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ABSTRACT
Early and accurate diagnosis significantly improves the chances of disease survival. DNA methylation 
(5mC), the major DNA modification in the human genome, is now recognized as a biomarker of 
immense clinical potential. This is due to its ability to delineate precisely cell-type, quantitate both 
internal and external exposures, as well as tracking chronological and biological components of the 
aging process. Here, we survey the current state of DNA methylation as a biomarker and predictor of 
traits and disease. This includes Epigenome-wide association study (EWAS) findings that inform 
Methylation Risk Scores (MRS), EpiScore long-term estimators of plasma protein levels, and machine 
learning (ML) derived DNA methylation clocks. These all highlight the significant benefits of accessible 
peripheral blood DNA methylation as a surrogate measure. However, detailed DNA methylation biopsy 
analysis in real-time is also empowering pathological diagnosis. Furthermore, moving forward, in this 
multi-omic and biobank scale era, novel insights will be enabled by the amplified power of increasing 
sample sizes and data integration.
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1. Introduction

Accurate early disease prediction brings significant personal, 
societal and economic health benefits [1]. With the ability to 
gather multi-omic measures – including genomic, transcrip
tomic, and epigenomic – nowadays at an unprecedented 
scale, we have the great opportunity of identifying, in this 
mountain of information, disease markers of robust clinical 
utility. Epigenomic data comprising DNA modifications, post- 
translational histone tail alterations and histone variants, 
have enormous potential in this medical revolution and are 
set to become a major component in predicting, diagnosing 
and monitoring human disease. The possibilities include 
screening biomarkers in surrogate tissue to detailed biopsy 
analyses in pathogenic organs informing on functional abro
gation [2].

Both inherited and external factors contribute to common 
disease risk. To construct a more complete representation, 
optimal personalized disease prediction and health care, there
fore, require bringing together both genetic and environmental 
sources of data [3]. A significant advantage of epigenomic 
analysis, particularly DNA methylation, (DNAm) is its ability to 
quantitate long-term environmental influences, both external 
(e.g., tobacco smoke [4]) and internal (e.g., inflammatory levels, 
i.e., C-Reactive protein [5]). Dynamic change due to exogenous 
and endogenous factors over time enables powerful insights 
into pathophysiology [6] and, as these epigenomic data are not 
static, they can be gathered longitudinally at multiple time 
points [7]. Personalized epigenomic measurements can indicate 
the initiation and progression of disease. However, the analysis 

of the epigenome comes with significant complexities dis
cussed in this Perspective that currently remain obstacles in 
the implementation and integration of epigenomics in preci
sion health [8].

Here, we highlight the range of applications that genome- 
wide analysis of the DNA methylome can be successfully 
applied to in assessing human health and pathology (see 
Table 1 and Figure 1), with contemporary examples, as well 
as pointing towards its future transformative role in clinical 
medicine.

2. DNA methylation array analysis

The advent of robust DNAm arrays empowered the high- 
throughput measure of a consistent and functionally 
enriched portion of the DNA methylome [21]. The latest 
Illumina iterations include the EPIC v2 that interrogates  
~930k CpGs [22], and more recently, a higher sample 
throughput Methylation Screening Array (MSA) with ~270k 
prior association evidence enriched CpGs (described in 
a recent preprint [23]). DNA modifications carry the advan
tage of their long-term stability in archived DNA [24], avail
ing them to yield further insights from deeply phenotyped 
cohorts gathered over previous decades. Epigenome-wide 
association studies (EWAS) of cytosine DNAm pinpoint indi
vidual differentially methylated positions or cytosines (DMP/ 
Cs) or regions (DMRs), allowing the identification and con
struction of DNAm-based disease predictors. Whilst the ana
lysis of these sensitive DNAm arrays requires meticulous 
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quality control [21], and appropriate statistical thresholds 
[25], replicable results have been identified [26].

