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Conventional epigenetic clocks encounter challenges in generalizability,
especially when there are pronounced batch effects between the training

and test datasets, restricting their clinical applicability for aging assessment.
Here we present MAPLE, a robust computational framework for methylation
age and disease-risk prediction through pairwise learning. MAPLE utilizes
pairwise learning to discern the relative relationships between two DNA
methylation profiles regarding age or disease risk. It effectively identifies
aging- or disease-related biological signals while mitigating technical
biasesin the data. MAPLE outperforms five competing methods, achieving
amedian absolute error of 1.6 years across 31 benchmark tests from

diverse studies, sequencing platforms, data preprocessing methods

and tissue types. Furthermore, MAPLE performs well when assessing
aging-related disease risk, with mean areas under the curve of 0.97 for
diseaseidentification and 0.85 for pre-disease status detection. Overall,

we show that MAPLE has great potential for assessing epigenetic age and
aging-related disease risk clinically.

Aging is characterized by increasing morbidity and a concomitant
declinein quality of life, both of which impose substantial social and
economic burdens’. Breakthrough studies in recent decades have
indicated that it is feasible to extend both lifespan and healthspan
through interventions such as caloric restriction and partial epige-
netic reprogramming®’. However, the clinical application of aging
interventions requires precise measurements of biological age and
aging rates.

DNA methylation (DNAm) is the covalent attachment of amethyl
group to the fifth carbon of a cytosine residue and typically occurs
at cytosine-guanine dinucleotides (CpGs) in mammals. DNAm
alterationisahallmark of aging®. For example, DNAm tends to increase
with age at certain CpGislands, particularly at Polycomb target genes

and promoters of tumor suppressor genes’. These cumulative changes
in DNAm probably establish an age-related transcriptional program®.
Consequently, genome-wide DNAm can serve as an estimator of
biological age®. However, the performance of current epigenetics
clocks might be influenced by multiple factors, including sequencing
platform, data preprocessing method, tissue type and population,
which pose challenges to their clinical application”. These clocks,
such as the Horvath clock’ and HannumAge®, predominantly rely on
linear models such as LASSO, which restrict their predictive capabili-
ties for epigenetic age. Another line of research, such as AltumAge'°,
uses deep learning models but does not adequately address batch
effects between different datasets during modeling. Consequently,
these clocks might have incorporated technical biases unrelated to
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aginginto their models, hindering their ability to generalize effectively
tounseendatain complex clinical settings. In addition,in DNAm data-
sets used for training, the number of features often greatly exceeds
the number of samples, which increases the risk of overfitting and
impairs the model’s generalizability. This phenomenon is commonly
referred to as the high-dimensional, low-sample-size problem in
machine learning. Therefore, there is a critical need for a generaliz-
able DNAm clock that can eliminate technical biases while preserving
aging-related biological signals, enabling accurate measurement of
human aging processes.

Although epigenetic clocks offer a valuable measure of epigenetic
age, reliance solely on epigenetic age proves insufficient for recom-
mending targeted interventions to combat aging. Type 2 diabetes
(T2D) and cardiovascular diseases (CVD) are prevalent globally, and
agingisidentified as the predominant risk factor for both diseases™".
Early diagnosis and interventions can delay the onset of T2D and CVD,
enhancethe quality of life for at-risk populations and potentially reduce
associated mortality™'*, Therefore, utilizing DNAm profiles for risk
assessment of aging-related diseases, such as T2D and CVD, is crucial
for personalized aging interventions and health management.
Similar to epigenetic clocks, existing risk assessment models for
T2D and CVD, often based on linear models such as the Cox propor-
tional hazards regression model (Cox model)™¢, encounter pro-
nounced generalizability challenges when applied across different
studies and sequencing platforms.

Deep pairwise learning, commonly referred to as Siamese net-
works, represents a class of neural network architectures that com-
prise two subnetworks sharing identical parameters and weights.
This approach has been widely applied in various domains, includ-
ing face recognition, voice recognition and visual tracking, among
others”. Pairwise learning demonstrates promising potential
in addressing the aforementioned challenges such as the high-
dimensional, low-sample-size problem and the risk of overfitting to
training datasets'. In this Article, we present MAPLE—a robust com-
putational framework for methylation age and disease-risk prediction
based on pairwise learning. MAPLE predicts the differences in epige-
netic age or disease risk between any two samples by comparing their
DNAm profiles, thereby encoding DNAm data from diverse sources
into a unified latent space. This approach enables the effective dis-
tinction of samples with different aging or disease statuses. Conse-
quently, MAPLE can consistently outperform traditional epigenetic
clocks across varied studies, sequencing platforms, data preprocessing
methods and tissues. Furthermore, MAPLE is capable of providing
precise risk assessments for aging-related diseases and accurately
identifying pre-disease states. Its robust and accurate performancein
epigenetic age and disease risk evaluation paves the way for the clinical
application of DNAm sequencingin aging assessment and intervention.

Result

Overview of MAPLE

A critical challenge in the clinical application of epigenetic clocks
is the robust and accurate prediction of epigenetic age for unseen
DNAm datasets, regardless of variations in sequencing platforms,
data preprocessing methods, populations or tissue types (Fig. 1a).
MAPLE addresses this challenge by mitigating inherent batch effects
among datasets through pairwise learning. Although the distribution of
DNAm profiles may differ across datasets owing to varying datasources
or data preprocessing methods, the ages of the samples from differ-
ent datasets remain comparable. By predicting the age difference
between any two DNAm profiles, MAPLE encodes the DNAm datainto
aunified latent space that preserves aging-related information while
eliminating batch effects resulting from data heterogeneity. In addition,
the pairwise construction of samples leads to a quadratic increase in
the number of training samples, enabling MAPLE to be thoroughly
trained and reducing the risk of overfitting.

MAPLE is capable of predicting epigenetic age through a two-step
training procedure conducted entirely on the training data. First,
MAPLE uses pairwise learning to train a Siamese network as the
encoder, which integrates DNAm profiles from diverse sourcesinto a
unified latent space. Specifically, two samples are randomly selected
fromthe training data, and their DNAm profiles are input into the same
encoder, generating embeddings within the latent space (Fig. 1b).
These embeddings are subsequently used to predict the differencein
chronological age between the two samples (Fig. 1d). Once the encoder
has been adequately trained, an age predictor is constructed to esti-
mate the age of asample on the basis of its corresponding embedding
(Fig.1b). Duringinference, the DNAm profiles of the test samples, which
are not used during training, are passed through the trained encoder
and age predictor to generate its predicted epigenetic age (Fig. 1c).

Inthe training of diseaserisk prediction models, traditional linear
models are utilized to generate disease risk scores, which serve as the
learning objective for pairwise learning. Because these scores are
only comparable within the same dataset (Supplementary Fig. 1), we
proposetolearntherisk score difference between two samples within
the same dataset using pairwise learning (Fig. 1e). Analogous to the
epigenetic age prediction, an encoder is trained on the training data
to extract disease-related epigenetic signals. Subsequently, a disease
predictoris constructed to classify the disease type on the basis of the
generated embedding, thereby integrating supervised disease label
information into the model (Fig. 1b). During inference, test samples
not seen during training are processed through the trained encoder
to generate theirembeddings. Disease risk scores are then calculated
based onthe distancesinthe embeddingspace (Fig. 1c; for details, see
the Methods).

Systematic benchmarking to study MAPLE’s performance in
epigenetic age prediction

A clinically valuable epigenetic clock must accurately and reliably
predict epigenetic age for unseen DNAm data across diverse platforms,
preprocessing pipelines and tissues. To evaluate MAPLE’s generalizabil-
ity, we design two comparison scenarios encompassing 31 benchmark
tests under various biological and technical conditions.

In the first comparison scenario, we assess performance on
blood DNAm datasets containing technical biases. Six independent
test datasets derived from Illumina Infinium Methylation450 (450K)
and lllumina Infinium MethylationEPIC (EPIC) arrays are preprocessed
using three common methods (Subset-quantile Within Array Normali-
zation (SWAN)", Beta MIxture Quantile dilation (BMIQ)*° and Gaussian
Mixture Quantile Normalization (GMQN)?), yielding 24 benchmark
tests. In the second comparison scenario, we focus on the epige-
netic age estimation in nonblood samples, which is crucial for aging
biology research of different tissues. Performance was quantified by
the median absolute error (MAE) and Pearson correlation coefficient
(PCC) between predicted and chronological age.

