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ABSTRACT
Epigenetic aging in early life remains poorly characterized, and patterns of gene expression can 
provide biologically meaningful insights. Blood DNA methylation was measured using the Illumina 
EPICv1.0 array and RNA sequencing was performed in blood in 174 adolescent participants (age 
range: 14–15 years) from the CHAMACOS cohort. Thirteen widely used epigenetic clocks were 
calculated, and their associations with transcriptome-wide RNA expression were tested using the 
limma-voom pipeline. We found evidence for substantial shared associations with RNA expression 
between different epigenetic clocks, including differential expression of MYO6 and ZBTB38 across 
five clocks. The epiTOC2, principal component (PC) PhenoAge, Hannum, PedBE and PC Hannum 
clocks were associated with differential expression of the highest number of RNAs, exhibiting 
associations with 22, 8, 5, 3, and 2 transcripts respectively. Generally, biological clocks were 
associated with differential expression of more genes than chronological clocks, and PC clocks 
were associated with differential expression of more genes relative to their CpG-trained counter
parts. A total of 17 associations in our study were replicated in an independent adult sample (age 
range: 40–54 years). Our findings support the biological relevance of epigenetic clocks in adoles
cents and provide direction for selection of epigenetic ageing biomarkers in adolescent research.
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Background

Epigenetics provides a vital biomarker linking 
exposures, variation in gene expression, and 
related health outcomes [1]. Specifically, age- 
related DNA methylation changes have been 
shown to predict chronological age, leading to 
the development of epigenetic clocks. Epigenetic 
clocks are predictors of chronological and biologi
cal age derived from DNA methylation, and have 
proven to be a valuable resource for studying the 
determinants and consequences of biological aging 
in human populations. Epigenetic age acceleration 
(EAA), broadly defined as the deviation between 
one’s epigenetic age prediction and their chrono
logical age, has been found to be robustly asso
ciated with a variety of outcomes, including 
mortality, cardiovascular disease, and cognitive 
decline [2]. Similarly, epigenetic clocks can be 

sensitive to environmental exposures, including 
smoking, ambient air pollution, and early life 
adversity [3]. Epigenetic aging research has largely 
focused on adult populations, leaving epigenetic 
aging in childhood or adolescent populations rela
tively less understood. However, limited research 
in pediatric and adolescent populations has high
lighted associations between epigenetic clocks and 
measures of growth and development, suggesting 
potentially distinct associations in younger popu
lations compared to adult populations [4,5].

A myriad of epigenetic clocks have been devel
oped, each with distinct applications. These 
include several epigenetic clocks trained to predict 
chronological age, such as the Horvath panTissue 
clock, Skin&Blood clock, Hannum clock, and 
PedBE clock [6–9]. Epigenetic clocks have also 
been developed to focus on different aspects of 
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the biological aging process including GrimAge, 
PhenoAge, epiTOC2, and DunedinPACE [10–13]. 
Each of these biological clocks accomplishes this 
focus on biological aging using different 
approaches; for example, DunedinPACE uses 
DNA methylation from a single timepoint to pre
dict longitudinal trends of 19 indicators of organ 
system integrity [13]. Similarly, several existing 
epigenetic clocks have also been retrained by first 
utilizing principal component analysis (PCA) on 
the CpG-level data then training predictors on the 
principal components, with reported noise reduc
tion benefits compared to the traditional CpG- 
based training process [14].

Transcriptome-wide expression data can impart 
insightful information on the biological and func
tional consequences of epigenetic aging in humans 
by helping determine which genes are differen
tially expressed in relation to epigenetic aging. 
An in-depth analysis of associations between sev
eral common epigenetic clocks and RNA expres
sion in isolated CD14+ monocytes and the 
dorsolateral prefrontal cortex derived from an 
adult population found evidence for strong overlap 
in transcriptional associations across different epi
genetic clocks [15]. Previous studies in various 
tissue types including cortical, lung, and liver tis
sues have consistently identified associations 
between epigenetic age acceleration and transcrip
tome-wide changes in RNA expression [16–18]. 
Similarly, epigenetic age acceleration measures 
from several common epigenetic clocks including 
Horvath, Skin&Blood, GrimAge, and PhenoAge 
have been found to be associated with differential 
expression of microRNAs in blood [19]. However, 
research on the relationship between epigenetic 
aging and RNA expression in pediatric popula
tions, a period marked by rapid growth and devel
opment, is lacking.

Characterizing the transcriptomic signatures of 
epigenetic aging in pediatric populations may help 
elucidate the biological mechanisms underlying 
epigenetic aging, while also providing 
a principled method for evaluating the perfor
mance of different epigenetic clocks in terms of 
their functional consequences during this sensitive 
period of development. Here, we sought to address 
the key gaps in our understanding of epigenetic 
aging in a population of 14-year-old participants 

of the Center for the Health Assessment of 
Mothers and Children of Salinas (CHAMACOS) 
study, a primarily Latino population growing up in 
a low-income agricultural region of California, by 
performing a transcriptome-wide association study 
(TWAS) with several commonly used epigenetic 
clocks.

Methods

Study population

The Center for the Health Assessment of Mothers 
and Children of Salinas (CHAMACOS) study 
began with the recruitment of 601 pregnant 
women from farmworker communities of the 
Salinas Valley in California, starting in 
October 1999. At enrollment, women were 
≤20 weeks of gestation, English- or Spanish- 
speaking, Medicare eligible, planning to deliver at 
the county hospital, and attending prenatal care 
visits at one of six local community clinics or 
hospitals. Of the 601 initial enrollees of the cohort, 
526 were followed to delivery of live, singleton 
newborns in 2000–2001. Maternal education level 
(≤6th grade, 7th-12th grade, ≥High School 
Graduate) was obtained during pregnancy inter
views, and child sex was abstracted from medical 
records. Children were followed up at regular 
intervals throughout childhood and adolescence. 
At the 14-year visit, body mass was measured 
using a foot-to-foot bioimpedance scale (Tanita 
TBF 300A, Arlington Heights, Illinois, USA), and 
height was measured in triplicate using 
a stadiometer and averaged. BMI was calculated 
as weight in kilograms divided by height in metres 
squared and compared with sex-specific BMI-for- 
age percentile data issued by the CDC in 2000. 
A categorical BMI variable was defined as under
weight/normal weight (<85 percentile), overweight 
(≥85 percentile, <95 percentile), or obese (≥95 per
centile). When the children were 14 years of age, 
a phlebotomist collected child blood samples via 
venipuncture, which were then refrigerated and 
transported to the University of California, 
Berkeley biorepository and stored at −80 °C until 
analysis. The University of California, Berkeley 
Committee for the Protection of Human Subjects 
approved all study activities. Written, informed 
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consent was obtained from all participating 
mothers, and written assent was obtained from 
children at age 14 years.