These data enable inferences regarding cell-type heteroge
neity, integration with chromatin data to explore how the 
levels of the epigenomic apparatus work together, and syner
gistically with genomic and transcriptomic information. 
Furthermore, this scale of data can be applied to machine 
learning (ML) methods for novel interrogation [6], for example, 
Elastic Net Regression has been highly successful in reducing 
epigenome-wide data into parsimonious sets for DNAm clock 
construction [18].

3. Epidemiological DNA methylation estimates of 
the exposome

The strong signal of tobacco smoking that can be seen in 
peripheral blood-derived DNAm indicates the potential 
power of exposome quantification, even in the prenatal envir
onment [27]. Smoking-associated DNAm findings can be 
further dissected into myeloid and lymphoid cell-type specific 
signatures [28]. Meta-analysis in ~15k individuals has shown 
that a significant proportion of the peripheral blood DNA 
methylome is modified by smoking exposure, including ~64k 
CpGs (~7.5%) of the EPIC v1 array [4]. Clearly illustrating the 
disease predictive potential, one of the strongest individual 
CpG findings [4], residing in the AHRR gene, shows predictive 
power as a significant biomarker for the future onset of lung 
cancer [29]. Interestingly, personal and prenatal tobacco 

exposure in the early life period is even potentially able to 
be apportioned [30].

Many DNAm biomarkers of environmental pollutants are 
being explored to enable their quantification, including 
arsenic [31], lead [32], and ambient fine particulate matter 
(PM2.5) [33]. These DNAm estimations can be used to investi
gate the possible impact of prenatal pollutant and chemical 
exposures during critical developmental periods [34]. 
Additionally, the accurate biomarker ability that comes with 
the stability of stored DNAm empowers environmental and 
gene–environment interaction studies in existing biobanked 
samples [35]. With the increasing scale of cohort sample size, 
the quantification of the exposome may enable the identifica
tion of novel disease etiological factors.

4. DNA methylation biomarkers of common disease

Peripheral blood DNAm biomarkers of common diseases 
have been identified across the full range of organ systems 
[2]. These data include DNAm-associations for cardiovascular 
disease (CVD) phenotypes, such as ischemic stroke [36], and 
coronary heart disease [37]. A recent prospective EWAS for 
acute coronary syndrome biomarkers, in a Chinese cohort, 
identified 26 replicated DMCs including those that are in or 
near known CVD genes (EHBP1L1, PRDM16, PRKCZ) [38]. 
These DNAm data improved prediction models compared 
to both traditional risk factors and polygenic risk scores 
(PRS). In a European study, combining DNAm estimators 
for multiple CVD-related phenotypes, including BMI, blood 
pressure (BP), fasting glucose, insulin, cholesterol, triglycer
ides, and coagulation markers into a predictor 
(DNAmCVDscore) enhanced prediction of CVD events in 
the short term, compared to traditional risk factors or algo
rithms (SCORE2) [39]. Furthermore, utilizing both transcrip
tomic as well as DNAm peripheral blood data, via an ML 
analysis, was also shown to be advantageous over either 
omic dataset alone for coronary heart disease prediction 
[40]. Thus, there is considerable potential in DNAm biomar
kers for CVD and heart failure for risk prediction, diagnosis 
and prognosis, and therapeutic monitoring [41].

The interrelating components of the metabolic syn
drome generate intersecting CpG biomarkers, as large- 
scale EWAS meta-analyses for BMI have identified consis
tent findings that overlap with hyperglycemic, triglyceride, 

Article highlights

● Peripheral blood-derived DNA methylation has significant potential 
as a biomarker with clinical utility.

● Methylation Risk Scores by quantitating environmental exposures 
may complement Polygenic Risk Scores in common disease 
prediction.

● Long-term trends in plasma protein levels may be captured by 
EpiScore DNA methylation estimators.

● DNA methylation EpiSignatures can aid in pediatric monogenic dis
ease diagnosis.

● The evolution of DNA methylation clocks now enables the prediction 
of aging-related morbidity and mortality.

● Cell-free DNA modification has immense potential in monitoring both 
oncogenic processes as well as organ pathology.

Table 1. DNA methylation informative biomarkers. This includes MRS: methylation risk score; ERS: epigenetic risk scores.