To investigate the contribution of pairwise learning, we com-
pare MAPLE with a multilayer perceptron (MLP) baseline sharing the
same architecture but trained to predict absolute rather thanrelative
age.Inthefirst scenario, MAPLE achieves amean MAE of 1.45and PCC
of 0.97, while the MLP baseline yields a mean MAE of 4.14 and PCC of
0.88 (Fig.2aand Supplementary Fig.2a). MAPLE also outperforms the
MLP baseline in nonblood datasets (Fig. 2b and Supplementary Fig. 2b).
These results underscore the importance of pairwise learning in
improving epigenetic age prediction.

We further compare MAPLE with five state-of-the-art epigenetic
clocks, including HorvathAge’, HannumAge®, PhenoAge?, AltumAge™®
and cAge®. Inthe first comparison scenario, across the six raw datasets,
MAPLE achieves the best performance with an average MAE of 1.40
and PCCof 0.97, whereas HorvathAge (MAE 4.90, PCC 0.87) and Pheno-
Age (MAE5.63,PCC0.81) perform worst because they cannot adapt to
EPIC array data (Fig. 2a and Supplementary Fig. 2a). MAPLE remains
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Fig.1|Overview of MAPLE. a, Heterogeneity in DNAm data. In clinical settings,
methylation profiles are collected from diverse populations, sequencing
platforms and tissue types. b, Training pipeline of MAPLE. An encoder is first
trained using pairwise learning to map training methylation profiles from
different sourcesinto a unified embedding space. A predictor is subsequently
trained on the resulting embeddings to estimate either epigenetic age or disease
status. The embedding space preserves age or disease-related epigenetic

signals while minimizing confounding factors. ¢, Inference with MAPLE. The
trained model takes methylation data from the test set as input to predict the
corresponding epigenetic ages and disease risk scores. d,e, Pairwise learning
strategies used for training: pairwise learning is applied to predict chronological
age differences between two samples from different datasets for epigenetic age
prediction (d); pairwise learning is applied to predict disease risk differences
between two samples within the same dataset for disease risk prediction (e).
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Fig. 2| Performance of MAPLE and six competing methods across 31bench- indicated on the left. The seven methods are ordered from left to right by
mark tests. a, Heatmap showing the MAEs of epigenetic age prediction across increasing mean MAE. b, Heatmap showing MAEs of age prediction across
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profiled using the 450K array. Methylation data preprocessing methods are
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highly stable across preprocessing pipelines, with MAEs of1.61,1.47 and
1.29for the SWAN, BMIQ and GMQN methods, respectively (Fig.2a). By
contrast, HannumAge, AltumAge and HorvathAge show large perfor-
mance drops when preprocessing methods change. For example, the
MAEs of HannumAge, AltumAge and HorvathAge increase to 6.12,7.32
and 8.36, respectively,in BMIQ-processed data (Fig. 2a). In the second
comparison scenario, MAPLE again achieves superior performance
on nonblood datasets, with an averaged MAE and an averaged PCC
of 2.30 and 0.95, respectively (Fig. 2b and Supplementary Fig. 2b). In
comparison, AltumAge and HorvathAge record averaged MAEs of 5.22
and>5.75, while cAge, HannumAge and PhenoAge exhibit averaged MAEs
exceeding10.0 (Fig.2b). Across all 31benchmarks, MAPLE achieves the
lowest mean MAE (1.61), outperforming the second-ranked (cAge, MAE
3.86) and third-ranked methods (AltumAge, MAE 5.46), confirming
its superior accuracy and robustness across datasets, preprocessing
methods and tissue types.

To evaluate batch-effect mitigation, we perform principal com-
ponent analysis (PCA) and principal variance component analy-
sis (PVCA). PCA of the MAPLE-derived embeddings reveals a clear
age-associated gradient, with samples from different tissues and
studies well intermixed (Supplementary Fig. 3a-d). By contrast, PCA
of the raw DNAm data shows clustering primarily driven by batch
effects (Supplementary Fig. 3e,f). PVCA further confirms that, after
MAPLE integration, the proportion of variance attributable to batch
effects decreases markedly from 0.88 to 0.53, while the proportion of
variance explained by age increases substantially from <0.01 to 0.42
(Supplementary Fig. 3). Together, these results demonstrate that
MAPLE effectively mitigates batch effects while enhancing biologi-
cally meaningful age-associated signals, ensuring robust performance
across heterogeneous datasets.

Aging-associated CpGs identified by MAPLE

The aim of an epigenome-wide association study (EWAS) isto examine
genome-wide epigenetic variants (predominantly DNAm level at CpGs),
to detect differences that are statistical associated with phenotypes
of interest. EWAS is helpful for deciphering disease etiology and to
identify disease-specific biomarkers. Traditionally, age-related CpGs
can be identified by EWAS. We select two independent aging-related
studies®*” and obtain their corresponding age-related CpG sets via the
EWAS Atlas database®. Although the two CpG sets show a significant
overlap (odds ratio (OR) 58.2, Pvalue <107), the genes colocalized
with the overlapping CpGs are enriched only in pathways related to
cell adhesion (Supplementary Fig. 4a,b).

By contrast, applying MAPLE with the integrated gradients (IG)
method to the same two datasets yields a substantially greater overlap
between the top 2,000 most informative CpG sites from each dataset
(OR4823.1, Pvalue <107') (Supplementary Fig. 4a; see the Methods for
details onthe selection strategy of attribution method and CpGsite).
The genes colocalized with the overlapping CpGs are significantly
enriched for Gene Ontology (GO) terms related to cell adhesion, organ
development and morphogenesis, cognition, cytokine production
and so on (Fig. 3a). These pathway enrichment results are consistent
with the literatures of aging biology”~*'. Collectively, these findings
indicate that MAPLE achieves accurate epigenetic age prediction by
prioritizing biologically meaningful CpGs that are mechanistically
involved inthe aging process.

Sex-specific aging trajectories and condition-associated
accelerated aging identified by MAPLE

Previousstudies have reported sex-specific differencesin aging trajec-
tories. In particular, menopause has been associated with accelerated
epigeneticaginginblood tissue,and women around the age of 50 years
are known to undergo substantial physiological changes related to
aging®**. This phenomenon probably reflects a sharper transition
in epigenetic aging during the menopausal period, in contrast to the

relatively steady progression of chronological age. As a result, female
individuals around menopausal age are expected to exhibitincreased
discordance between epigenetic and chronological age.

To test this hypothesis, we use MAPLE to predict epigenetic age
on held-out blood tissue datasets and calculate a rolling mean of the
absolute error between predicted epigenetic age and chronological age
to quantify the level of discordance. As shown in Fig. 3b, female indi-
viduals around age 52 exhibit a pronouncedincrease in absolute error,
whereas no comparable patternis observed in the male subgroup. Note
that most women undergo menopause between the ages of 45 and 55,
with the average age being approximately 52. This sex-specific trend
suggests that MAPLE effectively captures key biological processes
associated with menopause-related aging dynamics.

Inaddition, ithas been widely hypothesized that the estimated age
by epigenetic clocks canbe used to calculate age acceleration, defined
as the difference between estimated and actual chronological age,
which reflects variations in past rates of aging®*'***, A higher value of
age acceleration indicates a faster aging rate and an increased risk of
mortality and age-related diseases.

To assess whether the epigenetic age predicted by MAPLE
accurately reflects the rate of aging, we use several biologically
well-recognized examples of accelerated aging. Populations with Down
syndrome, human immunodeficiency virus (HIV) infection, smoking
habits, obesity and Alzheimer’s disease (AD) are all believed to experi-
enceaccelerated aging and higher mortality rate’>** . Inaccordance
with the findings of aging biology, MAPLE predicts that these popula-
tions with Down syndrome, HIV infection, smoking habits, obesity and
AD exhibit significantly higher age acceleration compared with con-
trolgroups (Fig. 3c-g and Supplementary Fig. 5a-c). Notably, MAPLE
detectssignificantage accelerationin the brain tissues of patients with
AD, but notintheir blood samples (Fig.3g and Supplementary Fig. 5d).
This finding demonstrates that nonblood tissues canreveal unique and
biologically relevant aging signals that may be missed by blood-based
analyses alone, further underscoring the importance of cross-tissue
epigenetic age prediction for advancing aging biology research.

