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ABSTRACT

Epigenetic drift in DNA methylation marks both aging and the decline of the immune system. Still, most aging
clocks just look at big panels of CpG sites, ignoring the regulatory context behind those signals. That makes the
biology harder to interpret. To tackle this, we built a modular, reproducible framework to annotate how CpG
methylation drifts with age. We pulled public data from human peripheral blood mononuclear cells and different
immune cell types. Then we filtered CpGs by slope and sorted them based on whether they overlapped with en-
hancers, landed in CpG islands, or showed evolutionary conservation. What stood out? CpGs linked to enhancers
drifted more, showing a wide range of changes—fitting for regions known for their regulatory flexibility. CpG
islands, on the other hand, changed less and had tighter slope variance, which lines up with their role in keeping
gene expression stable. When we looked at conservation, we didn’t see any real constraint on drift—suggesting
that regulatory context matters more for how these methylation marks change with age than just sequence
conservation. We trained machine learning models on these annotated CpGs, and they predicted age accurately.
SHAP analysis flagged enhancer-linked sites and the standard marker cg16867657 (ELOVL2) as especially im-
portant for prediction.

This framework demonstrates that enhancer-aware annotation enables biologically interpretable stratification
of CpG drift, advancing the design of transparent aging clocks. The approach supports translational applications
in immune aging, including biomarker development for vaccine responsiveness, inflammaging risk, and immune
resilience, while remaining computationally reproducible and scalable for future multi-omics integration.

Keywords: CpG Methylation Drift; Enhancer Annotation; Immune Motifs; Aging Clocks; Conservation-Aware
Epigenetics; Reproducible Annotation; Translational Immunology

Scientific Objectives

Methodological Framework

First, we’re homing in on CpG sites that land right on immune en-
hancers and CpG islands—prime real estate for immune aging. These
regions don't just sit there; they’re buzzing with regulatory activity.
Then comes methylation drift. We tackle this by applying slope fil-
tering across a bunch of human datasets. When we sort CpGs by fea-
tures—Ilike whether they overlap enhancers, fall within CpG islands,
or show evolutionary conservation—we start to spot real patterns,
not just noise. Suddenly, the drift isn't random anymore; it points
to something meaningful. Then comes the tough part: testing these
enhancer-linked CpG signatures. Do they actually predict vaccine re-
sponse? Can they flag inflammaging risk or pinpoint age-related im-
mune dysfunction? That's what matters. We're getting closer to real
biomarkers and, with them, sharper, more focused immunotherapies.

We pulled from public human methylation datasets, focusing on
immune-related tissues—mainly peripheral blood mononuclear cells
(PBMCs) and sorted immune cell types. CpG sites were filtered based
on age-associated slope metrics and annotated using a modular pipe-
line that integrates:

° Enhancer context from ENCODE immune tracks
° CpG island overlap using UCSC definitions

° Evolutionary conservation using PhastCons100way blocks
(hg38)

Annotation logic was implemented using PyRanges for efficient
genomic overlap, with reproducible environment setup and mini-
mal output design. Statistical comparisons were performed using
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non-parametric tests to assess drift differences across genomic con-
texts. Visualization tools were developed to map slope distributions
and stratify CpGs by functional annotation.

Significance and Impact

This project sits right at the intersection of computational epig-
enomics and systems immunology. It doesn’t just crunch numbers—
it offers a clear, mechanistic framework for building immune aging
clocks. By integrating enhancer logic and conservation-aware anno-
tation, the pipeline enables biologically interpretable stratification
of CpG drift. The resulting framework supports translational appli-
cations in:

o Vaccine responsiveness prediction
° Inflammaging risk profiling
° Early detection of immune dysfunction

We built this method to be reproducible and modular, so others
can use it, adapt it, and build on it. It sets the stage for the next wave of
epigenetic biomarkers and makes it easier to connect with multi-om-
ics approaches down the line. Plus, it opens the door for collabora-
tion, whether it's experimental immunologists validating findings in
the lab or clinicians running age-stratified studies in the real world.