DNAm Marker Example Uses Disease Setting References

Methylation Risk Score (MRS)/Epigenetic 
Risk Scores (ERS)

Disease Prediction Polygenic Disease – Environmental component [9,10]

EpiScores; DNA methylation estimators; 
Epigenetic Biomarker Proxies

Plasma Protein Estimators; Smoking and other 
Environmental Factors. 
Biochemical, Metabolome, Protein Plasma 
Estimators

Polygenic Disease/Environmental Quantifiers [11–13]

Cell Type Deconvolution Inflammatory measures, infiltration. Senescent 
cell quantification

Pathological Diagnosis [14,15]

EpiSignatures Adjunct to Genetic Diagnostics Monogenic Developmental Neurodevelopmental [16]
DNA methylation Clocks Chronological Age, Biological Age, Mitotic Rate 

Count
Polygenic Ageing Related Disease, Cancer; Assess 

Ageing related interventions
[17,18]

‘liquid biopsy;’ cell free DNA 
methylation (cfDNAm)

Tumour of Unknown Primary, Relapse Monitoring Cancer; Organ Damage [19]

Deep Learning Integrated Histological Real-time Pathological Analysis Neurological Cancers [20]
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and inflammatory EWAS results (e.g., CpGs in/near ABCG1, 
CPT1A, MYO5C, SREBF1, etc.) [42]. In terms of Type 2 
Diabetes (T2D), similar findings can be seen, as highlighted 
in a recent Native American study (e.g., ABCG1 and SREBF1) 
[43] and in Black and White participants from the 
Atherosclerosis Risk in Communities Study [44]. 
Furthermore, this blurring across these associated traits is 
also borne out in a T2D meta-EWAS in European cohorts 
with replication in a South-Asian cohort [45]. Of 64 repli
cated CpGs, only four remained significant after BMI cor
rection and subsequently reduced to three after a further 
smoking adjustment (in/near TXNIP, ABCG1, and CFL2). 
However, quantification of these related components of 
the metabolic syndrome is still potentially informative for 
T2D precision medicine [46].

For other organ system diseases, identifying inflammatory 
blood-derived biomarkers may also lead to possible clinical 
utility. Respiratory diseases, including asthma, have been 
explored with pathognomonic increases in the proportion of 
eosinophils detected via DNAm [47] and these, along with 
immunoglobulin associations, enabled the construction of 
a DNAm-based biomarker [48].

Moreover, as large-scale DNAm array analyses become 
available, multiple common diseases can be queried simul
taneously, e.g., 19 common diseases in the ~18k 
Generation Scotland cohort [49]. This study identified 69 
DMCs (58 novel) with the prevalence of four conditions 
(breast cancer, chronic kidney disease, ischemic heart dis
ease, and T2D) and 64 DMCs (56 novel) with the incidence 

of two diseases (chronic obstructive pulmonary disease 
and T2D).

With the increasing power that comes as DNAm datasets 
expand in size, further epigenetic associations will be identified, 
as has been the case for Genome-wide association studies (GWAS).

Additional preliminary findings that may have prognostic 
utility in the future, if replicated, include PTEN DNAm in breast 
cancer aggressiveness [50] and recurrence of clear cell renal 
cell cancer via globally hypermethylated tumors [51]. 
Furthermore, whilst several diagnostic DNAm markers for col
orectal cancer have been identified, with two approved, i.e., 
plasma DNAm state of SEPT9 [52] and the combination of both 
aberrant stool DNAm for NDRG4 and BMP3 with KRAS muta
tion status and fecal hemoglobin [53], some of these genes 
may also possess prognostic DNAm changes [54].