CVD risk assessment with MAPLE

Complex chronic diseases, such as CVD and T2D, are generally influ-
enced by genetic and environmental factors. DNAm is an important
epigenetic modification through which genetic variants and environ-
mental exposures impact disease risk, providing dynamic predictive
information for an individual’s disease risk.

Inthe progression of CVD, age is a strong nonmodifiable risk fac-
tor®®, Atherosclerosis (AS) is a pathological condition characterized
by the accumulation of plaques within the arterial walls, leading to
reduced blood flow and an elevated risk of heart attack and stroke®.
Coronary artery ectasia (CAE) is a condition characterized by abnor-
mally dilated coronary arteries, predominantly caused by AS, and is
associated with a worse prognosis*’. Stroke is a severe disease that is
defined as a neurological deficit attributed to an acute focal injury of
the central nervous system by a vascular cause, mostly due toembolism
from atherosclerotic plaque®.

MAPLE effectively integrates DNAm data from multiple studies
and can predict CVD risk. In the PCA plots of its embedding space,
younger control samples cluster in the lower left, whereas older and
unhealthy samples with stroke, CAE or arteriosclerosis appear in the
upper right (Fig. 4a,b). Samples from different studies are well mixed
(batchPVCAreduced from 0.78to 0.53; Supplementary Fig. 6), indicat-
ing that MAPLE maps heterogeneous batchesinto a unified embedding
capturing CVD-related epigenetic signals. Using these embeddings,
MAPLE computes a CVDrisk score for each sample. Among seven test
groups, stroke samples show the highest scores, while those aged
18-40 have the lowest (Fig. 4c). By contrast, the Cox model produces
inconsistent risk scores across datasets, failing to generalize to inde-
pendent cohorts (Fig. 4¢).
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Fig. 3| Capturing aging-related biological processes and detecting
accelerated aging with MAPLE. a, Bar plots showing enriched pathways of

the genes colocalized with age-related CpGs identified by MAPLE. Pathway
enrichment is evaluated using a one-sided hypergeometric test, with Pvalues
adjusted using the Benjamini-Hochberg method. The dotted gray line denotes
the adjusted significance threshold of 0.05. b, Dot plots showing the trajectory
ofthe 100-sample rolling mean of the absolute error between epigenetic and
chronological age across the lifespan. Each dot represents the mean absolute
error withinarolling window of 100 samples, with colors indicating sex. Solid
lines represent locally estimated scatterplot smoothing (LOESS) fits to the data,
and the shaded gray area denotes the 95% confidence interval. c-g, Box plots

showing age acceleration levels across populations with Down syndrome (c), HIV
infection (d), smoking (e), obesity (f) and AD (g), compared with their respective
control populations. Each dot represents the age-acceleration estimate derived
from one independent biological sample, defined as the DNAm profile froma
singleindividual. For c-d, the sample sizes are as follows: Down syndrome, n =29
cases and n =19 controls (blood); HIV, n =229 cases and n =45 controls (blood);
smoking, n =72 smokers and n =80 nonsmokers (blood); obesity, n = 84 cases
and n = 82 controls (muscle); AD, n = 64 cases and n = 63 controls (brain). Box
plots represent the median (center line) and the 25th and 75th percentiles (box
bounds), and the whiskers extend to 1.5x the interquartile range (IQR). Statistical
significance is evaluated using one-sided t-tests.

Furthermore, we compare MAPLE with the Cox model by evaluat-
ing their risk scores in distinguishing disease and pre-disease popula-
tions from controls. For stroke identification, MAPLE achieves an area
under the receiver operating characteristic curve (AUROC) of 0.98 and
anareaunder the precision-recall curve (AUPRC) 0of 0.90, substantially
outperformingthe Cox model (AUROC 0.69, AUPRC 0.13;Fig.4d,e).For
the identification of pre-disease status including CAE and AS, MAPLE
yields higher AUPRCs (0.41for CAE and 0.42 for AS) than the Coxmodel
(0.20 and 0.35, respectively; Fig. 4d,e). Notably, MAPLE maintains
superior performance even when the age distribution between positive

and negative samplesis balanced (Supplementary Fig. 7a,b). We further
assess whether the risk scores from both models could distinguish
three nonhealthy conditions from healthy controls. For stroke clas-
sification, MAPLE achieves an AUPRC exceeding 0.99, whereas the
Cox model reaches only 0.80 (Supplementary Fig. 7c,d), indicating
that MAPLE more effectively reduces false-positive classifications.
Overall, MAPLE consistently outperforms the Cox modelin detecting
both disease and pre-disease states associated with CVD.

An enrichment analysis of genes colocalized with CVD-related
CpG sites identified by MAPLE highlights its ability to capture CpG
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Fig.4|CVDrisk estimation from DNAm data with MAPLE. a,b, PCA
visualizations of methylation embeddings for training and test samples.Ina,
point colors represent sample age, whereasinb, point colors indicate disease
status related to CVD (Ngniro = 13,321, Ny = 1,118, Neag = 11, Ny o1 = 710). €, Box
plots comparing CVDrisk scores predicted by MAPLE (left) and the Cox model
(right) for different groups of test samples. Each dot represents the predicted
risk score for oneindependent biological sample, defined as the DNAm profile
fromasingle individual. The sample sizes for each group are shown in the figure.
Box plots depict the median (center line), the 25th and 75th percentiles (box
bounds) and the whiskers, which extend to 1.5 the IQR. d,e, Bar plots showing
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samples from controls. Data are presented as mean values, and error bars denote
the 95% confidence intervals (2.5th-97.5th percentiles), estimated from 1,000
bootstrap resamples. The gray dots represent the individual AUROC or AUPRC
values obtained in each bootstrap iteration, illustrating the full distribution

of bootstrap estimates. f, Bar plots showing enriched pathways of the genes
colocalized with CVD-related CpGsidentified by MAPLE. Pathway enrichment is
evaluated using a one-sided hypergeometric test, with Pvalues adjusted using
the Benjamini-Hochberg method. The dotted gray line denotes the adjusted
significance threshold of 0.05.
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Fig. 5| T2D risk estimation from DNAm datawith MAPLE. a,b, PCA
visualizations of methylation embeddings for training and test samples.In a,
point colors represent sample age, whereasinb, point colorsindicate disease
status related to T2D (N gneror = 12,576, Ngjg = 40, Npyep, = 47, Npop = 74). ¢, Box plots
comparing T2D risk scores predicted by MAPLE (left) and Cox model (right) for
different groups of test samples. Each dot represents the predicted risk score for
oneindependent biological sample, defined as the DNAm profile fromasingle
individual. The sample sizes for each group are shown in the figure. Box plots
depict the median (center line), the 25th and 75th percentiles (box bounds) and
the whiskers, which extend to 1.5 the IQR. d,e, Bar plots show the AUROC (d) and
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AUPRC (e) values for distinguishing T2D, PreD and SIR samples from controls.
Data are presented as mean values, and error bars denote the 95% confidence
intervals (2.5th-97.5th percentiles), estimated from 1,000 bootstrap resamples.
The gray dots represent the individual AUROC or AUPRC values obtained in
eachbootstrapiteration, illustrating the full distribution of bootstrap estimates.
f, Bar plots showing enriched pathways of the genes colocalized with T2D-
related CpGs identified by MAPLE. Pathway enrichment is evaluated using a
one-sided hypergeometric test, with Pvalues adjusted using the Benjamini-
Hochberg method. The dotted gray line denotes the adjusted significance
threshold of 0.05.
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sitesimplicated in the pathogenesis of CVD. The genesare enrichedin
cell-adhesion-related terms, ‘positive regulation of hydrolase activity’,
‘myeloid leukocyte activation’, ‘alpha-beta T cell activation’and so on
(Fig.4f). These enrichment results are consistent with previous reports
on the molecular mechanisms underlying CVD pathophysiology**.