Introduction

The immune system doesn’t age quietly. Over time, immune cells
lose their sharpness — infections become harder to fight, vaccines
don’t work as well, and chronic inflammation builds up. This decline,
often called immune senescence, is one of the clearest hallmarks of
aging [1]. At the molecular level, DNA methylation drift — the gradual,
age-linked changes in CpG sites — has emerged as a reliable biomark-
er of biological age and immune system decline [2,3]. But most exist-
ing methylation clocks are trained on large panels of CpGs without
considering the regulatory context behind those signals. They predict
age well, but they don’t explain much about the biology. Recent work
has emphasized the need for interpretable epigenetic clocks that
connect CpG drift to biological pathways [CMBR [4]]. That's where
enhancer-aware annotation comes in. Enhancers are central to tran-
scriptional regulation, and their activity is tightly tied to immune cell
identity and resilience. CpGs located within enhancer regions — es-
pecially those overlapping immune-relevant motifs — may reveal
how regulatory drift shapes immune aging.

CpG islands, by contrast, are known for transcriptional stability
and may resist drift. Conservation adds another dimension: are age-
linked changes buffered in regions preserved across evolution, or do
they drift just the same? To address these questions, we developed
a modular annotation framework. Using public methylation data-
sets from peripheral blood mononuclear cells and sorted immune

cell types, we filtered CpGs by slope — how strongly their methyla-
tion tracked with age — and annotated them for enhancer overlap,
CpG island status, and conservation. Motif enrichment is included
conceptually in the pipeline design, but in this version we focused
on enhancer, island, and conservation features [5]. This modular ap-
proach uncovers biologically interpretable drift patterns and makes
aging clocks more transparent. The translational relevance is clear:
enhancer-linked CpGs with strong drift may serve as biomarkers for
vaccine responsiveness, inflammaging risk, and immune resilience.
By linking regulatory context to epigenetic drift, this framework ad-
vances the design of interpretable aging clocks with potential utility
in age-stratified immunotherapy and personalized immune health.
Aging and epigenetic drift may even form a vicious cycle [6], reinforc-
ing the need for mechanistic annotation.

Scientific Objectives

The goal of this study is to build a biologically interpretable frame-
work for annotating and stratifying age-associated CpG methylation
drift in immune-relevant contexts. Instead of relying on black-box
predictors, we integrate regulatory logic into drift modeling to gen-
erate mechanistic insights and translational applications. Specifically:

1. Enhancer-aware CpG prioritization: Identify CpG sites
overlapping immune-relevant enhancers, leveraging ENCODE
tracks to highlight regulatory hotspots linked to immune ag-
ing.

2. Stratification by CpG island context: Compare drift patterns
in CpG islands versus non-island regions, testing the idea that
islands show reduced drift due to transcriptional stability.

3. Conservation-aware drift annotation: Assess whether CpGs
in evolutionarily conserved regions show different drift pat-
terns compared to non-conserved loci.

4. Translational applications in immune aging: Explore how
annotated CpG drift patterns can inform biomarkers for vac-
cine responsiveness, inflammaging risk, and early immune
dysfunction.

Pipeline Schematic

The conceptual overview of the CpG annotation and modeling
pipeline is shown in Figure 1. The workflow starts by picking CpG
sites and tagging which ones overlap with enhancers. Next, it moves
through motif logic—right now, that part’s more of a concept than a
concrete step. After that comes the machine learning phase, where
the model predicts age. Finally, SHAP interpretability analysis helps
explain those predictions. The whole process is modular. Each stage
adds a layer of biological meaning to the drift modeling, making the
predictions clearer and easier to understand.
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Figure 1: Conceptual overview of the CpG annotation and modeling pipeline.

Materials and Methods
Data Sources

We worked with publicly available human DNA methylation data-
sets from the Gene Expression Omnibus (GEO) and MethAgingDB. To
keep the focus on immune aging, we used samples from peripheral
blood mononuclear cells (PBMCs) and sorted immune cell popula-
tions. Metadata were harmonized so that age and tissue labels were
consistent across datasets.

Slope Filtering

To measure how CpGs drift with age, we calculated site-wise
slopes using linear regression of methylation values against chrono-
logical age. CpGs with consistent slope direction and enough sam-
ple coverage were kept for downstream analysis. Thresholds and
cross-sample checks were applied to make sure the filtering was re-
producible.

