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ABSTRACT

Aging is frequently described through mechanistic “hallmarks,” sets of pathways
that differ across studies and outline separate aging mechanisms. Such classi-
fication may help interpret aging clock scores and generalize across cell-types,
cohorts, and sequencing technologies. We introduce HallmarkAge, a framework
that converts various hallmark gene sets into supervised binary hallmark state
labels via score thresholding and trains probabilistic hallmark state classifiers from
gene expression. We employ seven gene-set frameworks, producing a compact
and interpretable hallmark representation that supports hallmark-space embedding,
clustering, and hallmark-aware age prediction. We evaluate HallmarkAge on a
single-cell and single-nucleus RNA-sequencing human skeletal muscle aging atlas
across multiple cellular subsets. Hallmark-space reveals structured heterogeneity
across aging states and clustering produces mechanistically readable programs with
coherent marker genes. We train aging clocks using hallmark-derived features,
selecting models under donor-level splits and aggregating predictions to donor-
level estimates. Residual analysis highlights previously undescribed aging signals,
nominating targets for perturbation screening and validation.

1 INTRODUCTION

Aging clocks built from molecular measurements can predict chronological age and correlate with
morbidity and mortality risk. While epigenetic clocks, such as the foundational multi-tissue clock
developed by Horvath, have demonstrated high accuracy using DNA methylation (Horvath, 2013),
transcriptomic clocks offer a complementary approach that can capture dynamic, cell-state-specific
and gene module-level changes (Tyshkovskiy et al., 2024; Ying et al., 2024). However, transcriptomic
clocks are often difficult to interpret mechanistically and generalize poorly across cohorts. More
recently, the advent of single-cell RNA-sequencing has enabled the development of cell-type-specific
aging clocks, providing unprecedented resolution into the heterogeneity of aging (Buckley et al.,
2023), yet features of these clocks can still be difficult to frame in the context of aging mechanisms.
Large-scale single-cell atlases have also characterized tissue-specific aging signatures across multiple
organs (Consortium, 2020; Gao et al., 2024). In parallel, aging biology has converged on frameworks
such as the Hallmarks of Aging (L6pez-Otin et al., 2013; 2023), the Open Genes database of human
genes associated with aging and longevity (Rafikova et al., 2024), and the Hallmarks of Stem Cell
Aging (Rando et al., 2025), which provide structured hypotheses about aging mechanisms. The
hallmarks frameworks are useful heuristics rather than mechanistic definitions of aging: because many
hallmarks are interdependent and context-dependent, their boundaries overlap, and the categories
conflate drivers with responses and consequences (Gladyshev, 2012; 2013; Gladyshev et al., 2021).

A key gap is that hallmark frameworks are largely descriptive, whereas many aging clocks are
high-dimensional regressors with limited mechanistic grounding. We propose HallmarkAge, which
converts hallmark biology into supervised state variables: it scores hallmark gene sets per cell/sample,
thresholds them into binary on/off labels, trains probabilistic hallmark state classifiers, and uses
hallmark-derived representations as interpretable features for age prediction and mechanistic profiling.
Both coefficients and residuals are informative: coefficients quantify hallmark contributions, while
reproducible residual structure may reflect missing mechanisms, motivating a coefficient- and residual-
driven loop for hallmark validation and discovery and nominating novel rejuvenation targets.
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Contributions.

1. We introduce HallmarkAge, which converts hallmark gene sets into binary pseudo-labels via score
thresholding and trains probabilistic hallmark state classifiers from gene expression.

2. We show that hallmark-derived representations support interpretable hallmark-space embeddings
and clustering, yielding mechanistically readable human skeletal muscle aging programs.

3. We train and compare baseline (gene-PCA), hallmark-only, and hybrid Ridge regression clocks
under donor-level splits, and report both per-cell predictions and aggregated per-donor estimates.

2 DATASETS AND METHODS

We evaluate HallmarkAge on a human skeletal muscle single-cell and single-nucleus RNA-sequencing
aging atlas assembled from multiple subsets within a unified donor cohort (Tab. 1). The dataset spans
10x Genomics single-cell and single-nucleus profiling of donor ages from 15 to 75. We focus on
skeletal muscle because age-associated decline in muscle function is a major driver of frailty and
systemic aging phenotypes (Perez et al., 2022), positioning muscle as a testbed for whether hallmark-
derived states capture quantitative decline mechanisms rather than descriptive correlates (Schlessinger
& Van Zant, 2001). Transcriptomic aging clocks for skeletal muscle have identified gene signatures
associated with muscle aging (Ali et al., 2025), and multi-modal atlases have characterized the cellular
landscape of muscle aging (Lai et al., 2024). Like MultiTIMER’s interpretable structure (Jung et al.,
2023) and the module-based design of tAge and MetroAge (Tyshkovskiy et al., 2024; Ying et al.,
2024), HallmarkAge is designed to be modular and tissue-agnostic by anchoring representations
to universal hallmark biology rather than tissue-specific gene signatures, so our framework can be
readily applied across tissues and datasets while capturing tissue-specific aging dynamics through
hallmark score distributions.

Table 1: Human skeletal muscle single-cell and single-nucleus 10x Genomics RNA-sequencing aging
atlas (donor-level splits to avoid leakage; donors overlap across subsets). Ages set at bin midpoints.

Subset Donors Old  Young Cells
Cells to nuclei mapping (skeletal muscle) 17 99,240 83,921 183,161
Myonuclei to myofiber mapping 17 47,839 39,683 87,522
Myonuclei (2024 release) 13 37,721 36,905 74,626
Fibroblasts and Schwann cells 12 10,672 9,939 20,611
Immune cells 12 14,337 5,984 20,321
Blood vessel endothelial cells and vascular smooth muscle cells 12 8,021 11,296 19,317
Muscle stem cells 12 6,465 11,063 17,528
Total (Kedlian et al., 2024) 17 224,295 198,791 423,086

HallmarkAge converts hallmark gene sets into (i) binary hallmark states and (ii) hallmark-aware
clock components. This enables mechanistic age prediction and residual-driven analysis for candidate
missing programs. We used 7 hallmark gene-set frameworks (Appendix A and L), comprising 86
hallmarks, with per-hallmark gene lists ranging from 1-444 genes (median 12), and 43/86 hallmarks
had at least 3 genes detected and were used for modeling. For each hallmark H with gene set G,
we compute a per-cell hallmark score Sy (z) € R from expression x using standard gene-set scoring,
and collect scores into S(x) = [SH, (2), ..., Sk, (z)] € RE. To obtain supervision without curated
perturbation labels, we define pseudo-labels yy () € {0,1} by thresholding scores: yg(z) = 1
if Sp(z) > Qo.s(Sy) and yu(z) = 0if Sp(z) < Qo.2(SH), excluding intermediates. For each
hallmark H, we train a probabilistic classifier fr(z) = Pr(yg = 1 | z), yielding a mechanism
vector f(x) = [fu,(7),..., fu,(7)] € [0,1]%. We train and evaluate models using two feature
spaces: gene-PCA features, where highly variable genes are selected and PCA is computed to obtain
PCA(z) € R%, and hallmark features, where hallmark scores S(x) are used directly. We then store
hallmark activation probabilities f(x) as a hallmark-level representation for analysis. A schematic
overview of the full pipeline is provided in Fig. S1, and the hallmark gene-set frameworks used are
summarized in Tab. S1 and Tab. S6-S12.

3 RESULTS

Hallmark-space embeddings provide a compact view of heterogeneous aging states across cell types
and datasets. Cells are represented by their hallmark score vectors S(x) and embedded using UMAP,
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Figure 1: Hallmark-space UMAP visualizations. Hallmark-space embeddings provide a compact,
interpretable representation of heterogeneous aging modes.

colored by age, cluster identity, and dataset of origin (Fig. 1). The embedding reveals structured,
continuous gradients rather than a single aging axis, with multiple coexisting hallmark programs
active within the same tissue. This motivates downstream clustering and hallmark-level analysis.
Additional UMAP visualizations across multiple hallmark frameworks are provided in Fig. S3-S8.
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Figure 2: Age prediction performance across feature spaces. We select the best-performing clock by
held-out MAE and report both per-metacell and per-donor performance.

We next evaluated whether hallmark-derived representations support age prediction. Ridge regression
models were trained using gene-PCA features (baseline), hallmark features, or a hybrid concatenation,
with train/test splits performed at the donor level to prevent leakage. Figure 2 shows predicted
versus chronological age at both the cell and donor-aggregated levels. Hybrid models achieve the
lowest held-out MAE, while hallmark-only models retain predictive signal with substantially reduced
dimensionality. We infer chronological age a from gene-PCA features Xgene = PCA(x), hallmark
features Xpa = H(x), or a hybrid concatenation Xyy, = [Xgene; Xnan, using Ridge regression
a(x) = gridee(X). We split train/test by donor, evaluate baseline, hallmark-only, and hybrid Ridge
models using MAE and R? on held-out donors (Fig. 2), select the best model by MAE, refit it
on all cells, and store predictions dce(x) and residuals r(z) = a — Geen(«). For donor d with
cells Cy, we compute dqonor(d) = ‘Cildl Zzecd Geen (), reducing within-donor variance (Fig. 2).
Under donor-level evaluation, the HallmarkAge hybrid clock achieves a test MAE of 6.39 years
and R? = 0.85 on held-out donors (Appendix K), while retaining mechanistic interpretability in a
low-dimensional hallmark space. This outperforms SkeletAge (Ali et al., 2025), a bulk RNA-seq
skeletal muscle clock with a validation MAE 6.62 years and R? of 0.79. Full in-distribution and
out-of-distribution results are reported in Appendices K.1 and K.2. We further evaluate generalization
across multiple tissues and cell types by combining skeletal muscle atlases with Tabula Sapiens,
spanning 1.4M cells across 28 organs/tissue and 63 donors (Appendix Table S13). The hybrid model
retains strong performance (75 of 0.8 and R?est of 0.62) across this heterogeneous setting (Fig. S16).
Figure 3 summarizes hallmark activity across clusters identified in hallmark space. Clusters exhibit
mixed hallmark signatures rather than single-pathway dominance, enabling mechanistic labeling of
aging programs used for residual stratification. Clustering in hallmark feature space yields coherent
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and interpretable programs. For each cluster, we summarize the mean residual, residual class, top
hallmarks, aging mechanism, and representative marker genes (Tab. 2).
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Figure 3: Hallmark activity across clusters. Clusters correspond mixed hallmark aging modes.