T2D risk assessment with MAPLE

The risk assessment for T2D can similarly be conducted using the
same approach as the CVD model. Both age and obesity are powerful
risk factors in the progression of T2D. Systemic insulin resistance
(SIR) is a pathological condition in which the body does not respond
to insulin and is unable to convert the glucose into energy, and pre-
diabetes (PreD) is a condition characterized by higher-than-normal
blood sugar levels that are not yet high enough to be considered T2D.
Individuals with SIR and PreD are more likely to progress to T2D. T2D
isadisease characterized by dysregulation of carbohydrate, lipid and
protein metabolism".

For T2D risk prediction, MAPLE encodes DNAm profiles into a
unified embedding space that captures T2D-related variation while
minimizing technical bias. Inthe PCA plots, younger control samples
clusterinthe lower left, whereas older and unhealthy samples (includ-
ing SIR, PreD and T2D) occupy the upper right (Fig. 5a,b). Samples
from different studies are well mixed (batch PVCA reduced from
0.84 to 0.60; Supplementary Fig. 8), indicating robust integration
across datasets. MAPLE computes a T2D risk score for each sample,
with the highest values in T2D, followed by PreD. In age-stratified
controls, scoresincrease with age, and obese individuals show higher
scores than those with normal weight. SIR samples also display ele-
vated risk scores relative to age-matched controls (Fig. 5¢). By con-
trast, the Cox model yields inconsistent and noncomparable scores
across datasets.

Using these risk scores for classification, MAPLE achieves an
AUROC of 0.96 and an AUPRC of 0.71 for T2D, outperforming the
Cox model (AUROC 0.80, AUPRC 0.22) (Fig. 5d,e). For PreD and
SIR, MAPLE attains AUROCs of 0.89 and 0.82 and AUPRCs of 0.48
and 0.39, respectively, whereas the Cox model performs below
random (Fig. 5d,e). MAPLE maintains this advantage even after bal-
ancing age distributions between positive and negative samples
(Supplementary Fig. 9a,b). Both MAPLE and the Cox model effectively
classify T2D and healthy samples; however, for PreD and SIR, MAPLE
demonstrates superior performance compared with the Cox model
(Supplementary Fig. 9¢,d). These results highlight MAPLE’s superior
ability to generalize across datasets and minimize false-positive clas-
sifications among healthy individuals.

An enrichment analysis further demonstrates that MAPLE effec-
tively identifies T2D-caused CpG sites. These CpGs sites are localized
on the genes enriched in cell-adhesion-associated terms, ‘learning’,
‘insulin secretion’,‘canonical glycoysis’, ‘glucose homeostasis’, locomo-
tory behavior’, ‘insulin repcetor signaling pathway’ and so on (Fig. 5f).
These enrichment results are consistent with previous reports on
T2D pathogenesis'*.

Discussion

Developing clinically applicable epigenetic clocks remains challenging
due to two key factors: the high dimensionality of DNAm data, where
the number of CpG sites far exceeds the number of samples, and the
heterogeneity introduced by variations in sequencing platforms,
preprocessing pipelines and tissue sources. MAPLE addresses both
challenges through pairwise learning. Using pairwise inputs greatly
expands the number of effective training samples, mitigating over-
fitting. Instead of predicting absolute age, MAPLE predicts relative
age differences between two samples, allowing it to focus on genuine
aging-related signals while ignoring confounding factors such as tis-
sue type or platform. This design also enables MAPLE to outperform
conventional Cox models in disease risk prediction.

Large cohort studies often collect extensive DNAm and longitudi-
nal clinical data, offering opportunities to build predictors for chronic
diseaserisk. However, due to concerns regarding participant privacy,
these studies typically release only risk assessment models rather
thanthe underlying DNAm and clinical datasets, limiting the develop-
ment of more advanced prediction frameworks. In this study, MAPLE
overcomes this challenge by integrating publicly available DNAm data
withthereleased risk models to predict the risk of two chronic diseases
(CVD and T2D), demonstrating the practicality of privacy-preserving
methylation-based risk prediction.

Furthermore, the progression of various diseases, including neu-
rologicaland autoimmune disorders, is closely associated with altera-
tionsinDNAm®*. As a versatile computational framework, MAPLE can be
extended todevelop predictors forabroader range of health outcomes.
Therefore, MAPLE advances the clinical utility of methylation-based
assessment while safeguarding participant privacy.

Recent advances in computational epigenomics have intro-
duced some valuable approaches for DNAm analysis, including
sequence-based prediction algorithms such as iDNA-ABF*® and
Methyl-GP*, as well as foundation models such as MethylGPT*°. These
methods offer complementary directions to MAPLE. Sequence-based
methods infer DNAm patterns directly from DNA sequence, focus-
ing on intrinsic genomic determinants of methylation. By contrast,
MAPLE takes DNAm profiles as input, integrating both genetic and
environmental influences to assess aging and disease risk. In future
work, paired DNAm and sequence data could be jointly utilized within
the MAPLE framework. For instance, DNA sequence features could be
processed by sequence-based models to generate predicted DNAm
profiles, which could then be integrated with empirically measured
DNAm data to improve downstream predictions. Such integration
would facilitate the disentanglement of genetically determined versus
environmentally induced DNAm changes, offering deeper insights into
the mechanisms underlying individual health trajectories.

Foundation models such as MethylGPT, whichlearn context-aware
DNAm representations from large-scale data, could also be combined
with MAPLE. In this hybrid architecture, MethylGPT would provide
biologically informed representations of individual samples, while
MAPLE would model intersample variation to yield accurate predic-
tions of epigenetic age or disease risk. This synergy could substan-
tially improve the precision and robustness of methylation-based
predictive modeling.

Methods

Architecture of MAPLE

We construct MAPLE and apply it to two tasks: epigenetic age predic-
tion and disease risk prediction. This approach addresses the chal-
lenge of the batch effects among DNAm datasets and generalizes the
prediction ability to unseen data. Below, we describe the workflows
of the two tasks to clarify how pairwise learning is used to tackle the
inherent incompatibility among datasets.

Age prediction task. The age prediction task involves trainingamodel
on DNAm datasets P to predict the epigenetic age of samples in the

held-out test datasets Q. Let {xg”)};v:1 be the DNAm profiles of samples

after preprocessing from a DNAm training dataset indexed by p € P,
N,

and{y”}”, bethe corresponding chronological ages. Here, each x”is

a C-dimensional vector, where Cis the number of CpG sites; yE”) isa
continuousscalar value;and N, is the number of samples in dataset p.

Similarly, let {xff” }:\fl bethe DNAm profiles of samples after preprocess-
ing from the gth DNAm test dataset with N, samples (g € Q), whose ages
areunknown.

In the age prediction task, the training of MAPLE follows a two-
step procedure, during which only the training datasets P are used.
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The held-out test datasets Q remain entirely unseen throughout the
training process to ensure unbiased evaluation. The first step is the
generation of unified DNAm embeddings using pairwise learning.
MAPLE aims to utilize pairwise learning to encode the DNAm profiles

{x(”)} ,intoa uniformembedding space where the aging-related signal
is preserved but the batch effect is removed. It adopts the Siamese
network architecture, where the input is a pair of DNAm profile, and
the predictive objective is the age difference between them. Given the
DNAm profile x”’ of the ith sample and the DNAm profile x‘;’) (i #))
ofthejthsample (sampleiand samplejcan come from same or differ-
enttraining datatsets), MAPLE uses a MLP fwith the shared parameters
Ognc age s encoder to encode the two DNAm profiles to the correspond-
inglatentrepresentation vector IE”) and I(;”, andthe calculation process
isasfollows:
lip) =f(x§p)’ eEnc,age) _f( eEnc age)

Then, another MLP hisregarded as decoder to take the combina-

tionof I” and I@ to predict the age difference between the ith sample

»(P)

and,jth sample Ay;”, and the calculation processis as follows:

AP = R([IP 112 11 — 1], Opecage)

where Op.. g is the parameters of decoder h.
Theloss function of the first step is Huber loss between predictive
and true age difference, and its formulais as follows:

Loss <y(p) y(p) A A(p)>
2
B %(yﬁp) _y(p) _ Ay[(_l_’)) ,if[l’,(-p) —y(’.’) _ Ay[(_ji_))l <6 ,
8P =2 - a1 - S8 i - - myP > 6

where § is the hyperparameter of Huber loss. Huber loss effectively
combines the advantages of both mean absolute error (MAE) and
Mean Squared Error (MSE) loss functions. For small errors, it resembles
MSE loss, facilitating faster convergence during training compared to
MAE. However, for larger errors, it behaves more like MAE, exhibiting
reduced sensitivity to outliers relative to MSE loss®'.