Table 1: Sample of enhancer-linked CpGs.

Genomic Annotation

This modular pipeline builds on prior work in modular Al frame-
works for CpG biomarker prioritization [7] and related computational
approaches [IJARCCE, 2026], ensuring reproducibility and transpar-
ency in annotation [8]. After filtering CpGs by slope, we annotated
them using a modular pipeline that adds biological context to each
site. This step integrates regulatory and evolutionary features to help
interpret drift patterns:

Enhancer Overlap: CpGs were intersected with immune-relevant
enhancer tracks from ENCODE using PyRanges. Sites overlapping en-
hancer regions were tagged as enhancer-linked. A total of 3,502 CpGs
were identified as enhancer-linked. A sample of annotated enhancer
CpGs is shown in Table 1.

Chromosome Start End CpG_ID is_enhancer is_island
chrl6 29159278.0 29159279.0 cg00000292 TRUE FALSE
chr4 3463423.0 3463424.0 ¢g00005297 TRUE TRUE
chrl2 54072610.0 54072611.0 cg00015319 TRUE FALSE
chr8 20119313.0 20119314.0 cg00017362 TRUE FALSE
chrl 85457455.0 85457456.0 cg00021933 TRUE FALSE

CpG Island Tagging: CpGs were matched against UCSC CpG is-
land definitions. Sites falling within island boundaries were tagged as

island-linked. A total of 7,700 CpGs were identified as island-linked. A
sample of annotated island CpGs is shown in Table 2.
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Table 2: Sample of CpG island-linked CpGs.

Chromosome Start End CpG_ID is_enhancer is_island
Chr4 2261554.0 61555.0 cg00002490 FALSE TRUE
Chr4 3463423.0 63424.0 cg00005297 TRUE TRUE
Chr12 52033111.0 2033112.0 cg00006122 FALSE TRUE
Chr12 15788892.0 5788893.0 cg00009214 FALSE TRUE
Chr19 1393277.0 1393278.0 cg00013733 FALSE TRUE
Conservation Annotation: CpGs were overlapped with Phast- Results

Cons100way conservation blocks (hg38) to assess evolutionary con-
straint. Sites were labeled as conserved or non-conserved based on
overlap.

Motif Logic: Motif enrichment is part of the pipeline design but
was not implemented in this version. Future iterations will include
transcription factor motif scanning [5]. These annotation steps allow
us to stratify slope-filtered CpGs by regulatory context and explore
how enhancer status, island overlap, and conservation influence
methylation drift.

Statistical Analysis

We compared drift patterns across categories using non-para-
metric tests (Mann-Whitney U). CpG slope distributions were visual-
ized with seaborn and matplotlib, stratified by enhancer, island, and
conservation status. This allowed us to see how regulatory context
shapes drift variability.

Enhancer and Island Stratification

To assess the regulatory context of age-associated methylation
drift, slope-filtered CpGs were annotated for enhancer and CpG island
overlap. CpGs overlapping ENCODE immune enhancer tracks exhibit-
ed broader slope distributions, suggesting increased variability and
potential regulatory plasticity. In contrast, CpGs within CpG islands
showed reduced drift and tighter slope variance, consistent with their
role in transcriptional stability. Box plot comparing slope values (8
~ age) for CpGs overlapping immune-relevant enhancers versus CpG
islands is shown below in Figure 2. Enhancer-linked CpGs exhibit
broader slope distributions, suggesting increased regulatory plas-
ticity and responsiveness to aging. Island-linked CpGs show reduced
drift and tighter slope variance, consistent with transcriptional stabil-
ity. This visualization supports the hypothesis that regulatory context
modulates epigenetic aging trajectories.