Table 2: Residual-stratified hallmark clusters in hallmark-space embedding for the human skeletal
muscle aging atlas (Kedlian et al., 2024). Positive mean age residuals indicate candidate protective
(anti-aging) programs, while negative residuals denote actionable pro-aging states.

Cluster Color  Mean residual Residual class Top hallmarks Mechanism label Repr
marker genes

0 Blue +0.070 Protective (anti-aging) ~ Deregulated nutrient sensing; disabled ~Epigenetic-metabolic ZBTB20; FOXOI;
macroautophagy; histone modification rigidity with partial HDAC9; PPARGCIA;
changes; transcriptional alterations; stress compensation RBFOX1; TTN;
chromatin remodeling; stem cell ex- CAMK2D; ERBB4;
haustion JAK2

1 Orange —0.021 Actionable (pro-aging) Sterile inflammation; altered intercellu- Innate immune inflam- IL1B; IL10; NLRP3;
lar communication; proteostasis impair- maging / stress re- TYROBP; CXCLS;
ment; inflammaging; transcriptional al-  sponse LYZ; CSF3R; NFK-
terations BIA; TNF

2 Green —0.252  Actionable (pro-aging) Extracellular matrix remodeling; fibro- Fibrotic ECM remod- COLI1A1l; COL3Al;
sis; IGF/INS dysregulation; oxidative eling and stromal ag- DCN; FBNI1;
stress; senescence/SASP ing CXCL12; IGFBP3;

MMP2; CTGF;
LOXLI1

3 Red +0.171  Protective (anti-aging) ~ Stem cell self-renewal; quiescence Adaptive progenitor JUN; JUNB; KLF2;
depth; transcriptional plasticity; stress  plasticity / stress- CDKNIA; IGFBPS;
resilience; ECM signaling resilient renewal SPARCLI1; CLDNS5;

ATF3

4 Purple —0.193  Actionable (pro-aging) Translation economy dysregulation; Energetic— CKM; COX7AL;
macroautophagy suppression; pro- proteostatic collapse MYHT7; ATP2A1;
teostasis decline; mitochondrial impair-  program DES; CRYAB;
ment FBX032; PDK4

4 DISCUSSION

Hallmark-space structure captures heterogeneous aging modes. Projecting cells into hallmark
feature space yields a compact, interpretable representation in which age-associated structure and
distinct cellular states are visible without requiring gene-level inspection. Hallmark-space UMAPs
organize the combined dataset into coherent regions of hallmark activity (Fig. 1), supporting the
view that aging hallmarks are not well-described by single axes but by mixtures of hallmark programs.
Hallmark cluster occupancy vary with different populations expressing overlapping but non-identical
hallmark mixtures (Appendix E). Extended visualizations across alternative hallmark definitions
further support this structure (Fig. S3-S8). Cluster markers are used to prioritize in silico perturbations
that would shift HallmarkAge to validate rejuvenation targets in follow-up screens (Appendix I).
These perturbation directions can be mapped to known anti-aging intervention strategies targeting
specific hallmarks (Fig. S15).

Hallmark-derived clocks enable interpretable age prediction. While recent work has combined
machine learning with explainable AI methods to interpret biological age predictions post-hoc
(Qiu et al., 2023), HallmarkAge achieves interpretability by construction, anchoring representations
directly to established hallmark biology rather than deriving explanations from black-box models. We
trained ridge regression clocks using gene-PCA features (baseline), hallmark-derived features, and a
hybrid concatenation of both. Under donor-level train/test splits, hybrid models achieved the lowest
held-out MAE (Fig. 2), while hallmark-only models retained predictive signal with substantially
reduced dimensionality. Because hallmark-derived features correspond to predefined biological
programs, learned coefficient structure is directly interpretable (Appendix J) and residual patterns
can be localized to hallmark-space programs (Fig. 1; Tab. 2). This behavior remains consistent when
evaluated across diverse tissues and cell types (Fig. S16; Tab. S13).

4
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Data-driven hallmark clusters are mechanistically readable. Clustering in hallmark feature
space yields mechanistically interpretable programs composed of coherent mixtures of aging hall-
marks rather than single-pathway states (Tab. 2). As shown in Figures 1 and 3, hallmarks related to
chromatin remodeling, transcriptional plasticity, nutrient sensing, and stress resilience lie close in
hallmark space and co-occur in protective clusters (0, 3), whereas inflammatory signaling, fibrotic
ECM remodeling, proteostasis collapse, and mitochondrial impairment form distinct but biologically
consistent pro-aging programs (clusters 1, 2, 4). These programs occupy distinct but partially over-
lapping regions of hallmark space, consistent with aging as a continuous, multi-dimensional process
rather than a linear trajectory (Fig. 1). Not all canonical hallmarks are equally engaged in skeletal
muscle: stem cell exhaustion, regenerative decline, and altered intercellular communication receive
near-zero coefficients in hallmark-based and hybrid clocks (Appendix J), consistent with muscle
being a largely post-mitotic tissue where aging is dominated by metabolic, proteostatic, inflammatory,
and stromal programs rather than active stem cell turnover.

Linking hallmark states to proteins via transcriptome—proteome coupling. To connect hallmark
states to molecular outputs beyond transcriptomics, we map genes (Moqri et al., 2026) to proteins
(Karra et al., 2025; Amon et al., 2019) to quantify RNA—protein coupling (Triana et al., 2021;
Furtwiéngler et al., 2024; Bandyopadhyay et al., 2024). In kidney aging data, transcriptome coverage is
near-complete (22,254 mRNA-measured symbols; 99.7% of the union), whereas proteome coverage is
lower (6,515 protein-measured symbols; 29.2%), with overlap for only 6,451 genes (28.9%) (Takemon
et al., 2021). This linkage supports mechanistic interpretation of age- and mortality-associated global
protein increases (Goeminne et al., 2025) by stratifying genes into RNA/protein response quadrants
(Takemon et al., 2021), separating coupled upregulation from protein accumulation and proteostasis
impairment, and diagnosing transcript—protein decoupling (Ruoss et al., 2024; Komic et al., 2025)
and age-dependent functional decline (Hennrich et al., 2018). Complementary methylation-based
skeletal muscle clocks achieve high accuracy (Voisin et al., 2020), motivating multi-omic integration
of transcriptomic and epigenetic aging signatures for improved prediction and mechanistic insight.

Relationship to existing single-cell aging clocks. Several approaches have been developed to
estimate biological age at single-cell resolution. SCALE provides tissue-specific aging measures
using gene expression profiles (Mao et al., 2023), while CellBiAge uses binarization strategies similar
to our approach for age group classification (Yu et al., 2023). Unlike these methods, HallmarkAge
explicitly anchors its representations to established hallmark biology, enabling direct mechanistic
interpretation of aging states rather than purely data-driven age estimation.

Limitations and confounding considerations. While hallmark-derived representations improve
interpretability, hallmark scores and inferred structure can reflect confounding factors such as batch
effects, technology differences, or shifts in cell-state composition. We partially mitigate evaluation
by splitting train/test sets by donor and by evaluating on a multi-cell-type combined dataset. There is
currently no experimental ground truth for rejuvenation or pro-aging effects in this setting; thus, any
future perturbation analyses would be evaluated only relative to unperturbed baselines, interpreted
as model-dependent hypotheses, and would require experimental validation to establish biological
causality. In silico perturbation analyses are constrained by current virtual cell models, which sup-
port only single-gene perturbations and cannot represent combinatorial or non-linear interactions,
missing coordinated, program-level effects. Hallmark states cannot yet be validated via transcrip-
tome—proteome coupling as the data analyzed here lack simultaneous, cell-matched transcriptomic
and proteomic measurements; gene-to-protein mapping remains a translational hypothesis.

5 CONCLUSION

We introduced HallmarkAge, a hallmark-aware framework for interpretable aging clock engineering
in single-cell transcriptomic data. HallmarkAge converts hallmark gene sets into binary pseudo-labels
and trains probabilistic hallmark state classifiers, producing a compact mechanism representation that
enables hallmark-space visualization and clustering (Fig. 1; Table 2). On an aging atlas of human
skeletal muscle single-cell and single-nucleus combined dataset (Tab. 1), HallmarkAge supports
age prediction using hallmark-derived features and hybrid gene—hallmark feature sets, with model
selection under donor-level splits and stable donor-level aggregation (Fig. 2). HallmarkAge provides
a practical bridge between hallmark biology and predictive modeling, improving interpretability
while remaining compatible with single-cell workflows. Residual analysis nominates rejuvenation
targets for perturbation screening and validation (Tab. 2), linking machine learning representations to
wet-lab experiments for target discovery.
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A  HALLMARK GENE SETS USED FOR CLASSIFIER CONSTRUCTION

Table S1 summarizes the hallmark gene-set frameworks and derived feature spaces used in this work
to construct binary hallmark classifiers and downstream age models.