RNA sequencing

RNA sequencing was conducted by SeqMatic 
(SeqMatic, Fremont, CA). Total RNA was 
extracted from human whole blood preserved in 
PAXgene RNA tubes using the GeneJET Stabilized 
and Fresh Whole Blood RNA Extraction Kit 
(Thermo Scientific) at the Children’s 
Environmental Health Laboratory, University of 
California, Berkeley. Prior to extraction following 
the manufacturer’s instructions, the PAXgene 
samples were thawed at 4 °C and then incubated 
at room temperature for 2 hours. The total RNA 
samples were quantified using Agilent RNA 
ScreenTape on the Agilent 4200 Tapestation and 
Invirtrogen Qubit Broad Range DNA at SeqMatic. 
The lower concentration samples were repeated on 
Agilent RNA High Sensitivity Screen tape to vali
date the tentative quality control (QC). The RNA 
integrity number (RIN) score and the percentage 
of fragments larger than 200 nucleotides (DV200) 
were calculated. The minimum requirement for 
samples to pass the RNA QC was pre-specified at 
1 ng/μl with DV200 greater than 50% as the mini
mum requirement for the downstream library pre
paration type (Illumina RNA Ligation with Ribo 
Zero Plus depletion kit). RNA samples with DNA 
contamination, where DNA was higher than 0–1% 
underwent additional DNase treatment using 
DNase I-NEB, 2UL/UL, following ‘A Typical 
DNase I Reaction Protocol’ (M0303). The DNA- 
free RNA was purified with Cytiva Sera-mag select 
beads (1: 1.8 × of beads) and eluted with 60 μl 
Nuclease free (NF) water. DNase-treated RNA 
samples were quantified again for concentration 
and DV200.

Selected purified and extracted RNA samples 
were subjugated to DNase digestion treatment 
and quantified again before starting the selected 
library preparation. Minimum RNA QC para
meters for library preparation included 10 ng of 
total RNA with DV200 greater than 50% and very 
low DNA content in RNA (0–1%). RNA Reports 
were prepared and generated using the Cloud 
LIMS system, then reviewed before library 

preparation started. Illumina Stranded Total RNA 
prep, Ligation with the Ribo Zero Plus kit was 
used for RNA Sequencing library preparation. 
A total RNA input of up to 100 ng per sample 
was used as the starting material, and NF water 
was added to make the initial reaction volume to 
a minimum of 11 μl. Illumina Total RNA ligation 
with Ribo Zero Plus kit was selected to facilitate 
rich transcriptome analysis by depleting the ribo
somal RNAs and globin RNAs while targeting long 
RNA species for library preparation. Total RNA 
libraries were pooled by equal volume by using 
Echo Lab Cyte for sequencing a small-scale test 
on MiSeq sequencer. The equal volume pool had 
the adapter dimer removed by using Cytiva Sera- 
mag beads and then quantified for concentration 
using an Agilent D1000 Screen. Library pool size 
420 bp with sufficient concentration was carried 
forward to downstream dilution. The pool was 
diluted with HT1 hybridization Buffer and quan
tified by qPCR before loading into MiSeq. 
Normalized pool ratios were checked again in 
another small-scale MiSeq run before the final 
sequencing on the NovaSeq run.

RNA sequencing QC of fastq files was per
formed using FastQC and multiQC [20,21]. 
Import and processing of fastq files was performed 
using the Rsubread R package [22]. Raw sequence 
data was aligned to the GRCh38/hg38 genome 
build using the align function, and fragments 
were assigned and quantified using the 
featureCounts function. Normalization factors for 
library size were calculated using the trimmed 
mean of M-values (TMM) method [23]. Genes 
with a mean expression level of < 1 log counts 
per million were removed, leaving 15,358 RNAs 
for analysis.

DNA Methylation
A sample of 187 adolescents from the 
CHAMACOS cohort had stored blood samples 
available for DNA methylation analysis at the age 
of 14 years. DNA was isolated from the banked 
blood samples using QIAamp DNA Blood Maxi 
Kits (Qiagen, Valencia, CA, USA) according to the 
manufacturer’s protocol, with minor modifica
tions, as previously described [24]. DNA aliquots 
of 1 μg were bisulphite converted using Zymo 
Bisulfite Conversion Kits (Zymo Research, 
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Orange, CA). DNA was amplified, enzymatically 
fragmented, purified, and applied to the Illumina 
Infinium EPICv1 BeadChips (Illumina, San Diego, 
CA, USA) according to the Illumina methylation 
protocol to measure DNA methylation. The EPIC 
chips were analysed using an Illumina Hi-Scan 
system. QC steps included the use of replicates 
and randomization of samples across chips and 
plates [25]. Methylation data were imported into 
R statistical software for preprocessing using minfi 
[26]. We first performed QC at the sample level, 
excluding samples with overall low intensities 
(<10.5) and technical replicates. We computed 
detection p values relative to the control probes 
and excluded probes with non-significant detec
tion (p > 0.01). We preprocessed our data using 
functional normalization [27], adjusted for probe- 
type bias using the regression on correlated probes 
method [28], and used ComBat from the sva pack
age to adjust for sample plate as a technical batch 
[29]. We visualized the data using density distribu
tions at all processing steps and performed PC 
analyses to examine the associations of methyla
tion variability with technical, biological, and mea
sured traits and global DNAm variation using 
PCA plots. The estimated proportions of CD8T, 
CD4T, B cells, monocytes, and granulocytes were 
calculated using EpiDish [30].