5. Methylation risk scores

The common genetic contribution to disease risk can be cap
tured through polygenic risk scores (PRS) [55]. These scores 
have identified that individuals in the PRS high-risk tail can 
have a comparable disease risk to monogenic disease [56] – as 
well as modifying monogenic penetrance itself [57]. This con
ceptual use of GWAS results has been ported into EWAS with 
the construction of Methylation Risk Scores (MRS) or 
Methylation Profile Scores (MPS) from array-derived DNAm 
data [9]. MRS are generally constructed from the weighted 
sum of DNAm values for an individual of associated DMCs 
identified from trait or phenotype EWAS [58]. In an analysis 

Figure 1. DNA methylation biomarkers. DNA methylation changes at specific CpG loci can be used as biomarkers for i) cell proportion deconvolution; ii) estimating 
disease risk via methylation risk scores (MRS); iii) environmental exposure estimators; iv) chronological and biological ageing clocks; v) diagnostic episignatures in 
genetic syndromes due to mutations in the epigenomic machinery genes. The DNA methylation cycle of active gain (via the DNMT enzyme; with DNMT3 being the 
de novo version) to 5mC; and loss through oxidation (via the TET enzyme) to 5hmC, 5fC and 5caC, followed by TDG excision, leaving an abasic site for the base 
excision repair (BER) pathway to install an unmodified Cytosine (C). Passive DNAm loss occurs through dilution when there is inaction of the maintenance DNMT 
(DNMT1) post replication.
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of electronic health records, MRS was able to impute more 
traits than PRS, as well as significantly improving this imputa
tion for ~37% of laboratory tests [59]. A similarly named epi
genetic risk score (ERS) was constructed from 144 alcohol- 
associated DMCs and revealed a significant association with 
hypertension phenotypes [10]. Thus, indicating utility for a risk 
measure that is acknowledged to be inaccurate in self- 
reported alcohol intake data.

In chronic kidney disease (CKD), an MRS was constructed in the 
US Hypertension Genetic Epidemiology Network (~6.9k indivi
duals) and, in subsequent meta-analysis, was a significant predic
tor of prevalent CKD in both African American and non-African 
American individuals [60]. A cross-sectional pan-European blood- 
based multivariate MRS for mild cognitive impairment, indepen
dent of age and sex, was able to predict the prospective develop
ment of cognitive impairments in independent studies of 
Alzheimer’s disease and Parkinson’s disease [61].

Further refinement of these MRS/ERS is ongoing. This 
includes improvements through the addition of sub-threshold 
regional CpGs, by incorporating information on co-methylation 
patterns to inform the pruning of inter-correlated DNAm, as 
well as testing robustness across multi-ancestries [58].

DNAm predictors incorporating time-to-event data for T2D 
incidence over a 10-year risk period have been shown to 
augment known traditional risk factors derived from electronic 
health records in the powerful Generation Scotland cohort 
[62]. These studies are slowly building the evidence of the 
potential clinical utility of incorporating DNAm analysis in 
standard assessments.

6. Power of epigenomic cellular deconvolution

The epigenome is cell-type specific [63]; therefore, the precise 
data coming from DNAm arrays enable deconvolution of the 
proportion of major cell types present within heterogenous 
samples, e.g., peripheral blood [14] or a tumor biopsy tissue 
[15]. This can be highly informative in EWAS, estimating cell 
proportion changes driven by pathological processes, such as 
inflammatory infiltration [64]. Deconvolution can be employed 
even within purified cell-types to delve further into cellular 
subsets, e.g., macrophage subclasses (M0, M1 & M2) [65]. 
Along with arrays, sequencing-based DNAm data can also be 
interrogated for deconvolution, including a recent Deep 
Learning (DL) model that analyses read-level DNAm patterns 
for tumor purity estimation (MethylBERT) [66].

Benchmarking of the methods used to perform these cal
culations has highlighted several factors that can affect accu
racy [67]. These include the complexity of the reference, the 
method and number of markers chosen, and, critically, 
sequencing depth in sequencing-based tools. Innovative 
methods have been devised for the analysis of bulk tissues 
that lack reference DNAm information by incorporating tissue- 
specific single cell (sc) RNA-seq data [68].

