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Aging is invertible & heterogeneous 

Scientific Questions
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What causes aging? 

How to quantify aging and aging 
variability/heterogeneity? 

How to slow down aging? 

How to have successful aging? 



Chronological age vs biological age

Chronological age Biological age

Time since birth: Ticks away 

with the course of time and is 

based on the day you were born

Adapted from M. L. Elliott et al. Nat. Aging 1, 295–308 (2021), Springer Nature 3

Focus



What is Age Acceleration?

Fact: Individuals with the same chronological age can age at very different biological rates. 

                        BA < CA  ⇒  slower aging  vs BA > CA  ⇒  faster aging

Slower 

Aging

Faster 

Aging
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The Line of Eden



Discovery of Telomere Shrinkage

Telomere shrinks in the cycle of cell division 
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What is epigenetic clock?

● Biological clock measures biological 

age via different biomarkers in 

multiple organ systems.

● Epigenetic clock: a specific type of 

biological clock, relies on changes in 

DNA methylation (DNAm) as a marker 

of cellular evolution and reproduction, 

which may be influenced by social 

and environmental determinants.  
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Quantify Biological Age and Age Acceleration
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Hundreds of Epigenetic Clocks Have Been Proposed

Each clock is trained on DNAm from different cell types/tissues/cohorts, resulting in feature subsets for a prediction model.

Original training datasets are not available but selected CpG sites and loading coefficients are published.

Challenge: Too many clocks (prediction models) established with various samples and cohorts!  
 
Question:  Which one(s) should be used?   Fishing?!   

Clock Reference Tissue # CpGs Method Description

Horvath Horvath (2013) Multi-tissue 353 Elastic net Chronological age

Hannum Hannum et al. (2013) Whole blood 71 Elastic net Chronological age

Zhang (Mortality) Zhang et al. (2017) Peripheral blood 10 Elastic net Mortality risk

PhenoAge Levine et al. (2018) Blood 513 Elastic net Phenotypic age

Skin & Blood Horvath et al. (2018) Skin, blood 391 Elastic net Chronological age

GrimAge Lu et al. (2019) Blood 1,030 Elastic net Mortality risk

DNAmTL Lu et al. (2019) Blood 140
Elastic net

Telomere length proxy

PedBE McEwen et al. (2020) Buccal 94 Elastic net Pediatric age

Zhang (EN) Zhang et al. (2019) Blood + saliva 514 Elastic net Chronological age

DNAm IC Fuentealba et al. (2025) Blood 91 Elastic net Intrinsic capacity
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An Example: PedBE clock (McEwen et al., 2020)

ELEMENT Cohort: 

o  601 children in adolescent period 

o  8-18 years  
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• Lack of transportability

• Need a “better” clock that is 

transportable, and little 

dependent on used training data 

• Perform certain calibration on a 

clock towards target data under 

investigation

• Balance transportability and 

adaptiveness



Meta-Clock:  Transportability and Adaptiveness 

Objective: Integrate existing clocks with new target data to yield a more 

accurate, robust, adaptive and transportable “meta-clock”.
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෠𝜃 = g(𝜇 𝑥1 , 𝜎 𝑥2 ] 

Consider two clocks: 

𝜃

𝜇 𝑥1 𝜎 𝑥2

𝐴1 𝐴2



Pool multiple data sources 
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Transportability Adaptiveness



Neural Network Machinery

● Retain the structure of the established 

and well-validated models 

● Generates new local clocks using new 

DNAm data with dimensionality 

reduction

● Let NN think and output integration, 

allowing for interplays across different 

clocks

● Enable multi-channel convolutions of 

existing and new clocks, superior over 

the conventional model averaging. 
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Meta-clock via integration of predictions 

transportability

Adaptiveness

Optimally mix the two by NN
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Local clocks with no transportability



Theoretical Guarantees

●
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Main Theorem
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Hölder function class

●
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Competing Models: Training with Transportability of Existing Clocks
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Model Name Info from existing clocks Target data Model Training