Table S1: Hallmark gene sets used in this work for binary hallmark classifiers and age modeling. For
the explicit gene lists used in scoring and classifier construction (by gene set), see Appendix L.

Framework / feature set

Contents (used as classifier targets or features)

Reference

Hallmarks of Aging (2013)

9 hallmark categories (canonical 2013 hallmarks) used to define
gene sets and hallmark ON/OFF states.

Lépez-Otin et al.
(2013)

Hallmarks of Aging (2023)

12 hallmark categories (expanded 2023 hallmarks including
disabled macroautophagy, chronic inflammation, and dysbio-
sis).

Loépez-Otin et al.
(2023)

Hallmarks of Stem Cell
Aging (2025)

5 stem-cell-specific hallmarks (depth of quiescence, self-
renewal propensity, fate of progeny, resilience, population het-
erogeneity).

Rando et al.
(2025)

OpenGenes (mechanism-
level)

Curated mapping of human genes to aging mechanisms (22
mechanisms; 2405 genes) used to expand and validate hallmark
modules.

Rafikova et al
(2024)

OpenGenes summary (col-
lapsed)

Collapsed OpenGenes mechanisms into higher-level axes (e.g.,
DNA damage/repair, epigenetic/transcriptional regulation, pro-
teostasis/autophagy, inflammation/communication) for com-
pact modeling.

Derived from
OpenGenes
Rafikova et al.

(2024)

Overlap (intersection sets)

Gene sets defined by overlap between frameworks (e.g., shared
genes across HoA 2023, Stem Cell Aging 2025, and Open-
Genes) used as high-confidence “core” programs.

This work (com-
puted)

LLM-unified hallmark sets

Unified hallmark taxonomy and gene sets produced by har-
monizing labels across frameworks into a consistent classifier
target space.

This work (LLM-
assisted)

B IMPLEMENTATION SUMMARY

Feature construction.

Gene-level features are constructed by selecting HVGs and computing PCA.

Hallmark features are computed by gene-set scoring and used for both visualization and regression.

Clock training and selection. We train Ridge regression clocks on gene-PCA features, hallmark
features, and their concatenation. When donor identifiers are available, we split train/test by donor to
prevent leakage. We select the best model by held-out MAE, refit it on all cells, and store per-cell
predictions as Geep ().

Per-donor aggregation.
within each donor.

Donor-level predictions are computed by averaging per-cell predictions

Residual analysis. Residuals r(z) = a — deen () are visualized across hallmark-space embeddings
and compared across clusters to identify structured unexplained signal.

C DATASET AVAILABILITY

All single-cell datasets used to construct the human skeletal muscle aging atlas single-cell and
single-nucleus combined dataset are publicly available. Source links are provided below:

* Human skeletal muscle aging atlas (data availability) (Kedlian et al., 2024): https://www.
nature.com/articles/s43587-024-00613-3#data-availability
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* Muscle Ageing Cell Atlas portal (Kedlian et al, 2024): https://www.
muscleageingcellatlas.org/

* GEO accession GSE167186 (Kedlian et al., 2024): https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE167186

* GEO accession GSE143704 (Kedlian et al., 2024): https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE143704

* Repository (DOI) (Kedlian et al., 2024): https://doi.org/10.7272/Q65X273X

* Multimodal muscle aging atlas (Lai et al., 2024): https://db.cngb.org/cdcp/hlma/
download

» Tabula Sapiens (Consortium, 2020): https://figshare.com/articles/dataset/
Tabula_Sapiens_v2/27921984

D HALLMARKAGE PIPELINE: END-TO-END SCORING, CLASSIFICATION,
CLOCK MODELING, AND DISCOVERY

This appendix summarizes the full pipeline implemented in the accompanying notebook. The pipeline
operationalizes hallmark biology in single-cell RNA-seq by (i) scoring predefined hallmark gene
sets, (ii) converting continuous hallmark activity into discrete ON/OFF training targets, (iii) training
supervised hallmark classifiers that output calibrated hallmark probabilities, (iv) aggregating hallmark
probabilities to the sample level to build hallmark-informed aging clocks, and (v) using residual
signal for candidate novel hallmark and longevity target discovery. Pseudobulking methodology is
described in detail in Appendix F.

Module Hallmark
Scoring Classifiers

|
Hallmark States

Figure S1: HallmarkAge overview. Hallmark gene sets are scored and converted into binary state
labels, used to train probabilistic hallmark classifiers. Hallmark representations support interpretable
embeddings and age prediction, and residual analysis can highlight candidate missing programs.
D.1 INPUTS AND REQUIRED METADATA

The pipeline operates on a log-normalized single-cell AnnData object adata (using adata.X or
a specified expression layer). Cell-level metadata are stored in adata.obs. At minimum, the

notebook requires:

* sample_id: donor/sample identifier used to aggregate cell-level predictions.

* age: chronological age (numeric) for each sample/donor (propagated to cells if needed).

D.2 HALLMARK GENE SET FRAMEWORKS

The notebook supports multiple hallmark gene set frameworks (Appendix L), including canonical
hallmark collections (e.g., Hallmarks of Aging 2013/2023), stem-cell aging hallmarks, OpenGenes
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mechanism-level mappings, and unified/overlap-derived hallmark sets computed in this work. Each
framework defines a set of hallmark gene lists G = {G,}/L,.

D.3 STEP 1: HALLMARK SCORING (CONTINUOUS ACTIVITY)

For each hallmark gene set G, the notebook computes a per-cell hallmark activity score using
Scanpy gene-set scoring (scanpy.tl.score_genes):

Sh(i) = Score(z;; Gp), (1)
where x; is the expression profile of cell i.  Scores are stored in adata.obs as

score_<framework>__<hallmark>.

D.4 STEP 2: QUANTILE-BASED BINARIZATION INTO HALLMARK ON/OFF STATES

To train supervised hallmark classifiers, the notebook converts continuous scores into binary labels
using quantile rules. The default label is based on the top 20% of scores:

Y0 (i) = 1(Sh(i) > qos), @)

where gos is the 80th percentile of {Sj (i)} across cells. These labels are stored as
label_g80_<framework>__<hallmark>.

To increase label purity, the notebook additionally supports an “extreme-only” scheme using both
20th and 80th percentiles:

) 1 Sh(i) > qo.s,
V@) =40 Su(i) < qo2. 3)
NaN otherwise,

with a corresponding training mask my, (i) = ]I(y,(th) () is not NaN) to exclude ambiguous mid-
range cells. The notebook also optionally attempts a two-component GMM binarization on Sy, (7)
(when the fit succeeds).

D.5 STEP 3: FEATURE REPRESENTATION

Hallmark classifiers are trained on low-dimensional gene-expression features, typically PCA embed-
dings derived from the expression matrix:

Xgene € RV*? “)

where IV is the number of cells and d is the embedding dimension.

D.6 STEP 4: HALLMARK CLASSIFIER TRAINING (CELL-LEVEL)

For each hallmark h, a binary classifier fj is trained to predict hallmark ON/OFF labels from
gene-derived features:

ﬁh(z) = fh (Xgene(i)) ~ P(yh(z) =1 | Xgene(i))- (5)

The notebook evaluates standard model families (including logistic regression and gradient boosting)
and reports classification performance (e.g., AUROC and average precision). Predicted probabilities
pr(2) € [0, 1] are retained as continuous hallmark activation estimates.

D.7 STEP 5: SAMPLE-LEVEL AGGREGATION OF HALLMARK PROBABILITIES

To build donor/sample-level representations, the notebook aggregates cell-level hallmark probabilities
across all cells belonging to a sample s:

Pr(s) = mean({pn(i) : i € s}), (6)
yielding a sample-level hallmark probability vector p(s) = [p1(s), ..., Du(s)].
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D.8 STEP 6: HALLMARK-INFORMED AGING CLOCKS

The notebook fits regression models to predict chronological age from sample-level representations.
It supports: (i) a baseline gene-space clock ggene (Xgene(s)), (i) a hallmark clock gnan(p(s)) using
hallmark probabilities, and (iii) a hybrid clock combining gene and hallmark features. Performance
is reported using MAE and R? with predicted-vs.-true age visualizations.

D.9 STEP 7: RESIDUAL-BASED DISCOVERY OF MISSING AGING SIGNAL

To identify aging-associated signal not captured by known hallmark sets, the notebook computes
residuals from hallmark-based age models:

r(s) = Age(s) — Age(s), %

and prioritizes genes or programs correlated with r(s) as candidates for novel hallmarks or longevity
targets, emphasizing robustness and reproducibility.

D.10 STEP 8: DATA-DRIVEN CLUSTER PROGRAMS FROM MARKER GENES

In addition to predefined hallmark gene sets, the notebook derives cluster-level transcriptional
programs by computing marker genes for cluster labels available in adata.obs (via Scanpy
rank_genes_groups). These marker-defined programs provide an additional discovery layer and
can be used as auxiliary targets or features in age models.