We calculated six epigenetic clocks using the 
methylCIPHER R package, including Horvath’s 
panTissue clock, Skin&Blood, Hannum, PedBE, 
PhenoAge, and epiTOC2 [31]. The DunedinPACE 
measure was calculated using the corresponding 
R package [13], and GrimAge and its component 
measures were calculated using the Clock 
Foundation online calculator [6]. We additionally 
calculated the principal component versions of 
Horvath’s panTissue clock, Skin&Blood, Hannum, 
PhenoAge, GrimAge, and GrimAge components 
[14]. A full list of all included epigenetic clock 
measures is presented in Supplemental Table S1.

Statistical Analysis
The fit of each epigenetic age prediction to chron
ological age was assessed using Pearson’s correla
tion coefficients and median absolute errors 
(MAE). (Supplemental Figure S1) Correlations 
between epigenetic age measures from each clock 
are presented in Supplemental Figure S2, and the 

number of CpG sites used by each epigenetic clock 
and the number of CpG sites shared between epi
genetic clocks is presented in Supplemental Figure 
S3. To determine the strength of associations 
between each of the covariates and RNA expres
sion, exploratory bivariate models considering each 
of the estimated cell proportions, child sex, chron
ological age, maternal education, and BMI were run 
using limma-voom pipeline from the EdgeR package 
using TMM normalized counts [32,33]. 
Associations between epigenetic age measures and 
transcriptome-wide RNA expression were calcu
lated using the limma-voom pipeline, using TMM 
normalized counts and two levels of covariate 
adjustment. Minimally-adjusted models were 
adjusted for maternal education level during preg
nancy, chronological age, and child sex, while fully- 
adjusted models were further adjusted for five cell- 
type proportions (CD8T, CD4T, B cells, monocytes, 
and granulocytes) calculated using EpiDish and 
child BMI category. Associations exhibiting Holm- 
Bonferroni-adjusted p-values <0.05 considering the 
number of independent tests to be 199,654 (15,358 
genes * 13 clocks) were judged to be statistically 
significant. Furthermore, associations exhibiting 
Holm-Bonferroni-adjusted p-values <0.05 consid
ering the number of independent tests to be 15,358 
are discussed as suggestive. Genomic inflation fac
tors (lambdas) were calculated for each model series 
to examine the potential for unmeasured 
confounding.

Enrichment of KEGG pathways for clocks 
exhibiting associations with at least five sugges
tive or significant differentially expressed RNAs 
was determined using the enrichKEGG function 
in the clusterProfiler R package, and KEGG 
pathways with an FDR-adjusted p-value <0.05 
were considered significant [34]. Finally, we 
implemented Hallmark gene set enrichment test
ing using the msigdbr R package for clocks exhi
biting at least five suggestive or significantly 
differentially expressed RNAs to further charac
terize potential biological processes implicated 
in our findings [35,36]. As a sensitivity analysis, 
we further examined univariate associations 
between GrimAge plasma protein components 
and expression of their corresponding tran
scripts using univariate generalized linear 
regression.
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Next, we examined the extent to which the 
observed associations between each epigenetic 
clock and RNA expression in adolescents repli
cated in an unrelated population of 136 healthy 
adults from the public GEO GSE224624 dataset 
[37]. DNA methylation data from the GSE224624 
dataset was used to generate epigenetic age mea
sures and DNAm-derived cell proportion esti
mates as described above. RNAseq gene 
expression counts were expressed in TMM nor
malized counts, and associations between epige
netic age measures and transcriptome-wide RNA 
expression were calculated using limma models 
with empirical Bayes adjustment, further adjusted 
for participant sex, chronological age, and five 
cell-type proportions (CD8T, CD4T, B cells, 
monocytes, and granulocytes). Only significant 
or suggestive associations identified in the fully- 
adjusted analysis in the CHAMACOS cohort were 
tested for replication. Of the 60 unique genes 
found to be suggestively or significantly asso
ciated with an epigenetic age measure in the 
fully-adjusted CHAMACOS models, 39 were 
detected in the validation sample, allowing for 
testing of 62 of the 93 clock-RNA associations 
in the validation sample. Associations exhibiting 
Holm-Bonferroni-adjusted p-values <0.05 are dis
cussed as significant, and all associations with 
unadjusted p-values <0.05 are further discussed 
as suggestive.

Results

Study population and introductory analysis

Study participants included 174 adolescent partici
pants of the CHAMACOS cohort ranging from 14.0 

to 15.1 years of age (SD = 0.22) at the time of sample 
collection. (Table 1) 54.6% of the study participants 
were female, 56.9% of the study population were 
overweight or obese, and 43% of the participants’ 
mothers had less than or equivalent to a 6th grade 
education at the time of study enrollment.

The highest correlation between epigenetic age 
and chronological age was observed with the 
Skin&Blood clock (r = 0.156), while the lowest 
median absolute error was observed with the 
Horvath clock (MAE = 1.98), however, the limited 
age range of study participants (14 to 15.1 years) 
limits the ability to effectively evaluate the fit of 
epigenetic clocks. (Supplemental Figure S1) 
Epigenetic age measures from most of the 
included epigenetic clocks were moderately to 
strongly correlated with each other, with correla
tions ranging from −0.16 to 0.89. (Supplemental 
Figure S2) Some of the strongest correlations 
between epigenetic age measures were observed 
between the PC Horvath and PC Skin&Blood (r  
= 0.89) clocks, as well as between the PC Horvath 
and PC Hannum (r = 0.87) clocks. All of the 
included CpG-trained clocks shared at least 1 
CpG site with another clock, however, relatively 
few CpG sites were shared between multiple epi
genetic clocks, with the Horvath and Skin&Blood 
clocks sharing the most CpG sites (60 shared 
sites). (Supplemental Figure S3) The exploratory 
bivariate TWAS on each of the covariates revealed 
that DNAm-derived estimates of cell proportions 
were strongly associated with differential expres
sion, ranging from 291 differentially expressed 
RNAs in relation to Monocyte cell proportion to 
5,066 RNAs in relation to Granulocyte cell propor
tion. BMI category was associated with differential 
expression of 6 genes, sex was associated with 116 

Table 1. Study population demographics. Count 
(%) provided for categorical variables and mean 
(range) provided for continuous variables.