7. Single-Cell DNA methylome analysis

The analysis of the DNA methylome at the single-cell (sc) level 
is now possible [69]. This is an advancing technology with 
successes so far with small sample numbers [70]. These data 

have also been ascertained in parallel in the same cell with 
transcriptomic data [71] as well as other various single-cell 
multi-omic combinations [72]. There are still significant limita
tions for DNA methylome analyses due to stochastic coverage 
that currently make accessibility analysis preferable to base- 
resolution DNAm. The degradation of DNA via the bisulfite 
reaction, technical complexity, as well as cost further contri
bute to this [73]. However, novel methods such as simulta
neous sc-5mC and sc-5hmC via bisulfite-free chemical labeling 
reactions are also now achievable [74].

8. Plasma protein DNA methylation estimators 
(EpiScores)

Peripheral blood-derived DNAm estimators of circulating 
plasma protein levels have been constructed via protein mea
sures derived from aptamer- and antibody-based platforms 
[11]. After accounting for known protein quantitative trait 
loci (pQTLs), these ‘EpiScores’ were able to explain between 
1% and 58% of the variance of 109 protein measures. The 
additional power of these DNAm estimators resides in their 
ability to be potentially less influenced by short-term diurnal 
trends and provide more constant long-term data. In the 
context of cardiovascular disease prediction, a composite 
EpiScore based on 45 proteins was a significant predictor of 
CVD risk [75]. Additionally, DNAm estimators of C-Reactive 
Protein (CRP) levels have been found to be a stronger biomar
ker of chronic inflammation association than the direct serum 
measure itself [5], likely due to long-term trend capture. 
EpiScore CRP was also successful in identifying associations 
with cognitive aging [76]. DNAm estimators for the cardiovas
cular biomarkers plasma growth differentiation factor 15 
(GDF15) and N-terminal pro-B-type natriuretic peptide (NT- 
proBNP) have shown robust associations with a range of traits, 
including T2D and poorer brain health [77]. This approach has 
been recently extended on through the generation of 
Epigenetic Biomarker Proxies (EBPs) in a MedRxiv preprint 
[13]. Clearly indicating their potential clinical relevance, of 
the 1,694 EBPs for biochemical, metabolomic, and proteomic 
levels that were identified, >62% had higher disease outcome 
odds or hazard ratios than their observed laboratory measures.

Blurring the line between MPS and EpiScores, metabolic 
EpiScores trained in the Generation Scotland cohort for BMI, 
body fat percentage, waist–hip ratio, and blood-based measures 
of glucose, high-density lipoprotein cholesterol, and total cho
lesterol also performed well in an ethnically distinct Singaporean 
dataset [78]. In addition, a recent alcohol consumption EpiScore 
was shown to be a good epidemiological tool, as significant 
associations with poorer global brain imaging metrics were 
observed that were not seen in self-reported data [79].

9. Blood-derived Episignatures aid the diagnosis of 
monogenic diseases

The diagnosis of pediatric monogenic disease has been consid
erably advanced via family trio exome sequencing – although 
there is clearly further potential in whole-genome sequencing 
(WGS) (e.g., Genomics England [80]). Developmental disorders 
are enriched for mutations in the genes encoding the 
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Epigenomic Machinery: the readers, writers, and erasers of the 
Epigenome [81]. Thus, their abrogation contributes to conditions 
that make up the Mendelian Disorders of the Epigenetic 
Machinery (MDEM) [82]. As these genetic mutations lead to 
constitutive changes in the epigenome, they are observed across 
all tissue types, including blood, even if the central nervous 
system (CNS) is the major pathogenically affected organ. Due 
to the often inconclusive genetic findings for neurodevelopmen
tal disorders, e.g., variants of unknown significance within plau
sible pathogenic genes, the use of DNAm arrays has become 
a useful additional adjunct to exome and/or genome- 
sequencing in the diagnostic armamentarium [16]. Epigenetic 
signature profiles or ‘Episignatures’ improve variant interpreta
tion and can reveal further phenotypic complexity [83].