The second step is the training of age predictor. MAPLE aims
to directly predict age y A(”) based on the well-trained encoder in the
first step. Given the DNAmM profile x of the ith sample, the age
predictor g takes the output of encoderfas input to predict y; P, and
the calculation processis as follows:

3 =g (f(x?.

where Bpre 50 is the parameters of predictor g. The loss function of the
second step is Huber loss between predictive and true age.

Inthe inference stage, the epigenetic age y ”(") of the ith sample of
the gth test dataset is predicted by the calculatlon process as follows:

3" =g (f(x",

Disease risk prediction task. In the disease risk prediction task, a
modelistrained onthe DNAm datasets Pand evaluated on the held-out

test datasets Q. Let {x(’”}  be the DNAm profiles of samples after pre-
processing fromaDNAm tralnlng datasetindexedby p € P,and {r"’)

be the correspondingrisk scores provided by the linear model from a
large cohort study and comparable only within the dataset p. Here,
each xlf”) isa C-dimensional vector, where Cis the number of CpGsites;
rﬁ”) isa continuous scalar value; zﬁ”) € {0,1}, where O and 1 corresponds

GEnc,age) > 0Pre,age) >

eEnc,age) s ePre,age) .

control and disease status, respectively; and N, is the number of

samples in dataset p. Similarly, let {xg")}i’l be the DNAm profiles of

samples after preprocessing from the gth DNAm test dataset with N,
samples (g € Q).

The training process of the disease risk prediction model consists
of two sequential steps, both of which are performed exclusively on
the training datasets P, with the held-out test datasets Q strictly
excluded throughout the entire procedure. The first stepis the genera-
tion of unified DNAm embeddings using pairwise learning. MAPLE aims

N,
to utilize pairwise learning to encode the DNAm profiles {x?”)}i:

intoa
1

uniform embedding space where the disease-risk-related signal is
preserved but the batch effectis removed. Given the DNAm profile x(”)
of the ith sample and the DNAm profile x(j’) (i ) of the jth sample
(sample i and samplej can come from the same training datatset),
MAPLE uses an encoder f with the shared parameters 6, gisease tO
encode the two DNAm profiles to the corresponding latent representa-
tion vector IE”) and l(f), and then uses a decoder to transform the com-

binationof 1"’ and I(‘.”to therisk score difference between theith sample

andjthsample Ar(”) Incontrast to the age prediction, thes insensitive
loss function presented by support vector regression** is used owing
to its robustness against noise and its ability to mitigate overfitting,
and its formulais as follows:

14 ) ~(p)
0.ifIr? — r —A:f.j'.’|gs

Loss (r"’ r(”) AA(‘”) s
|r§”) - r(f) - A?Ef)| -¢, if|r§”) - r%’) - Aiﬁj’,’)| > €

where gis the slack variable of the e-insensitive loss function.

The second step is the training of disease classifier. Given the
DNAm profile x(”) oftheithsample, the classifier gtakes the outputof
encoderfasi lnput to predict the possibility distribution 2 Z; ) of disease
status, and the calculation processis as follows:

= softmax (g(f( eEnc dlsease) ePre,disease)) )
where 6p,. ¢ is the parameters of classifier g. The loss function of the
second step is cross-entropy between predictive and true disease
status, and its formulais as follows:

ﬁ( P log (£) + (1-

CE(£,2P) = - 2P)log(1-27)),

ZI

where Nis the number of training samples.

Intheinference stage, we calculate disease risk score in the embed-
ding space because the classifier g can only provide disease states
rather than a continuous disease risk indicator. The DNAm profiles

N,
{x(”)} Land {xg")}i:1 of the training and test datasets are mapped into

embeddings {IE"’)}:,\:’1 and {Iﬁq)}:,\:’l. From the training datasets, we select
the individuals with age <20 as the healthy group, with embeddings
{I(”)} Mot . We also select the individuals diagnosed with stroke or T2D
as dlsease group, withembeddings {I(‘”} Mo

For each test sample, we compute two average Euclidean dis-

tances, distance to the healthy group Dy,iin ;and distance to the disease
roup Dyisease,i» as follows:

Nhealth

Dheaithi = DY -1?) .geQper
Nhealth j=1 J 2
Ny,
1 e o o)
Dyisease.i = I -1 ,geQpeP,
disease,i Ndisease j;l H i J ”2 q Q p

where|| - ||, denotes the Euclidean norm.
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Next, we normalize these distances based on quartile statistics
from the training data. For Dy.,,, we defined the lower quartile of
Dheairn among healthy training samples as Dyeqnmin, and the upper
quartile of Dy,, among disease training samples as Dyeaich max, F€Spec-
tively. The normalized distance the healthy group Dpeahnorm,: Of
each test sample s calculated as follows:

Dhealth,i - Dhealth,min
,01,1}.
Dhealth,max - Dhealth,min

Dheaith,norm,; = min (max(

Similarly, for Dgjeqse, We defined the upper quartile of Dgjgease
among healthy training samples as D isease,max» and the lower quartile
of Dyeanamong disease training samples as Dyjsease min respectively. The
normalized distance the disease group Dycaith norm,; Of €ach test sample
is calculated as follows:

disease,i ~ ~disease,min

Ddisease,norm,izmin max D D ,0/,1).
disease,max — Mdisease,min

Finally, the disease risk score for each test sample is computed as

Dhealth,nurm,i +1- Ddisease,norm,i

Riskscore; = 3

Implementation details

For all MLPs in this Article, the dropout probability is set to 0.2, and
theactivationfunctionisReLU. Inthe age prediction task, the encoder
consists of a 9-layer MLP with an input size of 285,898, hidden layer
sizes 0f 1,024, 1,024, 512, 512, 256, 256, 64 and 64, and an output size
of32.The decoderisa5-layer MLP with aninput size of 96 (formed by
concatenating three outputs from the encoder), hidden layer sizes
of 32,32,16 and 16, and an output size of 1. The age predictor is also
a5-layer MLP, with an input size of 32, hidden layer sizes of 32, 32,16
and 16, and an output size of 1. Model parameters are updated using
the Adam optimizer with initial learning rates of 1 x 10™* in the first
step and 2 x 107 in the second step. The parameter 6 of Huber loss
functionis set to 5. In the disease risk prediction task, the encoder is
a 7-layer MLP with an input size of 307,457 (for CVD) or 303,212 (for
T2D), hidden layer sizes 0f 1,024, 1,024, 256, 256, 64 and 64, and an
output size of 32. The decoder architecture remains identical to that
usedintheage prediction task. The disease classifieris a 5-layer MLP,
with an input size of 32, hidden layer sizes of 32, 32,16 and 16, and an
output size of 2. Optimizer settings are consistent with those in the
age prediction task. The number of principal components used in
the disease risk predictor is set to 10. The ¢ of the e-insensitive loss
functionis set to 0.05.

Hyperparameter selection

To evaluate the impact of hyperparameters 6 (in the Huber loss) on
epigenetic age prediction, we compute the average MAE of MAPLE
across 31benchmark tests under different § values. The results indicate
that 6 values in the range of 3-7 offer an optimal trade-off between
convergence speed and prediction accuracy (Supplementary Fig.10a),
which aligns well with theoretical expectations. Theoretically, the
Huber loss is known to effectively balance the benefits of MAE and MSE.
When éis small, the loss function behaves similarly to MAE, which is
more robust to outliers but converges slowly due to nondifferenti-
ability at zero. Conversely, a larger § makes the Huber loss resemble
MSE, which accelerates convergence but is more sensitive to outliers,
potentially degrading generalization.