D.11 OUTPUTS
The notebook saves hallmark scores, multiple label variants (quantile, extreme-only, optional GMM),

training masks, predicted hallmark probabilities (cell- and sample-level), age model predictions and
evaluation metrics, and cluster marker gene summaries for downstream analysis and reporting.
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E UMAP VISUALIZATION OF HALLMARK AND AGING PROGRAM SCORES

To assess how aging hallmarks and related biological programs vary across the cellular manifold, we
projected per-cell hallmark scores onto a shared UMAP embedding. Scores were computed using
multiple gene set sources and abstraction levels, including OpenGenes (full TSV and summary),
LLM-unified aging programs, canonical Hallmarks of Aging (2013, 2023), and stem-cell-specific
aging dimensions. All panels use the same UMAP coordinates for direct visual comparison.

Across all scoring frameworks, hallmark signals exhibit structured but overlapping gradients on
the UMAP rather than sharp cluster boundaries. This supports a view of aging as a continuous,
multi-dimensional process with partially decoupled biological programs operating within the same
cellular populations.

E.1 OVERLAPPING HALLMARKS SCORES
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Figure S2: UMAP projection of overlapping 15 hallmark genes scores between HoA2023,
HoSCA2025, and OpenGenes, representing aggregated pathway-level signals for damage and stress
response, stemness an fate control, metabolic and quiescence control, epigenetic aging, and senes-
cence/quiescence gating.
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E.2 OPENGENES SUMMARY SCORES

OpenGenessummary — Top hallmarks
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Figure S3: UMAP projection of OpenGenes Summary hallmark scores, representing aggregated
pathway-level signals for canonical aging mechanisms including IGF/mTOR signaling, telomere
attrition, chromatin remodeling, mitochondrial instability, and extracellular matrix alterations.

E.3 OPENGENES FULL GENE SET SCORES

OpenGenesFullTSV — Top hallmarks
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Figure S4: UMAP projection of per-cell scores for OpenGenes Full TSV aging-related gene sets,
including stem cell exhaustion, autophagy impairment, telomere attrition, epigenetic alterations,
proteostasis decline, mitochondrial dysfunction, inflammatory signaling, and related pathways.
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E.4 LLM-UNIFIED AGING PROGRAMS

LLMUnified — Top hallmarks
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Figure S5: UMAP visualization of LLM-unified aging program scores, integrating genome integrity
failure, epigenetic drift, proteostasis collapse, autophagy—lysosome impairment, mitochondrial stress,
nutrient sensing dysregulation, inflammaging, cellular senescence, and regenerative decline.

E.5 STEM CELL-SPECIFIC AGING DIMENSIONS

StemCellAging2025 — Top hallmarks
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Figure S6: Stem cell-specific aging scores projected onto the shared UMAP, capturing resilience,

population heterogeneity, quiescence depth, self-renewal propensity, fate bias, and transcriptional
dysregulation.
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E.6 HALLMARKS OF AGING (2023)

HoA2023 — Top hallmarks
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Figure S7: UMAP visualization of Hallmarks of Aging (2023) scores, extending canonical hallmarks
to include dysbiosis, chronic inflammation, nutrient sensing deregulation, and updated definitions of
proteostasis and mitochondrial decline.

E.7 HALLMARKS OF AGING (2013)

HoA2013 — Top hallmarks
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Figure S8: UMAP visualization of Hallmarks of Aging (2013) scores, including genomic instability,
telomere attrition, epigenetic alterations, loss of proteostasis, mitochondrial dysfunction, cellular
senescence, stem cell exhaustion, and altered intercellular communication.
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F PSEUDOBULK (METACELL) CONSTRUCTION

Let X € NV*€ denote the single-cell count matrix with N cells and G’ genes, and let d() and a(7)
denote the donor identity and age associated with cell ¢, respectively. To reduce technical noise while
preserving donor-level biological signal, we constructed pseudobulk profiles via metacell aggregation.

Highly variable genes (HVGs) were selected on the single-cell data from training donors
only using a Seurat v3-style variance model as implemented in Scanpy. In this work,
batches correspond to datasets, and HVG selection was performed in a batch-aware
manner to account for cross-dataset technical effects.  Specifically, in select_hvgs
we ran scanpy.pp.highly variable_genes (..., flavor="seurat_v3",
layer="counts", batch_key="batch") after normalize_total followed by
loglp. Providing bat ch_key prompts Scanpy to fit the mean—variance trend separately within
each dataset and then aggregate dispersion across datasets, yielding HVGs that are consistently
variable across datasets rather than driven by a single dataset. This reduces the selection of
dataset-specific HVGs and preferentially retains genes exhibiting reproducible variability across
multiple datasets.

Let H C {1,...,G} denote the resulting set of intersecting HVGs across datasets. All subsequent
aggregation was performed after restricting X to H to avoid introducing non-informative features.

For each donor d, metacells were constructed by randomly sampling & cells {i1, ..., i} such that
d(i;) = d and summing their raw counts to form a pseudobulk expression vector

k
Tdm = E Xi; H
i=1

where m indexes metacells for donor d. Sampling was performed with replacement when fewer than
k cells were available. This procedure was repeated to generate a fixed number of metacells per
donor, yielding multiple pseudobulk observations per individual.

Each metacell was assigned an age

1 k
dd’m = E;a(z]L

corresponding to the mean age of its constituent cells. Following aggregation, pseudobulk count
matrices were library-size normalized, log-transformed, and scaled prior to downstream modeling.
HVG sets computed on the training fold were reused unchanged for validation and test folds to ensure
strict separation between training and evaluation data.
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G ScoPE, HALLMARK DEFINITIONS, AND MODELING CHOICES

This appendix clarifies the biological scope, hallmark definitions, modeling strategy, and intended
interpretation of HallmarkAge. The objective of this section is to describe the analyses performed,
the construction and evaluation of the models, and the interpretation of the resulting findings in the
context of existing transcriptomic aging clocks.

G.1 HALLMARK FRAMEWORKS AND BIOLOGICAL SCOPE

HallmarkAge does not assume a single, definitive set of aging hallmarks. Instead, it operates over
multiple published hallmark and mechanism frameworks, treating them as structured biological priors
rather than mechanistic ground truth. In this work, we analyze canonical Hallmarks of Aging (2013),
the expanded Hallmarks of Aging (2023), Hallmarks of Stem Cell Aging (2025), and the OpenGenes
mechanism-level annotation of aging-related genes, along with derived collapsed and overlap-based
abstractions (Appendix L).

All empirical results presented in the main text are restricted to a single biological system: human
skeletal muscle cells. While the combined dataset spans multiple donors and cell-types, it does not
span multiple tissues. Accordingly, HallmarkAge is evaluated here as a single-tissue, multi-cell-type
framework, and no claims are made regarding cross-tissue generalization.

G.2 HALLMARK STATE CONSTRUCTION AND CLASSIFIERS

For each hallmark within a given framework, we compute continuous per-cell gene-set activity scores
using standard gene-set scoring. These continuous scores are then converted into high-confidence
binary pseudo-labels using quantile-based thresholding, with only extreme-score cells used for
supervision. This binarization is employed solely to obtain contrastive training labels and does not
imply that hallmark activity is biologically discrete.

Using these pseudo-labels, we train one probabilistic classifier per hallmark. Each classifier predicts
the probability that a given cell exhibits high activity for that hallmark, yielding a vector of hallmark
activation probabilities for every cell. These probabilities form a low-dimensional, interpretable
representation of cellular aging state that is used for visualization, clustering, and downstream
modeling. The number of genes contributing to each hallmark varies by framework and reflects
the original literature sources; HallmarkAge does not redefine or manually curate gene sets beyond
explicitly labeled derived abstractions.

G.3 AGE MODELING AND PREDICTION TARGETS

All aging clocks in this work are trained to predict chronological age only. Chronological age is used
as a calibration signal rather than a proxy for health, mortality, or functional decline. We do not train
or evaluate models for lifespan, mortality risk, or clinical phenotypes.

Age prediction models are constructed using three feature representations: (i) gene-level PCA
features, (ii) hallmark-derived features, and (iii) a hybrid concatenation of gene and hallmark features.
Ridge regression is used throughout for consistency and interpretability. When donor identifiers are
available, train/test splits are performed at the donor level to avoid information leakage across cells
from the same individual. Model selection is based on held-out mean absolute error, and final models
are refit on all cells to produce per-cell predictions that are subsequently aggregated to the donor level
by averaging.

Hallmark-only clocks are not designed to outperform high-dimensional gene-level clocks in predictive
accuracy. Their primary purpose is to provide mechanistically interpretable structure and to enable
analysis of aging-related variation in a biologically grounded coordinate system. Hybrid models
retain predictive performance while providing hallmark interpretability.

G.4 INTERPRETATION OF HALLMARK STRUCTURE AND RESIDUALS

Hallmark-derived embeddings and clusters reveal structured but overlapping aging states, consistent
with aging as a continuous, multi-dimensional process rather than a collection of independent
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pathways. Individual clusters typically reflect mixtures of hallmark activities rather than single
dominant mechanisms, and their interpretation is correspondingly descriptive rather than causal.

After fitting the selected age model, we analyze residuals between predicted and chronological age.
Residual structure is treated as informative only when it is reproducible, structured, and non-redundant
with existing hallmark representations. Such residuals are used to nominate candidate missing
programs or perturbation targets, but they are not interpreted as direct measures of rejuvenation,
healthspan, or biological age. Residual-driven hypotheses are explicitly framed as model-dependent
and require independent experimental validation.

