerated implementation of t-SNE) algorithm was used, 50,000
events were randomly extracted from each connected fcs file, and
clustering was performed through automatic settings. When analyzing
only individual cells (e.g., B cells, T cells), FlowSOM was run based on
the map generated by the previously analyzed t-SNE-CUDA to select
each cell population (CD8+ T cell, CD4+ T cell, and B cell) and draw a
t-SNE map using the opt-SNE (optimized t-SNE) algorithm.

FlowSOM and SPADE clustering analysis
All clustering analyzes were performed based on the previously
obtained t-SNE map. FlowSOM (self-organizing map) analysis was
performed for all spleen cells, and 100 clusters were formed using the
Hierarchical Consensus clustering method to get six metaclusters. At
this time, the seed valuewas randomlyoptimized. The sixmetaclusters
were named into six types of cells (CD4+ T cell, CD8+ T cell, B cell, cDC1,
cDC2, macrophage) through the difference in the expression rate of
12 signature markers (CD4, CD8α, CD3ε, NK1.1, CD19, B220, CD11c,
CD11b, F4/80, Ly-6C, CD172α, XCR1). For B cell subtype analysis, a 200-
node treewasconstructedusing SPADEanalysis todistinguishchanges
in cell number. Subtypes were named based on themedian intensity of

eachmolecule. Thedata obtained through analysiswerevisualized and
graphed using SRplot (A free online platform for data visualization and
graphing)85.

Exploring ML algorithms
An optimal ML algorithm search was performed to learn and predict
age-related changes in the expression patterns of molecules within
each cell cluster. Structurally, it has one independent variable (age)
and multiple dependent variables (expressed molecules and compo-
sition of immune cells). Since the dependent variables are multi-
dimensional and highly correlated, a multivariate regression model
analysis approach was attempted. The primary purpose of this study
was to learn and predict the simultaneous changes in multiple
dependent changes according to the change in independent variables.
The longitudinal multiple univariate analysis approach was excluded,
and the transverse multivariate analysis approach was selected. The
changes in the expression of molecules and the cell composition ratio
according to age were mostly not linear, and nonlinear regression
algorithms were mainly attempted. After stepwise trials of various
nonlinear regression candidate algorithms (neural network, K-nearest
neighbors, decision tree, random forest, gradient boosting, support
vector, etc.), qualitative and quantitative evaluationfinally selected the
optimal algorithm that explained all data sets well. The algorithm
evaluation mainly applied qualitative and quantitative factors such as
model fitting and performance, R-squared (R2) score, MAE, MSE, and
cross-validation score.

Principal component analysis
Each of the six immune cell populations was clustered by age. Each
cluster reflected the similarity between cell populations based on the
expression pattern of immune molecules. The changes in the com-
position ratio of the six significant immune cell populations by age
were analyzed in two- and three-dimensional spaces using PCA, and
the contribution rate of each PC was defined as the considerable
dimension values contributing to the changes in the composition ratio
of immune cells, and the interactions between the final significant
factors and the data distribution by age group were visualized. In
addition, the loading vector values were calculated for each molecule
expressed in each immune cell population, and additional identifica-
tion of variables closely related to the changes in the composition ratio
of specific immune cells by age was performed. The F-statistics were
calculated to explain the variance difference between age groups of
the PCs derived from the PCA results, and a p-value of 0.05 was set as
the standard to determine whether the variance difference by PC and
age was statistically significant.

Model training and validation
The model was developed and verified through data input, model
development, learning and testing, and evaluation. First, independent
and dependent variables were set through data input and dataset
feature recognition, and all data were processed as continuous vari-
ables. Data preprocessing, missing value review, and data normal-
ization to the same scale of variables were performed to secure the
stability of model learning. Second, a model was developed by
applying an algorithm that reflects the nonlinear characteristics of
immune data and appropriately explains changes in immunemolecule
expression and cell composition ratio according to age. Themodelwas
optimized through Kernel functions and hyperparameter settings.
Third, model learning and testing were performed through dataset
division. The complete dataset (n = 50 mice) was randomly divided
into a training set (80%, n = 40) and a test set (20%, n = 10) using
stratified random sampling across age groups to preserve class dis-
tribution. The training set was used to perform fivefold cross-
validation and model optimization, while the test set was exclusively
reserved for evaluatingfinalmodel performance. All randompartitions
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were conducted with fixed random seeds for reproducibility. The
model was optimized to effectively explain data points around the
hyperplane while minimizing ε-insensitive loss, and k-fold cross-
validation (k = 5) was performed to prevent overfitting during the
learning process. Otherwise, to obtain a robust estimate of predictive
accuracy, we applied fivefold cross-validation, inwhich the datasetwas
randomly divided into five equal subsets. In each iteration, fourfolds
were used for training, and onefold was used for validation, with the
process repeated until all folds had been used once as the validation
set86,87. The learned model was evaluated for prediction performance
on the test set, and the model’s generalization performance and pre-
diction accuracy were confirmed through comparisons between the
prediction results and the actual values. If the evaluation results were
not satisfactory, the data preprocessing and variable selection steps
were reexamined, and the model was improved through model
retraining and optimization repetitions. Fourth, various verification
tools were applied to evaluate the performance and reliability of the
final developed model from multiple angles. Visual fitting analyzes
were performed to confirm the model’s suitability to compare the
predicted values with the actual values, and normality was evaluated
through histograms with the residual distributions to check if the
residualswere randomly distributed around themeanof 0. In addition,
quantile-quantile (Q-Q) plots were generated to visually verify the
normality of the residuals, andKDEwasused to analyze the continuous
distribution of the residuals precisely. To evaluate the change inmodel
performance according to the size of the learning data, a learning
curve was created to diagnose overfitting or underfitting, and a five-
fold cross-validation was performed for each dependent variable to
calculate the MSE score.