Trait Distribution

Chronological age (years) 14.1 (14.0–15.1)
Sex
Male 79 (45.4%)
Female 95 (54.6%)
BMI Category
Underweight/Normal 75 (43.1%)
Overweight 34 (19.5%)
Obese 65 (37.4%)
Maternal Education
≤6th grade 75 (43.1%)
7th-12th grade 60 (34.5%)
≥High School Graduate 39 (22.4%)
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genes, and maternal education was not associated 
with gene expression. Interestingly, in bivariate 
models, chronological age was only associated 
with differential expression of two genes (ATG13: 
logFC = −0.32, 95% CI: −0.43, −0.20; ACTA1: 
logFC = −0.74, 95% CI: −1.02, −0.46), likely due 
to the limited chronological age range of our study 
sample.

Transcriptomic analysis

The minimally-adjusted models adjusted for 
maternal education level during pregnancy, chron
ological age, and child sex produced a large num
ber of hits for most epigenetic clocks (0 to 2,826 
genes; Holm-Bonferroni p-value <0.05), with 
a general trend of a greater number of associations 
identified with biological clocks (172 to 2,826 
genes) compared to chronological clocks (0 to 
1,818 genes), and a greater number of associations 
identified PC-trained clocks (202 to 2,826 genes) 
compared to their corresponding CpG-trained 
clocks (0 to 2,067 genes). (Table 2) There was 
a high degree of overlap in significant associations 
identified for different clocks, including differen
tial expression of lymphoid enhancer binding fac
tor 1 (LEF1) and SATB homeobox 1 (SATB1) 
across 10 epigenetic clocks. Because of evidence 
for inflation in the minimally-adjusted models 

(Supplemental Table S2) and strong associations 
between estimated cell proportions and gene 
expression in the introductory analysis, we focus 
most interpretation on the fully-adjusted models, 
which were additionally adjusted for the five esti
mated cell type proportions and BMI.

Complete summaries of all significant associa
tions observed for each clock from the fully- 
adjusted models are summarized in Table 3. In 
the fully-adjusted models, the epiTOC2, PC 
PhenoAge, Hannum, PedBE, and PC Hannum 
measures were associated with differential expres
sion of the highest number of genes, with 22, 8, 5, 
3, and 2 RNAs respectively. (Table 2) 
(Supplemental Figure S4) A total of 24 RNAs 
were found to be suggestively or significantly dif
ferentially expressed across multiple epigenetic 
clocks. (Figure 1) When considering suggestive 
and significant associations, the highest degree of 
overlap in differential expression of a single RNA 
across multiple clocks was observed with differen
tial expression of MYO6 (myosin VI) in response 
to epigenetic age measures from 5 clocks 
(Hannum, PedBE, epiTOC2, PC Skin&Blood, and 
PC Hannum), as well as differential expression of 
ZBTB38 (zinc finger and BTB domain containing 
38) in response to epigenetic age measures from 5 
clocks (Hannum, PhenoAge, epiTOC2, PC 
Hannum, and PC PhenoAge). The highest degree 

Table 2. Summary detailing the number of RNA associations for each epigenetic clock. The number of component 
CpGs is specified for each non-PC clock. Minimal models were adjusted for chronological age, maternal education, and 
child sex, while fully adjusted models were additionally adjusted for BMI, and estimated cell proportions. RNA 
associations were considered significant if exhibiting a stringent Holm-Bonferroni-adjusted p-value <0.05 (considering 
199,654 independent tests), and considered suggestive if exhibiting a Holm-Bonferroni-adjusted p-value <0.05 
(considering 15,358 independent tests).

Minimally-Adjusted Fully-Adjusted

Clock
CpGs 

in Clock
RNA Hits 

(suggestive)
RNA Hits 

(significant)
RNA Hits 

(suggestive)
RNA Hits 

(significant)

Chronological Clocks
Horvath 353 0 0 0 0
Skin&Blood 391 6 2 0 0
Hannum 71 467 231 10 5
PedBE 94 197 65 9 3
PC Horvath — 512 202 0 0
PC Skin&Blood — 1499 918 3 0
PC Hannum — 2637 1818 11 2
Biological Clocks
GrimAge 1030 429 172 0 0
PhenoAge 513 2907 2067 1 0
DunedinPACE 173 484 209 1 1
epiTOC2 163 501 276 33 22
PC GrimAge — 3279 2496 3 0
PC PhenoAge — 3656 2826 22 8
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of overlap between two epigenetic clocks, shared 
suggestive and significant associations with 10 
RNAs, was found between epiTOC2 and the 
Hannum clock. We also found substantial overlap 
in associations observed between PC-trained 
clocks and their CpG-trained counterparts in the 
minimally-adjusted models, ranging from 
50–100% of associations identified with the CpG 
clocks also being found with the corresponding PC 
clocks, with relatively less overlap in the fully- 
adjusted models, ranging from 20–100% of asso
ciations identified with the CpG clocks also being 
found with the corresponding PC clocks for clocks 
exhibiting suggestive or significant associations 

with both the CpG and PC-trained versions. 
(Supplemental Table S3)

In addition to the shared association across 
several clocks, 36 RNAs exhibited distinct associa
tions with only a single clock. DunedinPACE was 
associated with differential expression of 
RAP1GAP (logFC = 9.83, 95% CI: 6.68, 12.98). 
Distinct associations in relation to epiTOC2 
included differential expression of KIF21A 
(logFC = 5.6E–04, 95% CI: 3.9E–04, 7.3E–04) and 
TGFBR3 (logFC = 5.0E–04, 95% CI: 3.4E–04, 
6.7E–04). PC PhenoAge was associated with dif
ferential expression of several distinct RNAs 
including NOG (logFC = −0.07, 95% CI: −0.09, 

Table 3. Significant RNA associations from fully-adjusted models, adjusted for chronological age, maternal education, child sex, BMI, 
and estimated cell proportions. RNA hits were considered significant with a stringent Holm-Bonferroni-adjusted p-value <0.05. Effect 
estimates correspond to the expected log-fold change in expression for a 1-unit increase in epigenetic age.