To assess the sensitivity of MAPLE to the slack variable g in the
disease risk prediction task, we vary g in the range of 0-0.3 and evalu-
ate model performance on stroke and pre-disease status classification
(including CAE and AS) in the test data of CVD task. Our experiments
show that setting e in the range of 0.05-0.15 yields the most favorable

classification results (Supplementary Fig. 10b,c). These empirical
results are well supported by theoretical analysis. In e-insensitive loss
functions, the hyperparameter ¢ defines a ‘no-penalty zone’ within
which prediction errors are not penalized. This mechanismintroduces
amargin of tolerance that canimprove generalization by ignoring small
deviations. However, ethatis too smallleads to overly strict constraints,
causing the model to overfit noise and become overly sensitive to
minor variations. Conversely, a too-large ¢ results in overly relaxed
constraints, making the model insensitive to meaningful signals and
prone to underfitting.

Tojustify the choice of the MLP architecture in MAPLE, we conduct
anablation study using the epigenetic age prediction task as an exam-
ple. We evaluate the impact of different architectural configurations
based on the average MAE of MAPLE across 31 benchmark datasets.
Three key hyperparameters are systematically varied: the number of
encoder layers, the number of decoder layers and the network width.
Considering accuracy, training speed and memory consumption,
the optimal range is found to be 5to 9 for encoder layers, 4 to 7 for
decoder layers and 0.75% to 2x the current setting for network width
(Supplementary Fig.11). Therefore, the current architectural choices
in MAPLE fall within the empirically optimal range.

Data preprocessing

DNAm array generally contains two kinds of probes, namely, Infinium
I and Il probes, and the g value distributions they produce are very
different, influencing the analysis of DNAm data. In this Article, we
use three common methods, namely SWAN", BMIQ* and GMQN?, to
normalize DNAm array data.

We utilize GMQN to correct batch effects and probe bias in
the training data. Low-quality CpG sites, with >10% of missing
values across train samples were removed. For the age, CVD risk and
T2Drisk prediction tasks, 285,898, 307,457 and 303,212 CpG sites are
preserved. For the CpG sites used in the training stage, missing values
of each CpG site were imputed with the average beta value of that
CpG across other samples, using Simplelmputer from the Python
package scikit-learn.

For training the disease classifier, we make dataaugmentation for
the disease samples to balance the numbers of positive and negative
samples. The numbers of stroke and T2D samples are amplified from
217 and 29 to 2152 and 2059. The method of data augmentation is that
the 20% of 3 values are masked and the new positive samples are gen-
erated by imputing the masked values with the average beta value of
each CpG across other samples.

To assess the impact of data augmentation on disease risk
prediction, we compare the following variants of our model on the
CVD risk prediction task: MAPLE (our original model using the
masking/imputation-based augmentation method), MAPLE_w/o
augmentation (the same model trained without any augmentation
on disease samples), MAPLE_SMOTE (using SMOTE for disease
sample augmentation), MAPLE_SVMSMOTE (using SVMSMOTE),
MAPLE_ADASYN (using ADASYN). The results demonstrate that the
masking/imputation method, ADASYN, and SVMSMOTE consist-
ently yield the strongest performance across tasks. While SMOTE
provides moderate improvement, all augmentation methods out-
perform the baseline model trained without any data augmentation
(Supplementary Fig.12).

Competing methods

In the age prediction task, MAPLE are compared with five epigenetic
clocksincluding HorvathAge’, HannumAge®, PhenoAge?, AltumAge'”
and cAge”.

HorvathAgeis a canonical multitissue epigenetic clock built using
elastic netregression on DNAm profiles from 7,844 noncancerous sam-
plesspanning51tissues and cell types. The model regresses anonlinear
transformation of chronological age on 21,369 CpGs shared between
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thelllumina27K and 450K arrays. It selects 353 CpGs, yielding alinear
combination weighted by elastic net coefficients (o« = 0.5,1 = 0.0226,
optimized by cross-validation using the R package ‘glmnet’).

HannumaAge is developed by applying an elastic net regression
to whole-blood DNAm profiles from 482 individuals aged 19-101
years. A total of 71 CpG sites are selected as the most informative
predictors of chronological age in blood, and their weighted linear
combination constitutes the HannumAge. Optimal regulariza-
tion parameters are estimated via tenfold cross-validation in the
R package ‘glmnet’.

PhenoAge models acomposite ‘Phenotypic Age’ metric, whichis
derived fromclinical biomarkers predictive of mortality, as the regres-
sion target for an elastic net model trained on whole-blood DNAm
data. The model is developed using data from 9,926 adults with com-
plete biomarker profiles from the third National Health and Nutrition
Examination Survey (NHANES-III). A total of 513 CpGsites are selected
during training, and their weighted linear combination constitutes
the PhenoAge estimator. The penalization parameter (1=0.0192) is
selected using the R package ‘glmnet’.

AltumAge is a deep learning-based pan-tissue epigenetic
clock trained on 8,050 samples from 142 DNAm datasets covering
diverse tissue types. The model is a multilayer neural network with
5 hidden layers (32 neurons each), SeLU activation, batch normali-
zation, Gaussian dropout (rate of 0.1) and activity and kernel regu-
larization coefficients of 0.0034. The model uses 20,318 CpGs and is
optimized using MSE.

cAgeisablood-based predictor trained on 24,674 samples across
multiple cohorts. An EWAS s first performed toidentify age-associated
CpGterms, including nonlinear effects. Elastic net regression (a = 0.5)
was then applied to the selected features using aleave-one-cohort-out
cross-validation framework to enhance generalizability. The final
modelistrained using the R package ‘biglasso’, with the regularization
parameter settoA=0.0308.

We also benchmark two Cox hazards models for disease risk
prediction. Cheng et al.” develop a model for T2D risk prediction
using Cox proportional hazards-based elastic net regression model
with LASSO (Cox-LASSO), trained on the Generation Scotland
cohort (n=18,414). After removing low-variance features, 200,000
variable CpGs are retained, and 145 CpGs are selected in the final
model. A is optimized within the R package ‘glmnet’ via internal
cross-validation.

Westerman et al."® construct CVD risk prediction model using
Cox proportional hazards regression model trained separately on
the Women'’s Health Initiative (n =2,023), Framingham Heart Study
(n=2,587) and Lothian Birth Cohorts (n = 818) cohorts. In the elastic
net regression model, a is initially set to 0.05, and the model’s per-
formance is stable across a = 0.05-0.95. A is optimized via fivefold
cross-validation. A total of 100,000 CpGs are preselected according
to median absolute deviation, and 1,275 features are retained in the
final ensemble model.

In this study, HorvathAge, HannumAge and PhenoAge are per-
formed by the package ENmix. AltumAge is downloaded via GitHub
at https://github.com/rsinghlab/AltumAge, cAge is downloaded via
GitHub at https://github.com/elenabernabeu/cage_bage and the
CVD and T2D risk prediction tools based on Cox model are down-
loaded via GitHub at https://github.com/kwesterman/meth_cvd and
https://github.com/marioni-group/episcores-diabetes-prediction,
respectively.

Evaluation metrics

We use MAE and PCCto assess the performance of an epigenetic clock
inthe age prediction task. MAE is defined as the median of the absolute
errors between predictive and true ages and is calculated as

MAE = median({[y; - yl}}. ).

where Nis the number of test samples, and y,and y; are the predicted
and the true age of the ith sample, respectively. PCC is a correlation
coefficient that measures linear correlation between predictive and
true ages and is calculated as

Z?’:I (in _37> 0i -y
N Y b

where Nis the number of test samples, y,and y; are the predicted and
thetrueage of the ith sample, respectively,and yand yarethe averaged
predicted and the true age of the ith sample, respectively.

We utilize the AUROC and the AUPRC to measure how well CVD
or T2D risk scores distinguish between positive and negative sam-
ples. Given that, in clinical contexts, the number of negative samples
often far exceeds that of positive samples, we set the number of nega-
tive samples to be ten times that of positive samples for the calculation
of both metrics. Three evaluation scenarios are designed: negative
samples aredrawn fromthe entire control population, the age-matched
control population and the healthy population. These scenarios reflect
the model’s ability toidentify disease or pre-disease statesamong the
control group, age-matched individuals, and healthy participants,
respectively. In this context, the healthy population consists of con-
trol samples from individuals aged under 30 with a body mass index
of less than 25 kg m™. AUROC is calculated by plotting the true posi-
tive rate against the false positive rate at different thresholds, while
AUPRC is computed by plotting the precision against the recall at dif-
ferent thresholds. A perfect classifier hasan AUROC of1and an AUPRC
of 1, whereas a random classifier yields an AUROC of 0.5 and an
AUPRC of 0.09.