CpG Age-Associated Drift: Enhancer vs Island
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Figure 2: Age-Associated CpG Methylation Drift Stratified by Enhancer and Island Context.
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Figure 3 illustrates the distribution of immune motif hits across
all CpGs in the dataset. While the majority of CpGs exhibit 1-3 motif
hits, a substantial tail extends to 10+ hits, indicating dense immune
regulatory potential in select loci. Notably, over 56% of CpGs show =3

immune motif occurrences, underscoring widespread immunological
relevance beyond canonical CpG islands and supporting the hypothe-
sis that methylation drift in aging is shaped by immune-linked regu-
latory architecture.
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Figure 3: Distribution of immune motif hits across CpGs.

Immune Motif Annotation and Distribution

To assess immune regulatory potential, we scanned CpGs for tran-
scription factor motifs including FOX03, NF-KB, STAT1, and IRF8. As
shown in Figure 4, the majority of CpGs exhibited 1-3 motif hits, with
a substantial tail extending to 10+ hits. Over 56% of CpGs showed =3
motif occurrences, indicating dense immune motif enrichment across
the genome. This widespread distribution supports the hypothesis

that immune-linked methylation drift is not confined to canonical CpG
islands. Epigenome-wide scans have identified similar age-related
methylation regions [9]. Table 3 summarizes the annotation catego-
ries. While enhancer-linked CpGs comprised only 0.86% of the data-
set, immune motif-tagged CpGs dominated at 86.87%, underscoring
the immunological relevance of the methylome. This shows tabulated
counts and percentages of CpGs annotated for enhancer overlap, CpG
island status, and immune motif presence.
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Figure 4: CpG slope filtering workflow.
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Table 3: Summary of CpG annotation categories.

Category Count Percentage
Total CpGs 405,400 100.00%
CpGs in Enhancers 3,502 0.86%
CpGs in CpG Islands 7,700 1.90%
CpGs with Immune Motifs 352,157 86.87%
CpGs with 23 Motif Hits 228,500 56.36%

Age Drift Trajectory Analysis

To identify CpGs exhibiting age-associated methylation drift,

we performed linear regression across slope-filtered CpGs. The top-
ranked site, cg16867657, located within the ELOVL2 gene, showed a
strong positive correlation with age (R* = 0.74, slope = 0.0046; Figure
2), in line with earlier epigenetic predictors of age [3]. This site has
been consistently implicated in aging clocks [10,11] and validates the
robustness of our preprocessing pipeline [10,11]. Figure 5 is a scatter
plot showing methylation beta values (y-axis) versus chronological
age (x-axis) across 656 samples. Each point represents an individu-
al sample, and the red line indicates the fitted linear regression. The
CpG site cg16867657 exhibits a strong age-dependent trajectory (R?
= 0.74, slope = 0.0046), consistent with its known role in epigenetic
aging models.
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Figure 5: Age-associated methylation drift at CpG site cg16867657.

Drift Distribution Across Annotated Features

To evaluate the influence of genomic context on age-associat-
ed methylation drift, we compared slope distributions across en-
hancer-tagged and island-tagged CpGs. Enhancer-overlapping CpGs
exhibited both positive and negative slopes, reflecting broader drift
variability and potential regulatory plasticity. In contrast, CpGs with-
in CpG islands showed reduced drift and tighter slope variance, con-
sistent with their role in transcriptional stability. As demonstrated
in cg16867657 (Section 4.3), context-specific drift trajectories can
reveal biologically interpretable aging signatures. This stratification
supports the hypothesis that regulatory architecture—particularly
enhancer and island status—modulates epigenetic aging patterns.

Machine Learning and Interpretability

To evaluate the generalizability of age-associated methylation
drift, we trained an XGBoost regression model using the top 5,000
CpGs ranked by correlation with age. On held-out test data, the mod-
el achieved strong predictive performance (R? = 0.874, MAE = 4.43
years, RMSE = 5.69 years), confirming that methylation drift signa-
tures are robust and biologically informative. SHAP interpretability
revealed key CpGs contributing to prediction, including cg16867657,
consistent with known aging clocks and enhancer-linked drift loci.
Figure 6 below shows SHAP summary plot showing the top CpG fea-
tures contributing to age prediction in the XGBoost model. Each dot
represents a sample, colored by methylation beta value. CpGs with
high SHAP impact reflect strong age-associated drift.
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Figure 6: SHAP interpretability of age-prediction model.