Clock logFC 95% CI P-Value Gene ID Gene Name

Hannum 0.10 0.07, 0.13 1.22E–09 KLRA1P killer cell lectin like receptor A1, pseudogene
Hannum 0.11 0.07, 0.14 3.96E–09 MYO6 myosin VI
Hannum 0.05 0.03, 0.07 1.45E–07 PPP2R2B protein phosphatase 2 regulatory subunit Bbeta
Hannum 0.10 0.06, 0.13 1.71E–07 GZMH granzyme H
Hannum 0.03 0.02, 0.05 2.02E–07 ZBTB38 zinc finger and BTB domain containing 38
PedBE 0.43 0.29, 0.57 3.77E–09 FCRL6 Fc receptor like 6
PedBE 0.58 0.38, 0.77 3.64E–08 ZNF365 zinc finger protein 365
PedBE 0.53 0.34, 0.71 5.20E–08 MYO6 myosin VI
DunedinPACE 9.83 6.68, 12.98 5.25E–09 RAP1GAP RAP1 GTPase activating protein
epiTOC2 8.2E–04 6.0E–04, 1.0E–03 1.54E–11 FCRL6 Fc receptor like 6
epiTOC2 1.1E–03 8.0E–04, 1.4E–03 4.56E–11 ZNF365 zinc finger protein 365
epiTOC2 1.0E–03 7.4E–04, 1.3E–03 5.89E–11 MYO6 myosin VI
epiTOC2 1.0E–03 7.3E–04, 1.3E–03 3.37E–10 GZMH granzyme H
epiTOC2 5.6E–04 3.9E–04, 7.3E–04 7.08E–10 KIF21A kinesin family member 21A
epiTOC2 9.6E–04 6.6E–04, 1.3E–03 1.53E–09 CADM1 cell adhesion molecule 1
epiTOC2 8.2E–04 5.6E–04, 1.1E–03 2.18E–09 TPRG1 tumor protein p63 regulated 1
epiTOC2 1.3E–03 8.7E–04, 1.7E–03 2.81E–09 GLB1L2 galactosidase beta 1 like 2
epiTOC2 3.4E–04 2.3E–04, 4.5E–04 4.34E–09 ZBTB38 zinc finger and BTB domain containing 38
epiTOC2 5.0E–04 3.4E–04, 6.7E–04 5.79E–09 TGFBR3 transforming growth factor beta receptor 3
epiTOC2 8.3E–04 5.6E–04, 1.1E–03 6.52E–09 KLRA1P killer cell lectin like receptor A1, pseudogene
epiTOC2 1.1E–03 7.1E–04, 1.4E–03 1.24E–08 ARHGEF28 Rho guanine nucleotide exchange factor 28
epiTOC2 1.0E–03 6.8E–04, 1.4E–03 3.00E–08 LINC00943 long intergenic non-protein coding RNA 943
epiTOC2 9.0E–04 5.9E–04, 1.2E–03 3.93E–08 KIAA1671 KIAA1671
epiTOC2 1.4E–03 9.0E–04, 1.9E–03 6.25E–08 EFNA5 ephrin A5
epiTOC2 4.1E–04 2.7E–04, 5.5E–04 7.09E–08 GFI1 growth factor independent 1 transcriptional repressor
epiTOC2 4.9E–04 3.2E–04, 6.7E–04 8.52E–08 PPP2R2B protein phosphatase 2 regulatory subunit Bbeta
epiTOC2 4.1E–04 2.7E–04, 5.6E–04 8.97E–08 MAF MAF bZIP transcription factor
epiTOC2 9.3E–04 6.0E–04, 1.3E–03 9.03E–08 KLRC3 killer cell lectin like receptor C3
epiTOC2 1.1E–03 7.1E–04, 1.5E–03 1.12E–07 KLRC2 killer cell lectin like receptor C2
epiTOC2 7.1E–04 4.5E–04, 9.7E–04 1.78E–07 SOX13 SRY-box transcription factor 13
epiTOC2 4.6E–04 2.9E–04, 6.3E–04 1.99E–07 EOMES eomesodermin
PC Hannum 0.09 0.06, 0.12 1.10E–07 ACSM1 acyl-CoA synthetase medium chain family member 1
PC Hannum 0.09 0.06, 0.12 2.50E–07 CYSLTR2 cysteinyl leukotriene receptor 2
PC PhenoAge −0.05 −0.06, −0.03 1.09E–08 PLXDC1 plexin domain containing 1
PC PhenoAge 0.03 0.02, 0.04 1.64E–08 ZBTB38 zinc finger and BTB domain containing 38
PC PhenoAge 0.04 0.02, 0.05 2.66E–08 INPP1 inositol polyphosphate-1-phosphatase
PC PhenoAge 0.09 0.06, 0.12 4.96E–08 WFDC21P WAP four-disulfide core domain 21, pseudogene
PC PhenoAge −0.07 −0.09, −0.04 8.16E–08 NOG noggin
PC PhenoAge 0.11 0.07, 0.15 2.09E–07 SIGLEC8 sialic acid binding Ig like lectin 8
PC PhenoAge 0.07 0.05, 0.10 2.24E–07 FRRS1 ferric chelate reductase 1
PC PhenoAge −0.05 −0.06, −0.03 2.28E–07 CCR7 C-C motif chemokine receptor 7
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−0.04) and FRRS1 (logFC = 0.07, 95% CI: 0.05, 
0.10). PC GrimAge was suggestively associated 
with the differential expression of three immuno
globulins: IGKV2D–30 (logFC = 0.27, 95% CI: 
0.16, 0.37), IGLV3–1 (logFC = 0.26, 95% CI: 0.16, 
0.36), and IGKV4–1 (logFC = 0.22, 95% CI: 
0.13, 0.30).