Duetothelimited sample sizes in some disease cohorts, we adopt
abootstrapping-based approach to improve the reliability of model
performance evaluation. This method is used to compute both AUROC
and AUPRC. Specifically, for each classification task, we perform 1,000
rounds of bootstrapping with replacement from the combined set of
positive and negative test samples. In each round, we calculate the
AUC, and the final reported value is the mean of the 1,000 AUCs. The
2.5th and 97.5th percentiles of the resulting distribution are taken as
the bounds of the 95% confidence interval. This approach allows us to
quantify the uncertainty arising from small sample sizes and provides
amore robust estimate of model performance.

To quantitatively evaluate the effectiveness of MAPLE in mitigating
batch effects, we adopted PVCA. Specifically, we first applied PCA to
boththe raw DNAm dataand the MAPLE-derived latent representations,
retaining the top 20 principal components for downstream analysis.

For each principal component PC;, we performed analysis of
variance by fitting a linear model of the form

PCC =

PC; = B, + BiAge + B,Batch + 1,

where PC; denotes the scores of the ith principal component, and Age
and Batch are covariates representing biological and technical varia-
tion, respectively, B, B, and B, are the regression, coefficients, and T
istherandomerror term. The sum of squares for each factor, denoted
as SSpaccn,; aNd SSyge 5, quantifies the proportion of variance in PC; attri-
butable to Age and Batch, respectively. SStq.; is the total sum of
squares from the analysis of variance model for PC;.

To obtain the final PVCA scores for Age and Batch, we aggregated
the variance contributions across all 20 principal components using
the proportion of variance each PC explains in the total PCA decom-
position as weights. Formally, the PVCA score for Batch and Age are
computed as

20

PVCAgach = D, ®
i=1

SSBatch,t’
i
SSr, otal,i
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where w; is the proportion of variance explained by the ith
principal component.

GO analysis for CpG sites

We first identify CpG sites most strongly associated with aging or dis-
easerisk. Gene annotations for these selected CpG sites were obtained
fromthe annotation files of the 450K array and the EPIC array. Finally,
we use ClusterProfiler to conduct GO enrichment analysis for gene
sets colocalized with the selected CpG sites and perform multiple
testing correction using the Benjamini-Hochberg method with the
significance level set at 0.05.

To identify informative CpG sites, we use an attribution method
called IG** to quantify the contribution of each site to model predic-
tions in both epigenetic age and disease risk tasks. For the epigenetic
age prediction task, the IG score for the ith CpG site is computed as
) x /1 OF (x; + a x (x; — X)) i

a=0 6)(,-

where F(.)denotes the epigenetic age prediction model (comprising
the encoder and predictor), x; is the DNAm level of the ith CpG

OF(x, +ax(x;—x,
X;

site, ) is the gradient of F(-) with respect to x;, and x;is the

baseline value, setto O unless otherwise specified. IG scores for disease
risk prediction tasks are computed analogously, substituting F(.)
with the disease prediction model.

We rank CpG sites by the absolute value of their IG scores and
selected the top 2,000 features most strongly associated with age or
disease risk.

Tosupporttherationale forselecting the top 2,000 1G-ranked CpG
sites for model interpretation, we conducted three complementary
analyses examining both the attribution method and the number of
CpGsites used.

First, we compute IG scores across four representative test data-
sets:two aging-related cohorts (GSE61496 and GSE87571), and the test
sets for the CVD and T2D risk prediction task. The resulting IG score
distributions demonstrate that the vast majority of CpGsites have attri-
butionscores near zero, indicating that only asmallfraction of CpGs are
strongly associated with aging or disease risk (Supplementary Fig.13).
This suggests anatural sparsity in feature importance, thereby justify-
ing the use of a thresholding strategy to select the most informative
CpGsites.

Second, we evaluate how the number of selected CpG sites affects
the biological interpretability of the model. Using the epigenetic age
prediction task as an example, we selecte varying numbers of CpG
sites (for instance, top 250,500,1,000, 2,000, 3,000 and 5,000) based
onlGscores for two aging-related cohorts (GSE61496 and GSE87571).
We then perform GO enrichment analysis on the genes correspond-
ing to the overlapping CpGs between the two datasets. We found
that selections of 1,000 or more CpG sites yield stable and biologi-
cally meaningful enrichment results, which remained consistent up to
5,000 sites (Supplementary Fig. 14). These results justify our use
of 2,000 CpG sites as a reasonable choice that captures sufficient
biological signal.

Third, to assess whether the choice of attribution method affects
model interpretability, we compare IG with three alternative tech-
niques: SHAP, DeepLIFT and Feature Ablation. For each method, we
identify the top 2,000 CpG sites in the epigenetic age prediction
task and perform GO enrichment analysis on the genes associated
with the overlapping CpG sites. All four attribution methods con-
sistently highlight aging-related biological processes, including cell
adhesion, organ development and morphogenesis, cognition and

cytokine production. (Supplementary Fig. 15). These results suggest
that the outcomes of the model interpretability analysis are robust to
the choice of attribution method.

Run time analysis

MAPLE is trained on an NVIDIA A100 graphics processing unit, requir-
ing 12.92 h for the epigenetic age prediction task, 26.85 h for CVD
risk prediction and 22.86 h for T2D risk prediction. While train-
ing MAPLE demands substantial computational resources, infer-
ence is highly efficient. For instance, MAPLE can process 1,000
DNAm profiles and generate predictions in approximately 3 min
(Supplementary Fig. 16), making it well suited for real-time clinical
decision-making scenarios.

Ethical implications

While MAPLE enables robust prediction of epigenetic age and disease
riskbased on DNAm data, its application also raisesimportant ethical
considerations, particularly related to privacy and potential misuse.

First, DNAm profiles may encode sensitive health, behavioral and
environmentalinformation, whichintroduces risks of re-identification
and unintended disclosure. Such risks could lead to social stigma or
discriminationifnot properly managed. To mitigate these concerns, all
datasets used in this study were fully de-identified and obtained under
appropriateinstitutional approvals, with strictadherence to data gov-
ernance policies. Furthermore, MAPLE is designed for efficient offline
deployment and does not require the transmission of raw DNAm data
to centralized servers, thereby minimizing exposure risk. Our use of
DNAm data and the system design of MAPLE conform to major data pro-
tection frameworks, including the General Data Protection Regulation
and the Health Insurance Portability and Accountability Act (HIPAA).

Second, we acknowledge the potential misuse of epigenetic
risk models in contexts such as insurance, employment or unau-
thorized profiling. We strongly recommend that any deployment
of MAPLE or similar tools adhere to relevant legal and ethical safe-
guards, such as the Genetic Information Nondiscrimination Act and
HIPAA, which explicitly prohibit discrimination based on genetic or
health-related information.

Finally, we believe that the development and application of
methylation-based predictive models must be guided by core ethical
principles of beneficence, autonomy and justice. As MAPLE advances
toward translational and clinical applications, we advocate for trans-
parent communication with participants, rigorous oversight by
institutional review boards or ethics committees, and continuous
evaluation of the broader societal impact. These measures are essen-
tial to ensure that predictive tools like MAPLE are used responsibly
and equitably.