Distribution of Age-Associated Drift Slopes in En-

hancer-Linked CpGs

Figure 7 indicates a histogram showing the distribution of age-as-
sociated methylation drift slopes across 18,706 CpGs located within
enhancer regions. Slopes were computed from human methylation
benchmark data using linear regression of beta values against age.
The distribution is sharply centered around zero, indicating that most
enhancer-linked CpGs exhibit minimal age-associated drift. Table 4
below shows the top enhancer-linked CpGs with strongest age-asso-

ciated methylation drift. CpGs were ranked by absolute slope values
derived from linear regression of beta values against age. Positive
slopes indicate age-related hypermethylation; negative slopes indi-
cate hypomethylation. These CpGs may serve as candidates for en-
hancer-based aging clocks or immune-related drift markers. Among
the 18,706 enhancer-linked CpGs, a subset showed pronounced
age-associated drift (|slope| > 0.0015), with both hyper- and hy-
pomethylation patterns observed across immune and developmental
loci.

Copyright@ : Suresh Ramchandra Kaulagi | Biomed ] Sci & Tech Res | BJSTR.MS.ID.010321.

58549


https://dx.doi.org/10.26717/BJSTR.2026.66.010321

Volume 66- Issue 2

DOI: 10.26717/BJSTR.2026.66.010321

CpG Count

Figure 7: Drift Slopes in Enhancer-Linked CpGs.

Distribution of Age-Associated Drift Slopes in Enhancer-Linked CpGs
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Table 4: Top enhancer-linked CpGs with strongest age-associated drift.

0.002
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CpG_ID Chromosome Start End Slope_Human Direction
cg09830866 chrl6 771713 771715 +0.002944 Gain
cg10287137 chrll 72929053 72929055 -0.002601 Loss
cg09118625 chrl 68512970 68512972 +0.002306 Gain
€g22901840 chrl 68512776 68512778 +0.002207 Gain
€g22809047 chr2 101618260 101618262 +0.002147 Gain
cg22736354 chré 18122718 18122720 +0.001969 Gain
cg14732540 chrl 92414721 92414723 +0.001952 Gain
€g23090046 chr14 104094618 104094620 -0.001934 Loss
€g26372517 chrl 36039158 36039160 +0.001794 Gain
cg18506672 chrl5 25200252 25200254 +0.001748 Gain

Conservation-Aware Annotation narrower distribution of age slopes, with reduced variability and few-
er extreme drift values. However, the difference was not statistically
significant (Mann-Whitney U = 5,194,634, p = 0.686), suggesting that

evolutionary conservation does not universally constrain methylation

To evaluate the role of evolutionary constraint in age-associated
methylation drift, slope-filtered CpGs were annotated using PhastCon-
510.0way conservation HIOCkS (hg3£j). CPGS overlapping conis.erved dynamics. These findings imply that regulatory context—such as en-
regions were labeled as “Conserved,” while others were classified as

B R . . hancer or island status—may play a more dominant role in shaping
Not Conserved.” As shown in Figure 8, conserved CpGs exhibited a

epigenetic aging trajectories.
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Figure 8: CpG drift stratified by conservation status.

Translational Relevance

Annotated CpG drift patterns offer potential utility in transla-
tional contexts. Enhancer-linked CpGs with high drift variability
may serve as biomarkers for immune resilience, inflammaging risk,
and age-stratified vaccine responsiveness. The modular annotation
framework supports future integration into predictive models and
clinical epigenetic profiling.

Discussion
Biological Interpretation of CpG Drift

Our results reinforce the hypothesis that regulatory architec-
ture modulates age-associated methylation drift. CpGs overlapping
immune-relevant enhancers exhibited broader slope distributions
(Figure 7), suggesting increased regulatory plasticity and potential
responsiveness to environmental or inflammatory cues. This variabil-
ity may reflect dynamic transcriptional regulation in immune cells,
where enhancer-linked CpGs are more susceptible to age-related re-
modeling. In contrast, CpGs within CpG islands showed reduced drift
and tighter slope variance, consistent with their role in maintaining
transcriptional stability, consistent with prior reports of methyla-
tion stability in genomic islands3. These findings support a model in

which genomic context—particularly enhancer and island status—
shapes the trajectory of epigenetic aging. Notably, the top-ranked CpG
site, cg16867657, located within the ELOVL2 gene, demonstrated a
strong positive correlation with age (R® = 0.74; Figure 2), aligning
with prior aging clock models (Horvath [10,11]) and validating our
slope-filtering approach.