The GrimAge clock is a composite epigenetic 
clock consisting of seven epigenetic estimators of 
plasma protein levels (adrenomedullin (ADM), 
beta-2-microglobulin (B2M), cystatin C, growth 
differentiation factor 15 (GDF15), leptin, plasmi
nogen activator inhibitor 1 (PAI1), and tissue inhi
bitor metalloproteinase 1 (TIMP1)) and smoking 
pack-years [10]. We further examined potential 
associations between GrimAge components and 
their corresponding transcripts. Excluding leptin, 
which was not detected at a sufficiently high fre
quency in the study population, 3/6 CpG-trained 
and 4/6 PC-trained GrimAge components were 
positively associated (unadjusted p-values <0.05) 
with expression of their corresponding transcripts, 

indicating that GrimAge performs well in the ado
lescent study population despite being trained in 
an entirely adult sample. (Supplemental Table S4).

Each clock’s epigenetic age estimates are 
derived from DNA methylation measurements 
from CpG sites throughout the genome, so we 
next set out to determine the extent to which 
observed suggestive and significant associations 
are directly related to the genes mapped to each 
clock’s CpG sites. In the minimally-adjusted mod
els, 77 PhenoAge associations, 17 GrimAge asso
ciations, 6 DunedinPACE associations, 1 
epiTOC2 association, and 1 Hannum association 
were observed in genes mapped directly to com
ponent CpG sites. No associations were observed 
in genes mapped to component CpG sites in the 
fully-adjusted models, indicating that the 
observed associations are largely related to the 
overall epigenetic age signal, rather than being 
driven by associations related to changes in 
methylation at individual component CpG sites. 
A complete summary of each fully-adjusted 

Figure 1. Number of suggestively or significantly differentially expressed RNAs associated with each epigenetic clock and number of 
common associations among clocks from the fully-adjusted models. Color corresponds to the degree of overlap (blue = 2 clocks, red  
= 3 clocks, green = 4 clocks, and yellow = 5 clocks).
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TWAS is provided in Supplemental Tables 
S5–17 [38].

Biological pathway enrichment

Using all genes found to be suggestively or signifi
cantly associated with an epigenetic clock as input 
for biological pathway enrichment, several KEGG 
pathways were found to be enriched in the mini
mally-adjusted models across multiple epigenetic 
clocks (FDR < 0.05). The Leishmaniasis (hsa05140) 
pathway was found to be significantly enriched 
across 10 different epigenetic clocks. In contrast, 
no KEGG pathways were significantly enriched for 
any of the epigenetic clocks in the fully-adjusted 
models. We then implemented hallmark gene set 
enrichment testing to further characterize the 
potential biological processes implicated in our 
findings. Several pathways were found to be sig
nificantly enriched across multiple clocks in the 
minimally-adjusted models, including 
Inflammatory Response and TNFa Signaling via 
NFKb, which were both found to be enriched 
across nine epigenetic clocks (FDR < 0.05). In the 
fully-adjusted models, the only significant pathway 
after multiple testing adjustment was the epithe
lial-mesenchymal transition pathway in relation to 
the PedBE clock.

External replication

We next examined the consistency of our results 
in an unrelated adult population by testing for 
replication of suggestive and significant findings 
in the GSE224624 external dataset consisting of 
136 adults aged 40 to 54 years [37]. A total of 17 
associations in the CHAMACOS sample were 
found to exhibit the same direction of association 
and an unadjusted p-value <0.05 in the 
GSE224624 dataset. (Table 4) This included nine 
associations related to epiTOC2, one association 
related to the PC Hannum clock, and seven asso
ciations related to PC PhenoAge. Among these 
associations, only one positive association between 
epiTOC2 and differential expression of NUGGC 
(logFC = 3.5E–04, 95% CI: 1.7E–04, 5.4E–04) 
remained significant after multiple testing 
adjustment.

Discussion

We performed a systematic cross-sectional analysis 
of transcriptomic associations with commonly 
used epigenetic clocks in an adolescent population. 
Within our primary study sample, the highest 
number of differentially expressed genes in fully- 
adjusted models were observed with the epiTOC2, 
PC PhenoAge, Hannum, PedBE, and PC Hannum 

Table 4. Validated RNA associations from the GSE224624 dataset. Associations found to be suggestive or significant in the 
CHAMACOS sample and found to exhibit both the same direction of effect and an unadjusted p-value <0.05 in the GSE224624 
dataset are displayed. ** indicates an association with a Holm-Bonferroni-adjusted p-value <0.05 in the GSE224624 dataset.