Applying the model
The model was further trained to accurately predict the relationship
between immunemolecule expression data and age in both directions.
After integrating 103 molecules extracted from six immune cell
populations (CD8⁺ T cells: 22 molecules, CD4⁺ T cells: 19, B cells: 18,
cDC1: 13, cDC2: 14, andmacrophages: 17), supervisedmachine learning
(as multivariate output modeling) was performed to predict immune
molecule expression patterns with age as an independent variable or,
conversely, to estimate age by inputting immunemolecule expression
data. Both model directions (age → expression pattern, expression
pattern → age) were trained using nonlinear regression algorithms
explored during the development process, and generalization per-
formances were confirmed through k-fold cross-validation (k = 5).
Model training in the “molecular expression pattern → age” direction
was performed through reverse mapping reinforcement, which
reversely predicts age values from the complex expression patterns of
immune molecules. The model’s performance was quantitatively ana-
lyzed through MSE and R² scores, and age estimation was performed
based on immunemolecule expressionpatterns in external datasets to
confirm themodel’s reliability and applicability. By applyingmolecular
expression data from external datasets to the developed model, the
most similar age values to the overall molecular expression patterns
were predicted using the proximity age estimation method. The
model’s reliability was confirmed by comparing the accuracy of age
estimation based on molecular expression with external data. For
external validation, we generated a synthetic dataset (n = 100) by
sampling 103 immune marker values from Gaussian distributions
parameterized by the mean and standard deviation observed in the
training data for each molecule. This procedure was used to evaluate
the model’s robustness against hypothetical but biologically plausible
immune profiles not included in the original dataset.

Applying aging and obesity data to the model
Finally, to evaluate the independent applicability of the established
ML model, spleen molecular expression data from the NFD and HFD

groups of mice at 5 and 17 months were used to train the model. A
total of 103 molecules extracted from six immune cell populations
(CD8⁺ T cells: 22 molecules, CD4⁺ T cells: 19, B cells: 18, cDC1: 13,
cDC2: 14, and macrophages: 17) were quantitatively measured using
the CyTOF, and these were simultaneously input into the previously
trained regression model to estimate the “immunological age” of the
individuals. In the immunological age estimation, a decision-making
method was applied based on the overall expression pattern simi-
larity without specific weighting of each immune-related expression
molecule.

To assess the feasibility of a reduced immune-marker panel,
we constructed a compact model using the top 10 molecules with
the highest loading values in PC2 derived from the 103-marker
PCA analysis. These markers primarily represented T- and B-cell
activation and differentiation pathways. The reduced dataset was
used to retrain a support vector regression (SVR, RBF kernel)
model under the same cross-validation conditions applied to the
full model. Model performance was evaluated using regression
diagnostics (R2, RMSE, Bland–Altman analysis). Group-wise pre-
dictions were further compared using external diet- and age-
based validation cohorts.

Statistical analysis
Statistical analysis was performed using Student’s t-test for com-
parisons between two groups or one-way analysis of variance
(ANOVA) with Tukey’s HSD comparison between more than
two groups. Statistical calculations were done using SPSS ver.
27 (SPSS, IL, USA). In Student’s t-test, p < 0.05 was considered sta-
tistically significant (*p < 0.05, **p < 0.01, ***p < 0.001). And after
ANOVA, a post-hoc test was conducted only when the significance
between groups was p < 0.05. Symbols (*p < 0.05, **p < 0.01,
***p < 0.001) indicated subsequent comparisons of significance
between groups.

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

Data availability
All data are included in the Supplementary Information or available
from the authors, as are unique reagents used in this Article. The raw
numbers for charts and graphs are available in the Source Data file
whenever possible. Source data are provided with this paper.

Code availability
Weused publicly available software for the analyses. All source code to
reproduce the analyses is available on the Python libraries [pandas
(https://github.com/pandas-dev/pandas), numpy (https://github.com/
numpy/numpy), metaplotlib (https://github.com/matplotlib/
matplotlib), seaborn (https://github.com/mwaskom/seaborn), plotly
(https://github.com/plotly/plotly.py), sklearn (https://github.com/
scikit-learn/scikit-learn), PCA (sklearn.decomposition, https://github.
com/scikit-learn/scikit-learn), scipy.stats (https://github.com/scipy/
scipy), metaplotlib.image (https://github.com/matplotlib/matplotlib),
OpenCV (https://github.com/opencv/opencv)].
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