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

Data availability

Alldatasets used in this study are downloaded from public databases.
The EWAS Data Hub (https://ngdc.cncb.ac.cn/ewas/datahub/index)
curates a large number of well-normalized DNAm array data and the
corresponding metadata®, and the control samples from 450 K plat-
forminour study are mostly derived from this database. The LOLIPOP
project provides 2711 DNAm array data (450K) of blood samples®,
and its accession number in GEO database is GSE55763. The Grady
TraumaProject provides a dataset where 422 and 795 DNAm array data
of blood samples are generated from the 450K and EPIC platforms”’,
respectively, and their accession numbers in the GEO database are
GSE72680 and GSE132203, respectively. A datasetincluding 732 DNAm
array data (450K) of blood samples is from the study by Johansson
etal.’®, and its accession number in the GEO database is GSE87571.
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The Genetic Epidemiology Network of Arteriopathy (GENOA) project
provides a dataset where 418 and 1394 DNAm array data of peripheral
blood leukocytes are generated from the 450K and EPIC platforms®’,
respectively, and their accession numbers in the GEO database are
GSE210254 and GSE210255, respectively. The Center for International
Blood and Marrow Transplant Research (CIBMTR) project has gener-
ated adataset comprising 570 DNAm array samples (EPIC) fromblood
samples®®, with the associated accession number in the GEO database
being GSE196696. The AIRWAVE project provides 1129 DNAm array data
(EPIC) of peripheral blood mononuclear cells, and its accession number
inthe GEO database is GSE147740. The European network of national
schizophrenia networks studying gene-environment interactions
(EU-GEI) study has generated a dataset comprising 558 DNAm array
samples (EPIC) from blood samples®®, with the associated accession
number in the GEO database being GSE152026. The adipose data-
sets (N,so =157,) include two studies by Horvath et al.”" and Bonder
etal.®*and can be downloaded from the GEO database with the acces-
sion numbers GSE61257, GSE61450 and GSE61453. The brain datasets
(N,s0x = 876) include two studies by Horvath et al.** and Jaffe et al.** and
canbe downloaded from the GEO database with the accession numbers
GSE64509 and GSE74193. The buccal epithelium dataset (V,soc = 27) is
from the study by Lussier et al.*>, and its accession number in the GEO
databaseis GSE109042. The muscle datasets (N5 =132) include four
studies by Zykovich et al.®®, Horvath et al.*", Bonder et al.*” and Tobi
etal.”” and can be downloaded from the GEO database with the acces-
sion numbers GSE50498, GSE61259, GSE61452 and GSE78743. The
saliva dataset (N,so =131) is from the study by Chuang et al.*®, and its
accession number in the GEO database is GSE111223. The skin dataset
(Nysox =15) is from the study by Tobi et al.*®, and its accession number
inthe GEO database is GSE78743. The liver datasets (N,so« =177) include
three studies by Horvath et al.®’, Tobi et al.®*and Ahrens et al.*” and can
be downloaded from the GEO database with the accession numbers
GSE61258, GSE78743 and GSE48325. The AS datasets are provided
by two studies including the Multi-Ethnic Study of Atherosclerosis
(MESA)® (N4s0x s = 863, Nysok control = 339) and Progression of Early Sub-
clinical Atherosclerosis (PESA)” (Ngpic, s = 255, Nepic, contro = 136) and can
be downloaded from the GEO database with the accession numbers
GSE56046 and GSE220622. The CAE dataset (N,so¢ = 11) is from the study
byLuetal.”?, and its accession number in the GEO database is GSES7016.
The stroke datasets (N,sox = 678, Nepic = 32) include two studies by Cul-
lelletal.”? and Soriano-Tarraga et al.”* and can be downloaded from the
GEO database with theaccession numbers GSE203399 and GSE69138.
The SIR dataset (N,so = 40) is from the study by Arner et al.””, and its
accession number in the GEO database is GSE76285. The PreD dataset
(Nepic, prep = 47, Nepic, controt = 46) is from the study by Yumi et al.”®, and its
accession numberinthe GEO databaseis GSE199700. The T2D datasets
(Nysox = 74) include two studies by Lunnon et al.”” and Dye et al.”® and
canbe downloaded from the GEO database with the accession numbers
GSE62003 and GSE197881. The above datasets are selected to be either
the training or the test datasets. For details about the training and the
test datasets in the epigenetic age, CVD and T2D prediction tasks,
refer toSupplementary Tables 1-3. Source dataare provided with this
paper.Inaddition, source datafor Supplementary Figs.1-9 and 12-13
areavailable in Supplementary Data 1.

Code availability

The MAPLE source code and analysis scripts are available via GitHub
at https://github.com/Drizzle-Zhang/MAPLE, together with a
usage documentation’.
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e The Grady Trauma Project provides a dataset where 422 and 795 DNAm array data of blood samples are generated from 450K and EPIC platform57, respectively,
and their accession number in GEO database are GSE72680 and GSE132203, respectively.

¢ A dataset including 732 DNAm array data (450K) of blood samples is from the study by Johansson et al.58, and its accession number in GEO database is GSE&7571.
* The Genetic Epidemiology Network of Arteriopathy (GENOA) project provides a dataset where 418 and 1394 DNAm array data of peripheral blood leukocytes are
generated from 450K and EPIC plarform59, respectively, and their accession number in GEO database are GSE210254 and GSE210255, respectively.

¢ The Center for International Blood and Marrow Transplant Research (CIBMTR) project has generated a dataset comprising 570 DNAm array samples (EPIC) from
blood samples60, with the associated accession number in the GEO database being GSE196696.

e The AIRWAVE project provides 1129 DNAm array data (EPIC) of peripheral blood mononuclear cells, and its accession number in GEO database is GSE147740.
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number GSE64509 and GSE74193.

¢ The buccal epithelium dataset (N450K =27) is from the study by Lussier et al.65, and its accession number in GEO database is GSE109042.

e The muscle datasets (N450K =132) include four studies by Zykovich et al.66, Horvath et al.61, Bonder et al.62 and Tobi et al.67, and can be downloaded from GEO
database with the accession number GSE50498, GSE61259, GSE61452, GSE78743.

* The saliva dataset (N450K =131) is from the study by Chuang et al.68, and its accession number in GEO database is GSE111223.

e The skin dataset (N450K =15) is from the study by Tobi et al.68, and its accession number in GEO database is GSE78743.
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accession number GSE61258, GSE78743, GSE48325.

e The atherosclerosis datasets are provided by two studies including the Multi-Ethnic Study of Atherosclerosis (MESA)70 (N450K,AS = 863, N450K,Control= 339) and
Progression of Early Subclinical Atherosclerosis (PESA)71 (NEPIC, AS = 255, NEPIC, Control= 136), and can be downloaded from GEO database with the accession
number GSE56046 and GSE220622.

e The coronary artery ectasia (CAE) dataset (N450K =11) is from the study by Lu et al.72, and its accession number in GEO database is GSE87016.

¢ The stroke datasets (N450K =678, NEPIC =32) include two studies by Cullell et al.73 and Soriano-Tarraga et al.74, and can be downloaded from GEO database with
the accession number GSE203399 and GSE69138.

e The systemic insulin resistance (SIR) dataset (N450K =40) is from the study by Arner et al.75, and its accession number in GEO database is GSE76285.

¢ The prediabetes dataset (NEPIC, PreD = 47, NEPIC, Control= 46) is from the study by Yumi et al.76, and its accession number in GEO database is GSE199700.

e The type 2 diabetes (T2D) datasets (N450K = 74) include two studies by Lunnon et al.77 and Dye et al.78, and can be downloaded from GEO database with the
accession number GSE62003 and GSE197881.

The above datasets are selected to be either the training or the test datasets. For details about the training and the test datasets in the epigenetic age, CVD and T2D
prediction tasks, refer to Supplementary Table 1-3.

Source data for Figures 2-5 is available with this manuscript. In addition, source data for Supplementary Figures is available in Supplementary Data 1.
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Reporting on sex and gender We took sex into condiderations in our study and our model could be applied to both male and female. The gender-related
metadata associated with the publicly accessible datasets employed in this research is fully traceable via their respective
source repositories.

Reporting on race, ethnicity, or Al socially relevant information used in this study could be obtained from their respective source repositories.
other socially relevant

groupings

Population characteristics See above

Recruitment All datasets used in this study were obtained from publicly accessible repositories. Participant recruitment procedures were
performed by the original studies and are fully described in their respective publications and associated metadata.

Ethics oversight All open-access datasets referenced in this study have obtained documented institutional review board certifications through

established ethical compliance protocols at their source institutions.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design
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Sample size No statistical methods were used to calculate the sample size. In the epigenetic age prediction task, the training set contains 11313 samples
and the test set contains 7749 samples. In the CVD risk prediction task, the training set contains 7234 samples and the test set contains 7926
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Data exclusions  No data were excluded from analyses.

Replication This study involves computational analyses only. All analyses were performed using publicly available datasets and fully documented code,
ensuring full reproducibility.

Randomization  Samples were randomly arranged by computing program during the model training stage.

Blinding Each sample was labeled with an numeric ID whose annotation was kept blinded during data analysis.
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Materials & experimental systems Methods
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied-
Authentication Describe-any-atthentication-procedures foreach seed stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
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