G.5 RELATIONSHIP TO EXISTING TRANSCRIPTOMIC AGING CLOCKS

HallmarkAge is intended to complement, not replace, existing transcriptomic aging clocks, including
module-based and gene-level models trained for chronological age or mortality. Unlike purely data-
driven clocks, HallmarkAge anchors its representation to published biological frameworks, enabling
direct interpretation in terms of known aging processes while making explicit the limitations and
incompleteness of those frameworks.

We emphasize that hallmark frameworks themselves are heuristic and have been criticized for
oversimplifying aging as a set of separable drivers. Consistent with this view, HallmarkAge does not
assume independence or causal primacy of individual hallmarks. Instead, it uses hallmark structure
as an organizing scaffold for interpretable modeling, while explicitly examining mixed states and
residual signal that may reflect systemic or unmodeled aspects of aging.
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H DISTRIBUTION OF HALLMARK GENE-SET SCORES

Figure S9 shows the empirical distributions of continuous hallmark gene-set scores for a representative
subset of ten hallmarks spanning the Hallmarks of Aging (2013) and Hallmarks of Aging (2023)
frameworks. Scores were computed at the single-cell level using standard gene-set scoring (Scanpy
score_genes).

Each violin plot summarizes the full score distribution across all cells, with dashed vertical lines
indicating the median and interquartile range. These distributions illustrate several properties relevant
to the HallmarkAge pipeline. First, hallmark scores exhibit broad, overlapping, and often unimodal
distributions rather than clearly separable modes, supporting our treatment of hallmark activity as a
continuous latent state rather than a discrete class. Second, the relative spread and skewness differ
across hallmarks, reflecting heterogeneity in pathway activity and gene-set construction rather than a
universal scale.

These score distributions motivate the quantile-based pseudo-labeling strategy used in HallmarkAge,
in which only extreme score regions (e.g., top and bottom quantiles) are used to define high-confidence
ON/OFF training labels, while intermediate cells are excluded from classifier supervision. The figure
therefore serves as a diagnostic visualization validating that (i) extreme-score subsets exist for each
hallmark and (ii) a single global cutoff would be inappropriate. Binarization is used solely to obtain
high-purity contrastive supervision for classifier training, not to assert discrete biological states;
continuous hallmark activity is preserved for downstream analysis.

score__HoA2013__loss_of proteostasis
score__HoA2013__deregulated_nutrient_sensing
score__HoA2013__ cellular_senescence
score__HoA2013__stem_cell_exhaustion
score__HoA2013__ altered_intercellular_communication
score_ HoA2023 loss_of proteostasis
score__HoA2023__ cellular_senescence
score__HoA2023__ altered_intercellular_communication
score__HoA2023__chronic_inflammation

score__HoA2023__dysbiosis

§?§v$+V¢$$+

Figure S9: Score distributions for selected hallmark gene sets. Violin plots of single-cell hallmark
gene-set score distributions for a subset of ten hallmarks spanning Hallmarks of Aging (2013)
and (2023). Dashed vertical lines indicate the median and interquartile range. Broad, overlapping
distributions motivate quantile-based pseudo-labeling, where supervision is derived from extreme-
score subsets and mid-range cells are excluded.

21



Published at the GEM workshop, ICLR 2026

I GENE-LEVEL EVIDENCE SUPPORTING RESIDUAL-ASSOCIATED AGING
PROGRAMS

Table S2: Gene-level correspondence restricted to genes that overlap between residual-associated
cluster markers (Table 2) and prior experimental aging literature. Direction indicates the association
reported in the literature, while recommended perturbation specifies the intervention expected to
improve aging-related outcomes.

Gene Predicted class Literature effect Dir. Evidence type Perturbation References
FOXP1 Anti-aging (CO)  Anti-aging T Stem cell aging (MSC and ~ Activate / preserve (Wu & Wang, 2024;
(context-specific) skeletal aging models) (stem cells) Wau et al., 2024; Jiao
etal., 2021)
IL1B Anti-aging (C4)  Pro-aging T Inflammaging and frailty Inhibit (chronic (Boni-Schnetzler et al.,
(mouse, human) signaling) 2021; Park et al., 2024,
Widjaja et al., 2024)
NLRP3 Pro-aging (C1)  Pro-aging 1 Healthspan improvement;  Inhibit (Marin-Aguilar et al.,
limited lifespan evidence 2020; Verlinden, 2024)
CDKNIA (p21) Pro-aging (C2)  Pro-aging T Cellular senescence Reduce / clear (Lépez-Dominguez
accumulation senescent cells etal., 2021; Jin et al.,
2025)
JUN/JUNB Pro-aging (C2)  Pro-aging T Stress-response and aging  Inhibit (chronic (Karakaslar et al.,
tissues (transcriptomic) activation) 2023)

Integrating the residual-stratified hallmark states (Table 2) with prior gene-level precedent (Table S2)
indicates that only a small subset of residual-associated genes currently demonstrate direct experi-
mental support in aging models. Among genes that explicitly overlap between residual-associated
cluster markers and the curated gene-level validation set, FOXP1 emerges as the clearest example
of a context-specific anti-aging factor, where preservation of expression within mesenchymal and
skeletal stem cell compartments maintains stem cell identity and delays tissue aging. This supports
the interpretation that certain residual-young states may reflect preservation of progenitor competence
rather than generalized activation of youth-associated pathways.

In contrast, the majority of overlapping genes are consistently reported as pro-aging when chronically
active, with beneficial effects arising primarily from their suppression rather than sustained expression.
These include inflammatory and innate immune regulators such as IL1B and NLRP3, whose persistent
activation drives inflammaging, frailty, and tissue dysfunction, as well as stress- and senescence-
associated transcriptional regulators such as CDKN1A (p21) and JUN/JUNB. Experimental evidence
across genetic and pharmacologic studies indicates that attenuation of these programs improves
healthspan and, in some cases, partially reverses age-associated phenotypes.

The recurrence of these genes within residual-associated clusters therefore supports an interpretation
in which hallmark-space embeddings capture aging state signatures rather than direct single-gene
longevity drivers. Residual-young or protective clusters may reflect transient stress-adaptive, immune-
modulatory, or progenitor-associated states that correlate with lower predicted biological age, even
when the underlying genes function as pro-aging factors under chronic activation.

More broadly, many gene categories enriched within residual-young clusters—including epigenetic
modifiers, interferon-stimulated genes, and proliferation-associated programs—currently lack direct
experimental evidence demonstrating anti-aging effects when activated. As such, the residual analysis
primarily prioritizes pathway-level aging programs and candidate intervention directions, rather than
definitive gene-level rejuvenation targets.

22



Published at the GEM workshop, ICLR 2026

J COEFFICIENT STRUCTURE AND REGULARIZATION DIAGNOSTICS

This appendix reports coefficient-level diagnostics for the Ridge regression age models used through-
out this work. We analyze (i) the most positively and negatively weighted features, and (ii) features
with near-zero coefficients, across baseline gene-level, hallmark-only, and hybrid gene—hallmark
models. These analyses are intended as diagnostic and hypothesis-generating tools rather than
mechanistic claims, illustrating how regularization redistributes explanatory weight across correlated
biological representations and how learned structure can be leveraged for perturbation prioritization
and exclusion.

J.1 GENE-LEVEL COEFFICIENT STRUCTURE IN BASELINE AND HYBRID MODELS

We first examine the largest-magnitude gene coefficients learned by the baseline Ridge model trained
on gene-PCA features and by the hybrid Ridge model trained on concatenated gene and hallmark
features.

Baseline Ridge: Top / Bottom Gene Weights Hybrid Ridge: Top / Bottom Gene Weights

‘‘‘‘‘‘‘‘‘‘‘‘‘‘

yyyyyyyy

-1.0 -0.5 0.0 05 1.0 -15 -1.0 -05 0.0 0.5 10
Gene weight Gene weight

Figure S10: Top and bottom gene coefficients in baseline and hybrid Ridge models. Horizontal
bar plots show the genes with the largest positive (blue) and negative (red) coefficients. In the
baseline model, individual genes absorb a large fraction of the predictive signal. In the hybrid model,
gene-level coefficients are attenuated as part of the age signal is reallocated to hallmark-derived
features.

Several observations motivate the use of hallmark-derived representations. In the baseline model,
individual genes absorb substantial predictive weight, reflecting correlated expression structure, donor
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composition effects, and cell-state variation. In the hybrid model, many gene-level coefficients are
reduced in magnitude, consistent with hallmark features capturing shared biological variance and
reducing reliance on individual genes as proxies for broader aging programs.

Importantly, large-magnitude gene coefficients are not interpreted as causal drivers of aging. Instead,
they identify genes whose expression patterns act as sensitive markers of aging-associated states
under regularization. As such, these genes provide a tractable and model-informed entry point for
downstream in silico perturbation analyses (e.g., simulated knockdown or overexpression within
learned representations) and experimental validation, where perturbations can be evaluated for their
ability to shift hallmark activation profiles or age-prediction residuals.

J.2 NEAR-ZERO HALLMARK COEFFICIENTS AS REDUNDANCY AND EXCLUSION DIAGNOSTICS
To assess redundancy, identifiability, and population-specific relevance among hallmark features, we
examine hallmarks whose absolute coefficients fall below fixed fractions of the maximum coefficient

magnitude. We report thresholds at 1%, 5%, and 10% of the maximum absolute coefficient, following
standard regularization diagnostics.

J.2.1 HYBRID RIDGE (1% THRESHOLD)

Near-zero Hallmarks (|coef| <= 1% max) - Hybrid Ridge

Intercell. Comm.
impairment

-0.04 -0.03 -0.02 -0.01 0.00 0.01 0.02
Coefficient

Figure S11: Near-zero hallmark coefficients (|| < 1% of max) in the hybrid Ridge model. Only a
small subset of hallmarks exhibit coefficients close to zero, indicating that most hallmark abstractions
contribute non-negligible predictive signal when combined with gene-level information.