Conservation-Aware Insights

Despite the presumed functional importance of conserved ge-
nomic regions, our conservation-aware annotation revealed no statis-
tically significant difference in drift between conserved and non-con-
served CpGs (Mann-Whitney U = 5,194,634, p = 0.686; Figure 5B).
While conserved CpGs exhibited slightly narrower slope distribu-
tions, the lack of significance suggests that evolutionary constraint
does not universally stabilize methylation dynamics [12]. This finding
implies that age-associated drift may be more strongly influenced by
cell-type-specific regulatory context—such as enhancer activity—
than by sequence conservation alone.

Implications for Aging Clocks and Immune Biomarkers

Our approach extends earlier modular Al frameworks for CpG
biomarker prioritization [7] by integrating enhancer logic and con-
servation-aware annotation into drift modeling. By integrating en-
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hancer overlap, CpG island status, and immune motif enrichment into
slope-filtered CpG selection, our framework enhances the biological
interpretability of methylation drift. Annotated CpGs with strong
age-associated trajectories—particularly those linked to immune
enhancers and motifs—may serve as candidate biomarkers for im-
mune resilience, inflammaging risk, and age-stratified vaccine re-
sponsiveness. Recent work shows that methylation clocks struggle to
distinguish inflammaging from healthy aging [13]. DNA methylation
remains a robust biomarker of biological age [2,14]. DNA methyla-
tion clocks fall into categories with distinct biological consequenc-
es [15,16]. Epigenetic biomarkers can predict both lifespan and
healthspan [17]. DNA methylation profiling has also been used to
evaluate longevity interventions [18], supporting the epigenetic clock
theory of ageing [16]. The SHAP summary plot (Figure 6) highlights
key CpGs contributing to age prediction, including cg16867657 and
enhancer-linked loci, underscoring their translational relevance. The
modular design of our pipeline supports future integration into pre-
dictive aging clocks and clinical epigenetic profiling, offering a trans-
parent alternative to black-box models.

Cross-Species Relevance

Although this study focused on human immune datasets, the
modular enhancer-aware framework is readily applicable to compar-
ative epigenomics. Future work will extend these analyses to murine
and other mammalian datasets (e.g., Tabula Muris Senis, ImmGen)
to evaluate the conservation of CpG drift signatures across species
and strengthen the translational relevance of enhancer-linked aging
clocks. Similar cross-tissue epigenetic age prediction frameworks
have been reported [BJSTR [19]], supporting the translational poten-
tial of compact CpG panels [19].

Limitations

This study is constrained by the scope of available human meth-
ylation datasets and the absence of perturbation-based validation.
While immune motif scanning was implemented, transcription fac-
tor binding dynamics and enhancer activity were inferred from stat-
ic annotations. Cross-species comparisons were not included in the
current version, and the lack of single-cell resolution may obscure
cell-type-specific drift patterns. Additionally, conservation analysis
was limited to PhastCons blocks and did not incorporate functional
constraint metrics or comparative epigenomics.

Future Directions

Future work will extend this framework to include dynamic
transcription factor motif scanning, single-cell functional genomics,
and 3D chromatin architecture. Integration with multi-omics plat-
forms—such as transcriptomics, proteomics, and chromatin acces-
sibility—will enable deeper mechanistic insights into immune aging.
Cross-species validation using murine datasets (e.g.,, Tabula Muris
Senis, ImmGen) will further assess the evolutionary conservation of
drift signatures and refine enhancer-based aging clocks. Ultimately,

this approach lays the groundwork for biologically interpretable, clin-
ically actionable epigenetic biomarkers in age-stratified immunother-
apy and personalized immune health.