CHAMACOS Population GSE224624 Population

Clock logFC 95% CI P Value logFC 95% CI P Value Gene Name

epiTOC2** 6.8E–04 4.1E–04, 9.6E–04 2.55E–06 3.5E–04 1.7E–04, 5.4E–04 2.93E–04 NUGGC
epiTOC2 1.0E–03 7.4E–04, 1.3E–03 5.89E–11 3.1E–04 9.6E–05, 5.3E–04 5.18E–03 MYO6
epiTOC2 1.0E–03 7.3E–04, 1.3E–03 3.37E–10 2.9E–04 4.1E–05, 5.3E–04 2.23E–02 GZMH
epiTOC2 9.0E–04 5.9E–04, 1.2E–03 3.93E–08 2.9E–04 1.3E–05, 5.7E–04 4.01E–02 KIAA1671
epiTOC2 7.1E–04 4.5E–04, 9.7E–04 1.78E–07 1.9E–04 8.3E–06, 3.6E–04 4.04E–02 SOX13
epiTOC2 −4.6E–04 −6.4E–04, −2.9E–04 5.88E–07 −2.6E–04 −5.1E–04,-2.0E–05 3.44E–02 ATP6V0E2-AS1
epiTOC2 5.2E–04 3.2E–04, 7.3E–04 1.34E–06 2.0E–04 3.8E–05, 3.7E–04 1.66E–02 MCOLN2
epiTOC2 7.4E–04 4.5E–04, 1.0E–03 1.92E–06 2.4E–04 6.4E–05, 4.1E–04 7.43E–03 RAB11FIP5
epiTOC2 3.4E–04 2.0E–04, 4.7E–04 2.15E–06 1.0E–04 1.3E–05, 2.0E–04 2.62E–02 SYT11
PC Hannum 0.08 0.04, 0.11 2.40E–06 0.03 0.00, 0.06 2.40E–02 PIK3R6
PC PhenoAge −0.05 −0.06, −0.03 1.09E–08 −0.03 −0.05, −0.01 6.37E–03 PLXDC1
PC PhenoAge −0.07 −0.09, −0.04 8.16E–08 −0.05 −0.08, −0.02 4.22E–03 NOG
PC PhenoAge −0.05 −0.06, −0.03 2.28E–07 −0.02 −0.03, −0.01 5.23E–03 CCR7
PC PhenoAge 0.09 0.05, 0.12 7.94E–07 0.04 0.00, 0.08 4.09E–02 SLC29A1
PC PhenoAge −0.04 −0.06, −0.03 1.97E–06 −0.03 −0.05, −0.01 2.15E–03 GPA33
PC PhenoAge −0.03 −0.04, −0.02 1.99E–06 −0.02 −0.03, −0.01 2.70E–03 TRABD2A
PC PhenoAge 0.06 0.04, 0.09 2.38E–06 0.03 0.00, 0.05 2.70E–02 PIK3R6
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clocks. Our findings support the biological rele
vance of epigenetic clocks in adolescents, an age 
group that was not included in the training sam
ples for several of the included epigenetic clocks, 
and may provide guidance for the selection of 
epigenetic aging biomarkers for research in ado
lescent populations. Furthermore, the 
CHAMACOS study sample represents a primarily 
Latino community, a population overlooked in the 
development of most epigenetic clocks. We found 
evidence of substantial overlap in differentially 
expressed RNAs when using epigenetic age mea
sures derived from different clocks. Most epige
netic clocks tend to share relatively few CpG sites 
and epigenetic age measures from different clocks 
were only moderately correlated with each other, 
suggesting that shared associations are unlikely to 
be related to shared component CpG sites or direct 
correlation between epigenetic aging measures. 
For example, the Hannum and epiTOC2 clocks 
were found to share suggestive or significant asso
ciations with differential expression of 10 RNAs, 
but shared no CpG sites and their epigenetic age 
measures only had a relatively low correlation 
of 0.25.

A total of 24 RNAs were found to be suggestively or 
significantly differentially expressed across multiple 
epigenetic clocks in the fully-adjusted models. 
Myosin VI (MYO6), a motor protein involved in 
intracellular vesicle and organelle transport, and zinc 
finger and BTB domain containing 38 (ZBTB38), 
a transcriptional activator that binds methylated 
DNA, were both differentially expressed in response 
to epigenetic age estimates from five distinct clocks. 
Dysregulation of MYO6 has been implicated in the 
progression of several cancers including breast cancer 
[39], and MYO6 has been found to be upregulated in 
mouse hippocampus in response to traumatic stress 
exposure [40]. Psychosocial stressors have been found 
to be major contributors to epigenetic aging in a range 
of studies [41,42], which may be reflected in our 
findings of consistent positive associations between 
multiple epigenetic clocks and MYO6 expression. 
ZBTB38 has been implicated in a wide range of down
stream processes including cell survival, homeostasis, 
and cancer progression [43–46]. ZBTB38 polymorph
isms and expression have previously been implicated 
in birth size and growth rates [47], and epigenetic 
clocks have previously been associated with birth 

size and pubertal timing in pediatric populations 
[4,5]. Therefore, our finding of consistent differential 
expression of ZBTB38 across multiple epigenetic 
clocks may be reflective of associations between epi
genetic age estimates and altered growth patterns 
within the study population. Epigenetic age measures 
from four clocks were found to be associated with 
differential expression of Granzyme H (GZMH), 
a serine protease that is highly expressed in NK cells 
and is involved in NK-mediated apoptosis [48]. 
Epigenetic age measures from three clocks were 
found to be associated with differential expression of 
Fc receptor like 6 (FCRL6), a protein involved in cell 
surface receptor signaling. FCRL6 is an indicator of 
cytotoxic effector lymphocytes that is upregulated in 
conditions with chronic immune stimulation [49].

In addition to associations shared across several 
clocks, 36 significant or suggestive associations 
were found to be specific to a single clock in the 
fully-adjusted models. Each epigenetic clock was 
trained in unique samples, and, in the case of the 
biological clocks, trained to predict unique aspects 
of biological aging, which may help explain why 
different clocks exhibited unique associations. 
DunedinPACE was associated with differential 
expression of RAP1 GTPase activating protein 
(RAP1GAP). RAP1GAP plays a role in tumor sup
pression and the epithelial-mesenchymal transi
tion, and lower expression has been implicated in 
poorer prognosis scores in several cancer types 
[50,51]. More research is required to help under
stand whether this finding of differential expres
sion of RAP1GAP is related to the unique design 
of DunedinPACE, which captures the longitudinal 
changes in 19 indicators of multi-organ integrity. 
EpiTOC2, which is designed to capture the cumu
lative number of stem cell divisions in a tissue, was 
associated with differential expression of the high
est number of genes in our primary study popula
tion, with nine associations further validated in an 
external adult population. Differential expression 
of unique genes in relation to epiTOC2 included 
higher expression of Kinesin Family Member 21A 
(KIF21A), a kinesin-like motor protein involved in 
neurodevelopment and cancer progression [52,53]. 
KIF21A has also been found to be overexpressed in 
patients with Down syndrome compared to con
trols [54]. EpiTOC2 was also associated with 
higher expression of LINC00943, a long non- 
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protein coding RNA previously found to be asso
ciated with gastric cancer and hepatocellular car
cinoma progression [55,56]. The PC Hannum 
clock was suggestively associated with higher 
expression of Ankyrin Repeat and SOCS Box 
Containing 2 (ASB2), a protein involved in the 
regulation of NK cell migration [57], as well as 
Sphingomyelin Phosphodiesterase 3 (SMPD3), 
a protein involved in the regulation of skeletal 
development [58]. The PC PhenoAge clock was 
associated with differential expression of several 
distinct RNAs including noggin (NOG) and ferric 
chelate reductase 1 (FRRS1). Noggin is a key sig
naling molecule that plays a role in early pattern
ing during embryonic development and has been 
suggested to be involved in processes such as adi
pogenesis and osteoblastogenesis [59,60]. 
PhenoAge is a DNAm-based predictor of pheno
typic age that incorporates several biomarkers 
including serum glucose levels. Noggin has been 
previously found to influence serum glucose levels 
[61], which may explain the unique association 
between PC PhenoAge and differential expression 
of noggin. FRRS1 is involved in the reduction of 
ferric iron and overexpression has previously been 
observed in the blood of children with asthma, 
dermatitis, and rhinitis [62]. The PC GrimAge 
clock was suggestively associated with higher 
expression of several immunoglobulins involved 
in the immune response including IGKV2D–30, 
IGLV3–1, and IGKV4–1. GrimAge is a composite 
epigenetic clock consisting of several components 
related to immune function and inflammation, 
including B2M and GDF15, which may explain 
the unique associations between PC GrimAge 
and differential expression of these 
immunoglobulins.