At this strict threshold, only a limited number of hallmarks are effectively unused by the hybrid
model, suggesting that most canonical aging programs retain some relevance after accounting for
correlated gene-level structure.

J.2.2 HALLMARK-ONLY VS HYBRID RIDGE (5% THRESHOLD)

The hallmark-only model suppresses a greater number of hallmarks, indicating higher redundancy
within hallmark space alone. In contrast, the hybrid model distributes weight more smoothly across
hallmarks, suggesting complementary rather than competitive use of gene- and hallmark-level
information.

J.2.3 HALLMARK-ONLY VS HYBRID RIDGE (10% THRESHOLD)

Across thresholds, hallmarks with near-zero coefficients are interpreted not as universally irrelevant
aging mechanisms, but as programs that contribute little independent predictive signal in this tissue
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Near-zero Hallmarks (Jcoef| <= 5% max) - Hallmark Ridge Near-zero Hallmarks (jcoef| <= 5% max) - Hybrid Ridge
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Figure S12: Near-zero hallmark coefficients (| 3| < 5% of max). Comparison between hallmark-only
and hybrid Ridge models. The hallmark-only model exhibits a larger fraction of near-zero coefficients,

reflecting stronger competition among correlated hallmark features when gene-level context is absent.

Near-zero Hallmarks (|coef| <= 10% max) - Hallmark Ridge Near-zero Hallmarks (|coef| <= 10% max) - Hybrid Ridge

0.0 0.5 1.0 15 -0.6 -0.4 -0.2 0.0 02 04
Coefficient Coefficient

Figure S13: Near-zero hallmark coefficients (]3| < 10% of max). At a more permissive threshold,
hallmark-only models suppress multiple overlapping aging dimensions, while hybrid models retain
broader hallmark engagement.

and cohort. These may correspond to mechanisms that are weakly active in skeletal muscle, redundant
with other hallmarks, or downstream consequences rather than limiting constraints on aging rate in
this context.

J.3 ToOP AND BOTTOM HALLMARK COEFFICIENTS

We finally report the most positively and negatively weighted hallmarks in hallmark-only and hybrid
Ridge models.

Coefficient sign and magnitude reflect predictive utility under regularization and correlated feature
structure, not direct pro- or anti-aging effects. These diagnostics therefore motivate downstream
residual-based analyses rather than single-feature interpretations.

J.4 PERTURBATION NOMINATION AND HEURISTIC VALIDATION

Taken together, coefficient structure enables two complementary uses. First, genes with consistently
large positive or negative coefficients nominate candidate entry points for in silico perturbation
screening and experimental validation. Perturbations can be evaluated based on their ability to shift
learned aging representations or reduce age-prediction residuals, rather than on single-gene effects
alone.

Second, hallmarks with near-zero coefficients provide empirical evidence that certain canonical aging
mechanisms are not limiting factors for this population. This selective engagement supports the
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Hallmark Ridge: Top / Bottom Hallmarks Hybrid Ridge: Top / Bottom Hallmarks
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Figure S14: Top and bottom hallmark coefficients. Stress resilience, chromatin remodeling, and
senescence-related programs receive the largest positive weights, while proteostasis collapse, in-
flammatory signaling, and intercellular communication breakdown receive large negative weights.
Differences between hallmark-only and hybrid models reflect redistribution of predictive signal rather
than changes in qualitative directionality.

view that hallmark taxonomies function as heuristic organizing frameworks rather than mechanistic
definitions of aging. Many hallmarks are interdependent and context-dependent; their boundaries
overlap, and categories often conflate primary drivers with compensatory responses and downstream
consequences. Treating hallmarks as independent causal axes therefore risks biasing interpretation
toward single-factor models at the expense of system-level constraints (Gladyshev, 2012; 2013;
Gladyshev et al., 2021).

Summary. Coefficient diagnostics demonstrate that hallmark-derived features meaningfully con-
tribute to age prediction, reduce reliance on individual genes, and distribute predictive signal across
biologically interpretable axes. Crucially, coefficient structure is leveraged for prioritization and
exclusion: large-magnitude gene coefficients nominate candidates for perturbation-based valida-
tion, while near-zero hallmark coefficients identify aging mechanisms that are weakly informative
or redundant in this population. This framing reinforces HallmarkAge as a structured, falsifiable
interface between descriptive aging frameworks and data-driven modeling, rather than a claim of
causal sufficiency.

26



Published at the GEM workshop, ICLR 2026

K AGE PREDICTION PERFORMANCE TABLES

This appendix reports full quantitative performance metrics for all age prediction models evaluated
in this work. We report mean absolute error (MAE), root mean squared error (RMSE), coefficient
of determination (R?), and Pearson correlation (r), evaluated at both the single-cell and aggregated
donor levels where applicable. All models are Ridge regressions trained on baseline gene-PCA
features, hallmark-derived features, or their hybrid concatenation.

K.1 MODEL IN-DISTRIBUTION TRAINING AND TESTING PERFORMANCE ACROSS LEARNING
REPRESENTATIONS

Table S3 reports age prediction performance under donor-level train/test splits, which prevent infor-
mation leakage across cells from the same individual. Metrics are reported separately for per-metacell
predictions and donor-aggregated predictions. We emphasize that hallmark-only clocks are not
intended to outperform gene-level baselines, but to provide mechanistically interpretable structure
and residual signals for discovery.

Table S3: Age prediction performance under donor-level train/test splits.

Model Level Split  MAE RMSE  R? Pearsonr n
Baseline Ridge ~ Metacell ~Train 5.68 7.16 0.87 0.93 15,200
Baseline Ridge =~ Metacell ~ Test 8.63 10.51  0.69 0.83 3,800
Baseline Ridge ~ Donor Train 3.52 473 094 0.97 76
Baseline Ridge ~ Donor Test 7.72 9.35 0.75 0.89 19
Hallmark Ridge Metacell Train 10.14 12.58 0.59 0.77 15,200
Hallmark Ridge  Metacell = Test 13.24 16.03 0.28 0.56 3,800
Hallmark Ridge  Donor Train 8.66 1041  0.72 0.87 76
Hallmark Ridge  Donor Test 12.85 1521 0.35 0.61 19
Hybrid Ridge Metacell Train = 4.72 6.03 091 0.95 15,200
Hybrid Ridge Metacell  Test 7.31 8.78 0.78 0.89 3,800
Hybrid Ridge Donor Train  2.10 2.80 0.98 0.99 76
Hybrid Ridge Donor Test 6.39 7.39  0.85 0.94 19
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K.2 MODEL OUT-OF-DISTRIBUTION GENERALIZATION PERFORMANCE IN
LEAVE-ONE-BATCH-OUT (LOBO) AND LEAVE-ONE-DATASET-OUT (LODO)
EVALUATIONS

To assess out-of-distribution (OOD) robustness to dataset-specific shifts, we evaluate models under
two complementary cross-validation settings. First, we perform leave-one-batch-out (LOBO) where
batches correspond to the source of transcript (cells, nuclei, myonuclei), testing sensitivity to acquisi-
tion and processing differences (Table S4). Second, we perform leave-one-dataset-out (LODO) where
the held-out set corresponds to a specific cell type or cell-type group, testing generalization across
biological composition shifts (Table S5). Across both settings, we observe that OOD evaluation can
substantially degrade performance—particularly for hallmark-only clocks—highlighting the value of
hybrid representations for robust generalization across heterogeneous single-cell datasets.

Table S4: Leave-one-batch-out (LOBO) age prediction results stratified by transcript source (cells,
nuclei, myonuclei). Each model is trained on all remaining transcript sources and evaluated on the
held-out source.

R2

Held-out batch Model MAE RMSE Pearson 1 Nitrain Ntest
SKM_myonuclei_human_2024-04-14  Baseline Ridge 4.92 6.26 0.90 095 16,400 2,600
SKM_myonuclei_human_2024-04-14  Hallmark Ridge 27.64 3250 -1.66 0.36 16,400 2,600
SKM_myonuclei_human_2024-04-14  Hybrid Ridge 13.84 1529 041 0.94 16,400 2,600
cells Baseline Ridge 20.01 2548 -0.69 0.27 7,800 14,400
cells Hallmark Ridge 22.97 29.96 -1.33 0.13 7,800 14,400
cells Hybrid Ridge 19.32 24.50 -0.56 0.24 7,800 14,400
nuclei Baseline Ridge 5.70 7.51  0.86 0.93 17,000 5,200
nuclei Hallmark Ridge  43.54 49.53 -5.18 0.39 17,000 5,200
nuclei Hybrid Ridge 11.24 13.23  0.56 0.89 17,000 5,200

Table S5: Leave-one-dataset-out (LODO) age prediction results where each held-out dataset corre-
sponds to a cell type or cell-type group. Models are trained on all remaining datasets and evaluated

on the held-out cell-type group.