S1 Off-the-shelf Existing model/clock No No

S2 Target-only None Top-hit CpGs EN or NN

S3 Feature-

augmented

Selected CpGs in Clocks Top-hit CpGs EN or NN

S4 Coefficient-

augmented

Coefficients (Loadings) in Clocks Top-hit CpGs Transfer 

Learning with EN

S5 Prediction-

augmented 

Predicted ages by Clocks Top-hit CpGs EN or NN



Application

● 601 children from Early Life Exposure in Mexico to Environmental Toxicants 

(ELEMENT) cohort aged 8-18 who experience fast growth and development (height, 

sexual maturation, cognitive functions), a critical time window for biological aging. 

● Outcome data: Demographic data, including chronological age

● DNAm array data: 850K DNA methylation data
○ Apply univariate pre-screening by Pearson correlation to select the top-hits of 500 CpG sites.

○ Yield 1,095 unique CpGs in the combination.

● Data Split: 𝑁train = 481, 𝑁valid = 60, and 𝑁test = 60, repeat 20 times
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Selection of existing clocks to create a meta-clock

● Two clocks with correlations of 0.8 or bigger between the predicted and 

chronological age

● Horvath’s Skin & Blood clock: trained on DNAm from dermal and hematopoietic 

tissues and widely applied to whole-blood DNAm. 

o It has the best predictive performance among many existing clocks and serves as 

the off-the-shelf model

● PAYA clock: Developed for adolescents and young adults
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Results: Comparison with the best off-the-shelf clock
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Mean absolute error (MAE), median absolute error (MedAE), and correlation between predicted and observed ages.

S1: the Horvath Clock

S3: Combining features

Local clock: NN with local features 

Meta-clock: NN 



Results
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Mean absolute error (MAE), median absolute error (MedAE), and correlation between predicted and observed ages on the test data.

S2: training with local features

S5: combining predicted ages

EN vs NN

S4: EN with TL on coefficients

S3: combining features

EN vs NN

Local clock: NN with local features 

Meta-clock: NN 

Focus on:  

• With or with transportability

• EN vs NN



Take-home messages 
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NN-based integration framework 

allows to identify new biological 

features relative to existing ones, 

leading to new insights and 

knowledge in the understanding of 

epigenetic aging mechanism. 

Incorporating information from existing 
clocks helps improve prediction. 

Information from exiting clocks is more 
important than the choice of model type 
between EN (linear) and NN (nonlinear). 



Learning from the NN Model: Derived local clocks

● Low redundancy 

○ Average Jaccard similarity between latent nodes = 0.10 (maximum = 0.16), indicating 

minimal feature overlap.

● Near-orthogonality among latent dimensions

○ Mean absolute off-diagonal cosine similarity = 0.12 (maximum = 0.26), suggesting that 

the latent representations are nearly orthogonal and capture distinct feature subspaces.
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Biological Relevance
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The latent nodes (local clocks) 

recapitulates the dual 

architecture of epigenetic aging:

Promoter/Polycomb-linked sites 

tend to gain methylation with age, 

whereas distal regulatory regions 

tend to lose it.



Concluding Remarks

● Importance of prior info: Integrate information from existing clocks help build robust biological age 

clocks, the meta-clock is shown consistently as a top-performer across diverse simulation settings and 
real-world empirical studies. 

● Yield of local clocks: New local clocks are yielded that provide new biological insights on the 

relationship between DNAm and aging beyond what existing clocks cover. 

● Small-sample regimes: When n is not large, simple transfer strategies, such as feature pooling and 

elastic net, are recommended as there is no clear gain of prediction accuracy from the choice of 

nonlinearity.

● Methodological flexibility:  The meta-clock framework is applicable to second-generation clocks with 

other aging-related outcomes such as healthspan and mortality.

● Latent dimension selection: Predictive accuracy improves as the number of latent nodes/clocks (k) 

increases and then plateaus. A future work on the choice of k is needed. 
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Thank for Your Attention! 

Questions? 
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Elastic-net penalized regression for an epigenetic clock
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