A total of 17 associations identified in relation 
to epiTOC2, PC Hannum, and PC PhenoAge in 
the CHAMACOS cohort were replicated in an 
unrelated adult population, indicating some 
commonality in associations between adoles
cents and adults. EpiTOC2 was suggestively 
associated with higher expression of Mucolipin 
TRP Cation Channel 2 (MCOLN2), a cation 
channel protein that plays a role in chemokine 
release and innate immunity [63]. EpiTOC2 was 
also suggestively associated with higher expres
sion of RAB11 Family Interacting Protein 5 

(RAB11FIP5), a Rab11 effector protein involved 
in immune response and NK cellular function 
[64], as well as SRY-Box Transcription Factor 13 
(SOX13), a critical transcription factor involved 
in the regulation of embryonic development and 
progression of several cancer types [65,66]. 
MYO6 and GZMH, which were consistently 
associated with a number of epigenetic clock 
measures in the CHAMACOS population, were 
also found to be suggestively associated with 
epiTOC2 in the adult population. Both the PC 
Hannum and PC PhenoAge clocks were sugges
tively associated with higher expression of 
Phosphoinositide-3-Kinase Regulatory Subunit 
6 (PIK3R6), a lipid kinase implicated in clear 
cell renal cell carcinoma progression [67]. PC 
PhenoAge was also suggestively associated with 
lower expression of glycoprotein A33 (GPA33), 
a cell surface antigen involved in CD4+ T cell 
function [68], as well as lower expression of 
C-C Motif Chemokine Receptor 7 (CCR7), 
a GPCR expressed in several immune cells with 
relevance towards immune cell migration and 
autoimmune disease [69,70].

Several of the epigenetic clocks examined in our 
study, including each of the biological clocks, did 
not include pediatric participants in their training 
samples. Accordingly, several epigenetic clocks 
exhibited poor fit with chronological age in our 
primary study sample, although our ability to 
effectively evaluate the fit of the clocks was limited 
by the narrow age range of the study participants. 
However, our analysis aimed to examine the bio
logical relevance of epigenetic age estimates, rather 
than directly evaluating the fit of epigenetic clocks 
with chronological age, and we found substantial 
evidence for differential expression of RNA in 
response to epigenetic age estimates from several 
epigenetic clocks. Similarly, previous studies have 
found associations between exposures, including 
childhood maltreatment and community violence, 
and epigenetic aging of biological clocks in ado
lescent populations [71,72], supporting the appli
cation of biological clocks in adolescents. 
Furthermore, most of the GrimAge component 
plasma protein predictors were found to be posi
tively associated with expression of their corre
sponding transcripts, providing additional 
support that these predictors perform well despite 
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the original training sample not including paedia
tric samples. Taken together, these findings sug
gest that epigenetic clocks developed in entirely 
adult populations may still serve as useful biomar
kers in adolescents.

Our study is subject to some limitations. First, 
our primary study sample consisted of adolescents 
from the CHAMACOS cohort ranging in age from 
14 to 15 years, which may limit the generalizability 
of our findings to other populations and wider age 
groups. However, our work adds to the ongoing 
necessity of expanding epigenetics research to 
more diverse populations and addresses the press
ing lack of research characterizing the impact of 
epigenetic aging in adolescents. Additionally, we 
were able to validate a portion of our findings in 
an unrelated adult population. Second, DNA 
methylation and RNA expression data were 
obtained from a mixed cell-type population, 
which limits cell-type specificity and generalizabil
ity to other tissue types. However, we adjusted for 
cell-type estimates, which effectively reduced the 
genomic inflation factors, suggesting proper con
trol for cell-type heterogeneity within our analysis. 
Third, our study featured a relatively modest sam
ple size. Fourth, our study utilized DNA methyla
tion and RNA sequencing data measured at the 
same timepoint, which limited our analysis to 
examining cross-sectional associations. Lastly, we 
performed a large number of independent statisti
cal tests in our analysis, increasing the probability 
of false positives. To account for this, we imple
mented a stringent multiple testing adjustment to 
identify high-confidence associations and further 
discussed suggestive associations that warrant 
further investigation.

We performed a transcriptome-wide association 
study of common epigenetic clocks in a population 
of adolescents from the CHAMACOS cohort. We 
identified both substantial shared associations 
between different clocks, suggesting the targeting 
of a common signal of biological ageing, as well as 
associations unique to a single clock. Several of the 
identified differentially expressed genes were 
involved in biological functions related to immune 
function and cancer progression. Most of the epi
genetic clocks included in this study (with the 
exception of Horvath, Skin&Blood, PedBE, PC 
Horvath, PC Skin&Blood) did not include 

paediatric samples within their training datasets; 
thus, our findings support the biological relevance 
of epigenetic clocks in adolescent populations. In 
particular, we found that the epiTOC2, PC 
PhenoAge, Hannum, PC Hannum, and PedBE 
clocks were associated with differential expression 
of the highest number of genes.

Conclusions

We found that epigenetic aging is associated with 
differential expression of RNA in a population of 
adolescents from the CHAMACOS cohort, finding 
both substantial commonality in associations 
across different epigenetic clocks and associations 
unique to a single clock measure. Furthermore, 
several associations identified in adolescents were 
replicated in an independent adult sample. Our 
findings support the biological relevance of epige
netic clocks in adolescents and provide direction 
for the selection of epigenetic aging biomarkers for 
research in adolescent populations.
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