Held-out dataset Model MAE RMSE R? Pearson” Nirain  Nest
SKM_human_pp_cells2nuclei_2023-06-22 Baseline Ridge 5.64 8.17 0.82 0.93 3,400 3,400
SKM_human_pp_cells2nuclei_2023-06-22 Hallmark Ridge  10.36 13.06 0.54 0.82 3,400 3,400
SKM_human_pp_cells2nuclei_2023-06-22 Hybrid Ridge 5.61 8.07 0.82 094 3400 3,400
SKM_immune_human_2023-06-22 Baseline Ridge 12.92 16.74  0.27 0.90 3,400 2,400
SKM _immune_human_2023-06-22 Hallmark Ridge  15.76 18.07 0.15 0.39 3,400 2,400
SKM_immune_human_2023-06-22 Hybrid Ridge 11.17 1492 042 0.91 3,400 2,400
SKM._fibroblasts_Schwann_human_2023-06-22  Baseline Ridge 13.80 16.85 0.26 0.85 3,400 2,400
SKM . fibroblasts_Schwann_human_2023-06-22  Hallmark Ridge = 15.54 17.91 0.17 0.66 3,400 2,400
SKM._fibroblasts_Schwann_human_2023-06-22  Hybrid Ridge 12.99 15.59 037 0.84 3,400 2,400
SKM_myonuclei2myofiber_human_2023-06-22  Baseline Ridge 10.35 1549 035 0.70 3,400 3,400
SKM_myonuclei2myofiber_human_2023-06-22  Hallmark Ridge  14.60 20.54 -0.14 0.41 3,400 3,400
SKM_myonuclei2myofiber_human_2023-06-22  Hybrid Ridge 11.81 15.80  0.33 0.66 3,400 3,400
SKM _Endothelium_SMC_human_2023-06-22 Baseline Ridge 21.19 25.08 -0.64 0.66 3,400 2,400
SKM _Endothelium_SMC_human_2023-06-22 Hallmark Ridge  18.08 21.90 -0.25 0.28 3,400 2,400
SKM _Endothelium_SMC_human_2023-06-22 Hybrid Ridge 16.72 19.11  0.05 0.67 3,400 2,400
SKM _MuSC_human_2023-06-22 Baseline Ridge ~ 22.78 2599 -0.76 0.72 3,400 2,400
SKM _MuSC_human_2023-06-22 Hallmark Ridge  17.17 20.69 -0.11 0.41 3,400 2,400
SKM _MuSC_human_2023-06-22 Hybrid Ridge 20.64 23.69 -0.46 0.78 3,400 2,400
SKM_myonuclei_human_2024-04-14 Baseline Ridge 5.24 7.16  0.87 0.95 3,400 2,600
SKM_myonuclei_human_2024-04-14 Hallmark Ridge  22.56 26.79  -0.81 0.49 3,400 2,600
SKM_myonuclei_human_2024-04-14 Hybrid Ridge 9.68 11.13  0.69 094 3,400 2,600
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L HALLMARK GENE SET FRAMEWORKS AND CROSS-FRAMEWORK OVERLAP

This appendix documents the biological gene-set frameworks used to construct binary hallmark
classifiers, define hallmark-space representations, and contextualize residual structure in the Hall-
markAge pipeline. We include canonical Hallmarks of Aging (2013), the expanded Hallmarks of
Aging (2023), the Hallmarks of Stem Cell Aging (2025), the OpenGenes mechanism-level annotation,
and a restricted overlap set of genes shared across frameworks. These frameworks are treated as

structured biological priors rather than mechanistic ground truth.

L.1 HALLMARKS OF AGING (2013)

Table S6: Canonical Hallmarks of Aging (2013) and representative gene sets.

Hallmark

Representative gene set

Genomic instability

Telomere attrition
Epigenetic alterations

Loss of proteostasis
Deregulated nutrient sens-
ing

Mitochondrial dysfunction

Cellular senescence

Stem cell exhaustion
Altered intercellular com-
munication

TP53, ATM, ATR, CHEK1/2, BRCA1/2, RADS51, PARP1, H2AFX, MREL11,
XRCC5/6, LIG4

TERT, TERC, DKC1, TERF1/2, POT1, TINF2, RTEL1, WRAP53
DNMT1/3A/3B, TET1/2/3, EZH2, SUZI12, EED, HDAC1/2, SIRT1/6,
KDM6A, SETD2

HSPAIA, HSP90AA1, DNAJB1, HSF1, BAG3, UBB, SQSTM1, VCP, PSMB5
IGFIR, INSR, MTOR, AKT1, FOXO1/3, PRKAAI, SIRT1/6

PPARGCI1A, TFAM, POLG, NDUFS1, SDHA, COX4I1, SOD2, PINKI,
PRKN

CDKN2A, CDKNI1A, TP53,RB1, LMNBI, IL6, CXCLS8, SERPINEI1, TGFB1
FOXO03, TERT, BMI1, MYC, CDKN2A, TP53, NOTCH1, WNT3A

TNF, IL1B, IL6, TGFB1, IFNG, NFKBI1, STAT1/3, JAK1, SOCS3

Source: Lépez-Otin et al. (2013).

L.2 HALLMARKS OF AGING (2023)

Table S7: Expanded Hallmarks of Aging (2023) and representative gene sets.

Hallmark (2023)

Representative gene set

Genomic instability

Telomere attrition
Epigenetic alterations

Loss of proteostasis
Disabled macroautophagy
Deregulated nutrient sens-
ing

Mitochondrial dysfunction

Cellular senescence

Stem cell exhaustion
Altered intercellular com-
munication

Chronic inflammation
Dysbiosis

TP53, ATM, ATR, CHEK1/2, BRCA1/2, RAD51, PARP1, H2AFX, MRE11,
NBN, XRCC5/6, LIG4

TERT, TERC, DKC1, TERF1/2, POT1, TINF2, ACD, RTEL1, WRAPS53
DNMT1, DNMT3A, TET2, EZH2, HDACI1, SIRT1/6, KDM6A, SETD2,
KMT2D

HSPA1A, HSP90AA1, DNAJB1, HSF1, BAG3, UBB, SQSTM1, VCP, PSMB5
BECNI1, ATGS5/7/12, MAP1LC3B, SQSTM1, ULK1/2, TFEB, LAMP1/2
IGFIR, INSR, MTOR, RPTOR, AKT1, FOXO3, PRKAAL, SIRT1/6

PPARGCIA, TFAM, NDUFS1, SDHA, COX4I1, ATPSF1A, SOD2, PINK1,
PRKN, MFN2

CDKN2A, CDKNI1A, TP53, SERPINEL, IL6, CXCLS8, CCL2, MMP3, TGFB1
SOX2, BMI1, LGR5, PROM1, FOX03, CDKN2A, TP53, NOTCH1, WNT3A
NFKBI1, RELA, STAT3, IL6, IL1B, TNF, TGFB1, ICAM1, VCAM1, CXCL10

NFKB1, RELA, IL1B, TNF, IL6, IFNG, NLRP3, CASP1, IL18
TLR4, TLR2, MYDS8, NFKB1, IL1B, TNF, REG3A, DEFB1, MUC2

Source: Lopez-Otin et al. (2023).
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L.3 HALLMARKS OF STEM CELL AGING (2025)

Table S8: Hallmarks of Stem Cell Aging (2025) and representative gene sets.

Stem cell aging dimension Representative gene set

Depth of quiescence CDKNI1A/B, RB1, BTG1/2, HESI, ID1; MYC, CCNDI1, MKI67;
CPT1A, ACADM; MTOR, RPTOR

Self-renewal propensity SOX2, BMI1, MYC, FOX03, HMGA2, DNMT3A, TET2, TP53,
NOTCHI, WNT3A

Fate of progeny WNT3A, CTNNBI1, AXIN2; NOTCHI, HES1; TGFB1, COL1A1/2;
SPI1, CSFIR

Resilience TP53, ATM, ATR, H2AFX; BAX, BCL2; SOD2, GPX4; NOTCH1

Population heterogeneity DNMT3A, TET2, TP53, ASXL1, JAK2, SF3B1, SRSF2

Source: Rando et al. (2025).

L.4 OPENGENES AGING MECHANISMS

Table S9: OpenGenes mechanism-level annotation of top aging-related genes.

Mechanism # of genes Representative genes
Transcriptional alterations 444  TP53, MYC, FOXO03, STAT3, NFKB1
Intercellular communication impair- 204 1IL6, TNF, IL1B, TGFB1

ment

Nuclear DNA instability 201 TP53, ATM, ATR, CHEK1, H2AFX
Proteolytic system degradation 193 PSMBS, VCP, SQSTM1, UBB

ROS accumulation 165 SOD2, GPX4, GCLC

Sterile inflammation 131 NFKBI, RELA, IL1B, NLRP3
Mitochondrial integrity and biogene- 110 PPARGCIA, TFAM, PINK1, PRKN
sis

Stem cell exhaustion 49 SOX2, BMI1, FOXO03

Source: OpenGenes database (Rafikova et al., 2024).
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L.5 OPENGENES SUMMARY MECHANISM GENE SETS

In addition to the fine-grained OpenGenes Full TSV annotations (Table S9), we constructed a reduced
OpenGenes Summary gene-set framework that aggregates closely related mechanisms into higher-
level biological programs. This summary representation is designed to (i) reduce redundancy across
overlapping OpenGenes categories, (ii) stabilize classifier training in small-sample regimes, and (iii)
align OpenGenes mechanisms with canonical aging hallmarks and system-level failure modes.

The OpenGenes Summary gene sets are not intended to be exhaustive, but instead to represent robust,
interpretable mechanism-level signals that recur across multiple aging studies and tissues.

Table S10: OpenGenes Summary mechanism-level gene sets used for hallmark classifier construction.