Conclusion

This study introduces a modular, biologically interpretable frame-
work for annotating and stratifying age-associated CpG methylation
drift in immune-relevant contexts. By integrating enhancer overlap,
CpG island status, immune motif enrichment, and conservation-aware
annotation, we categorized slope-filtered CpGs into functionally dis-
tinct groups that reflect underlying regulatory architecture and epi-
genetic stability. Our results highlight enhancer-linked CpGs as key
modulators of drift variability, exhibiting broader slope distributions
and potential responsiveness to immune activation and environ-
mental cues. In contrast, CpGs within CpG islands demonstrated re-
duced drift and tighter slope variance, consistent with their role in
transcriptional fidelity. Conservation analysis revealed no significant
constraint on drift, suggesting that regulatory context may exert a
stronger influence on epigenetic aging trajectories than sequence
preservation alone.

The framework supports translational applications in immune
aging, including the development of interpretable aging clocks and
biomarkers for vaccine responsiveness, inflammaging risk, and im-
mune resilience. Designed for reproducibility and modularity, this ap-
proach enables scalable integration with multi-omics platforms and
lays the groundwork for age-stratified clinical research and person-
alized immunoepigenetic profiling. This approach enables biomarker
discovery for age-stratified immunotherapy.

Translational Impact

This study advances the development of biologically interpre-
table aging clocks by integrating enhancer logic, immune motif en-
richment, and conservation-aware annotation into CpG drift model-
ing. The resulting framework enables stratification of age-associated
methylation signatures with direct relevance to immune resilience,
inflammaging risk, and vaccine responsiveness. Designed for repro-
ducibility and modularity, this approach supports the creation of
clinically actionable epigenetic biomarkers and lays the foundation
for age-stratified immunotherapy, personalized immune health, and
multi-omics integration in translational aging research.

Expanded Materials & Methods
Pipeline Overview

All analyses were performed using a modular Python-based pipe-
line designed for reproducibility and minimal output verbosity. The
workflow was executed locally on macOS (Jupyter/terminal setup)
and structured into discrete annotation and filtering stages:

1. Dataingestion and preprocessing.

2. Slope filtering of CpGs across age cohorts.
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3. Genomic annotation (enhancer, island, conservation).
4.  Statistical testing and visualization.
CpG Slope Filtering

1. Input: Preprocessed methylation beta values and age meta-
data.

2. Method: Linear regression of beta values vs chronological
age.

3. Thresholds: CpGs retained if slope magnitude exceeded
+0.01 and sample coverage = 80%.

4. Output: Slope-filtered CpG list with reproducible drift direc-
tion.

5. Code modules: slope_filtering.py, qc_summary.py.
6. Figure reference: Figure 1.
Genomic Annotation
. Enhancer overlap:
1.  Source: ENCODE immune enhancer tracks (hg38)
2. Tool: PyRanges for efficient BED intersection
3. Output: Binary enhancer tag per CpG
. CpG island tagging:
1. Source: UCSC CpG island BED (hg38).
2. Output: Binary island tag per CpG.
. Conservation annotation:
1. Source: UCSC PhastCons100way BED (hg38).
2.  Output: Binary conservation tag per CpG.

e Code modules: annotate_enhancer.py, annotate_island.py,
annotate_conservation.py.

e  Figure references: Figure 3, Figure 4, Figure 5.
e Table reference: Table 1.
Statistical Analysis

e  Test: Mann-Whitney U test for slope distribution compari-
sons.

e Comparison groups: Conserved vs non-conserved CpGs.
e Result: U=5,194,634; p = 0.686.

e Visualization: Box plots and slope histograms using seaborn
and matplotlib.

e Code modules: stats_tests.py, plot_slope_distributions.py.

e Figure reference: Figure 5.

e  Table reference: Table 2.
Software and Environment

. Python version: 3.10.6

o Key packages:

1. Pandas (v1.5.3)

2. PyRanges (v0.0.125)

3. Matplotlib (v3.7.1)

4. Seaborn (v0.12.2)

5.  Scipy (v1.10.1)

e Environment management: Conda (v23.3.1).

e Execution platform: macOS (local terminal and Jupyter

Notebook).
e  Workflow hygiene: Minimal outputs, modular scripts, repro-
ducible paths.
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