Summary mechanism

Representative gene set

Nuclear DNA instability

Alterations in DNA methylation
Chromatin remodeling
Impairment of proteostasis

Disabled macroautophagy
Accumulation of reactive oxygen
species

Mitochondrial integrity and biogene-
sis impairment

Intercellular communication impair-
ment

Chronic inflammation / inflammaging
ECM remodeling and fibrosis

Stem cell exhaustion

Nutrient sensing dysregulation

TP53, ATM, ATR, CHEKI1, CHEK2, H2AFX, BRCAI,
BRCA2, RADS1

DNMT1, DNMT3A, DNMT3B, TET2, TET3, EZH2, SETD2
EZH2, SUZ12, EED, KDM6A, HDAC1, HDAC2, SMARCA4
HSPA1A, HSP90AA1, DNAJB1, BAG3, SQSTMI1, VCP,
PSMBS5

BECNI1, ATGS, ATG7, MAP1LC3B, ULK1, TFEB, LAMP1
SOD2, GPX4, GCLC, PRDX1, CAT

PPARGCI1A, TFAM, PINK1, PRKN, MFN2, NDUFS1
IL6, TNF, IL1B, TGFB1, STAT3, NFKB1

NFKB1, RELA, IL6, IL1B, TNF, NLRP3, CASP1
TGFB1, COL1A1, COL1A2, FN1, ACTA2, MMP2

SOX2, BMI1, FOX03, NOTCH1, WNT3A
IGFIR, INSR, MTOR, RPTOR, AKT1, PRKAA1, FOXO3

Source: Curated summary of OpenGenes mechanisms derived from the OpenGenes database (Rafikova et al., 2024).
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L.6 LLM-UNIFIED HALLMARKS OF AGING

The LLM-derived “unified” hallmark schema here is used as a biological prior for hallmark classi-
fiers. The intent is to (i) reduce redundancy across canonical hallmark taxonomies, (ii) emphasize
classifier-stable signals observable in single-cell and multimodal assays, and (iii) represent aging
state as mutually exclusive high-level failure modes spanning damage, maintenance, signaling, and

regeneration.

Table S11: LLM-unified hallmarks of aging and representative classifier genes, measurement modes,

and longevity angles.

Unified hallmark Captures Strong classifier genes (ex.) Best Longevity
mea- angle
sured

Genome integrity failure DNA damage, replication stress, TP53, ATM, ATR, CHEK1/2, RNA+ATAODR tun-

Epigenetic drift / chro-
matin remodeling
Proteostasis collapse

Autophagy / lysosome
impairment

Mitochondrial dysfunc-
tion + ROS

Nutrient sensing mis-
tuning

Inflammaging / innate
activation

Cellular senescence +
SASP

Stem cell exhaustion

Intercellular communica-
tion breakdown

ECM remodeling / fibro-
sis

Stress resilience capac-
ity

Clonal selection / mo-
saicism

Barrier + vascular dys-
function
Translation economy

faulty repair

Chromatin state drift — transcrip-
tional noise

Misfolding, UPS/ER decline

Reduced cellular recycling

ETC imbalance, oxidative stress

mTOR/IGF vs maintenance imbalance

Chronic NFxB / IFN tone

Growth arrest + secretory load

Loss of renewal, lineage bias
Maladaptive tissue/niche signaling
Matrix stiffening, scarring

Recovery from genotoxic/metabolic
stress

Expansion of advantaged clones
Endothelial transport failure

Ribosome—proteome coupling shifts

H2AFX, BRCA1/2, RADS1
DNMTI1/3A, TET2, EZH2,
HDAC1/2, KDM6A

HSPAI1A, HSP90AAL,
BAG3, SQSTMI, VCP,
PSMB5
BECNI, ATG5/7,
MAPILC3B, TFEB,
LAMP1/2

PPARGCI1A, TFAM, SOD2,
GPX4, PINK1, PRKN

MTOR, RPTOR, AKTI,
IGFIR, PRKAA1, FOXO3

NFKB1, RELA, IL1B, TNF,
IL6, NLRP3

CDKN2A, CDKNI1A, IL6,
CXCLS, TGFB1
SOX2, BMII,
NOTCHI, WNT3A
IL6, TNF, TGFB1, JAK1/2,
ICAM1

TGFB1, COL1A1/2, FNI,
ACTA2

ATM,  TP53,
NFE2L2, ATG7
DNMT3A, TET2, ASXLI,
JAK2, TP53

FOXO03,

SOD2,

ICAMI1, VCAMI, VWE,
KDR, NOS3

EIF4EBP1, RPS6, EEF2,
NCL

ing

RNA+ATAEpigenetic
reset

RNA Chaperone

/  pro- & UPS

teome

RNA Autophagy

/  pro- boost

teome

RNA Mitophagy

/  pro- & redox

teome

RNA mTOR/AMPK

/  pro-

teome

Plasma + Anti-

RNA inflammatory

RNA / Senolytics

plasma

scRNA  Stemness
restore

Plasma + Signal re-

RNA calibration

Proteome Anti-
fibrotic

Multi- Resilience

omic hubs

DNA- Clone con-

seq / trol

scRNA

Plasma  Vascular
repair

RNA Translation

/  pro- tuning

teome

Mutually exclusive, classifier-stable hallmarks spanning molecular damage, maintenance capacity, signaling, and regenerative state — optimized
for single-cell and multimodal aging clocks.
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L.7 OVERLAPPING CORE AGING GENES ACROSS HALLMARK GENE SETS

Table S12: Fifteen genes shared across Hallmarks of Aging (2023), Hallmarks of Stem Cell Aging
(2025), and OpenGenes, grouped into biological modules and mapped to their originating hallmark
gene sets.

Module Gene HoA 2023 hallmark(s) SCA 2025 hallmark(s)
ATM Genomic instability Resilience
Damage & Siress response ATR Genomic instability Resilience
g P TP53 Genomic instability; cellular ~ Self-renewal propensity; re-
senescence; stem cell exhaus- silience; population hetero-
tion geneity
SOD2 Mitochondrial dysfunction Resilience
SOX2 Stem cell exhaustion Self-renewal propensity
BMI1 Stem cell exhaustion Self-renewal propensity
Stemness & fate control NOTCH1 Stem cell exhaustion Self-renewal propensity; fate
of progeny; resilience
WNT3A Stem cell exhaustion Self-renewal propensity; fate
of progeny
LGRS Stem cell exhaustion Fate of progeny
MTOR Deregulated nutrient sensing Depth of quiescence
Metabolic / quiescence control RPTOR Deregulated nutrient sensing  Depth of quiescence
FOXO03 Deregulated nutrient sensing;  Self-renewal propensity
stem cell exhaustion
Epigenetic aging EZH2 Epigenetic alterations Population heterogeneity
Senescence / quiescence eatin CDKNIA  Cellular senescence Depth of quiescence
) d gatng TGFBI1 Cellular senescence; altered Fate of progeny

intercellular communication

Sources: Lépez-Otin et al. (2023); Rando et al. (2025); Rafikova et al. (2024).
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M MAPPING HALLMARKS TO ANTI-AGING INTERVENTIONS

Anti-aging strategy Hallmark of aging

stem cell therapy

stem cell exhaustion

parabiosis .
altered intercellular communication

senescent cell elimination ; .
inflammaging

autophagy enhancement -
phagy - cellular senescence

metabolic manipulation I dysbiosis

physical exercise I

caloric restriction

. epigenetic alterations
4 \‘ .
*. I loss of proteostasis
l impaired autophagy

1| deregulated nutrient sensing

I mitochondrial dysfunction
cellular reprogramming I
= l genomic instability
telomere reactivation

telomere attrition

disorders in RNA processing

Figure S15: Hallmarks can be selectively targeted through specific anti-aging interventions, including
combinatorial therapeutic strategies (Tenchov et al., 2024).

34



Published at the GEM workshop, ICLR 2026

N SECONDARY EVALUATION ON MULTIPLE CELL-TYPES

Table S13: Summary statistics for datasets used in this study across major skeletal muscle cell aging
atlases and Tabula Sapiens. The combined dataset contains 1,399,647 cells across 29,400 genes. Data
were aggregated into 24,800 pseudobulk metacells using 4,000 highly variable genes (HVGs). Mean
ages across datasets is weighted by number of cells per dataset. Results shown in Fig. S16.

Dataset Neells  Mdonors ~Minimum age Maximum age Mean age
FAP (OMIX004308-03) (Lai et al., 2024) 23,504 22 15 92 75.02
Endothelium & SMC (Kedlian et al., 2024) 19,317 12 17.5 72.5 42.01
Muscle Stem Cells (MuSC) (Kedlian et al., 2024) 17,528 12 17.5 72.5 42.65
Fibroblasts & Schwann Cells (Kedlian et al., 2024) 20,611 12 17.5 72.5 46.79
Immune Cells (Kedlian et al., 2024) 20,321 12 17.5 72.5 57.67
Myonuclei (Myofiber-associated) (Kedlian et al., 2024) 87,522 17 17.5 72.5 50.25
Myonuclei (Kedlian et al., 2024) 74,626 13 17.5 72.5 49.05
Tabula Sapiens (Kedlian et al., 2024) 1,136,218 24 22 74 55.36
Total 1,399,647 63 15 92 55.33
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Figure S16: Age prediction performance across feature spaces combining two muscle aging atlases
(Kedlian et al., 2024; Lai et al., 2024) and Tabula Sapiens (Consortium, 2020). Hybrid transcriptomic-
hallmark model achieves an 7 of 0.80 and an R? of 0.62 across different cell types from 28 organs,
each including various tissue types, collected from 63 unique donors as described in Tab. S13.
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