Episignatures include MDEMs involving chromatin, or chro
matinopathies, and at least 65 rare disorders exhibit 
a distinctive genome-wide DNAm profile [84]. Examples high
lighting the utility of blood-derived episignatures include the 
diagnosis of a neurodevelopmental disorder due to de novo 
mutations within MSL2, which is a component of the H4K16 
acetylator MSL complex [85]. Recently, a diagnostic blood- 
derived episignature classifier was also developed for the 
cluster of embryonic multiple malformations, which have no 
known cause, termed ‘recurrent constellations of embryonic 
malformations’ (RCEM) [86]. No previous diagnostic test was 
available. Another novel use beyond genetic syndromes has 
been the identification of an episignature of exposure to the 
antenatal teratogenic Valproic Acid [87]. This anti-epileptic is 
known to act as a histone deacetylase inhibitor. Quantification 
of exposure can enable the diagnosis of fetal valproate syn
drome, as this can present with a clinical picture that overlaps 
several genetic syndromes.

Looking forward, there is significant diagnostic utility with 
nanopore sequencing [88]. For episignature detection, this has 
recently been evaluated, with the noted advantage of concur
rent haplotyped genomic and epigenomic information [89].

10. DNA methylation clocks to capture biological 
ageing

The concept of ‘biological’ age attempts to capture an 
individual’s deviation from the chronological age-specific 
population average for a biological marker or trait, or dis
ease or mortality risk. Multi-omic methods of measuring 
‘biological’ age are increasingly used to attempt to quanti
tate ‘healthspan,’ as well as biomarkers to test interventions 
that may slow ‘biological’ aging [90]. DNAm ‘clocks’ have 
been at the forefront of these aging biomarkers since the 
construction of the Hannum et al. [91] and Horvath clocks 
[92] in 2013, with the latter especially being a paradigm 
shift due to not only its accuracy across the life range but 
also pan-tissue ability. Subsequently, whilst these first gen
eration DNAm clocks were designed to estimate chronolo
gical age, the recognition that their clock ‘error’ captured 
a component of ‘biological’ age as a risk of morbidity or 
mortality [93], led to the construction of further DNAm 
clocks focused on this disease prediction [94]. These phe
notypic, or 2nd generation, DNAm ‘clocks’ were trained not 
only on age but also age-related biochemical measures 

(PhenoAge [95]) or plasma proteins and a smoking expo
sure estimator (GrimAge [96], GrimAge2 [97]). Taking advan
tage of a longitudinal epidemiological dataset from 
Dunedin, New Zealand, with assessments every 7 years, 
has enabled training of DNAm with the pace of aging, 
termed 3rd generation clocks, through the DunedinPoAm 
[98] and DunedinPACE measures [99]. A faster pace of this 
latter clock was recently described in preprint, with an 
increased likelihood of developing the Metabolic 
Syndrome over 7 years later [100].

Numerous additional specific DNAm clocks have subse
quently been published, including a pediatric-specific analysis 
via buccal tissue (PedBE [101]), chronological accuracy for 
forensics [102–104], and focused on centenarians to aid vali
dating claims of exceptional longevity [105]. A systematic 
archive of DNAm clock age-acceleration findings is being col
lated [106].

The cogs driving the consistent aging-related changes that 
facilitate DNAm clocks have revealed insights into the epige
nomic machinery, and, how specific processes, if not adequately 
performed, lead to a stochastic loss or gain in DNAm. These 
random but directional alterations have been accurately termed 
a ‘quazi-stochastic’ mechanism [107]. This is because these aging 
changes are not random fluctuations throughout the entire DNA 
methylome. Instead, they occur in specific genomic compart
ments that are prone through cell replication to either increased 
DNAm (CpG dense promoters targeted by PRC2/bivalent 
domains) or decreased DNAm (sparse CpGs within partially 
DNA methylated domains – more frequently when surrounded 
by A or T bases) [108]. Furthermore, on top of these intrinsic 
(genomic) changes, extrinsic (multicellular) factors also signifi
cantly contribute [109]. Cell-type proportion shifts are a very 
strong component in the assumed environmental DNAm signal, 
and in aging this was recently estimated to be at least 35% of 
a DNAm clock’s signal [109]. Even within the supposed pan- 
tissue signal, it is acknowledged that training bias as well as 
small changes in infiltrating NK cells and those between naive 
and activated T cells play a role [110]. Exploration of T-cell aging 
through a T-cell DNAm clock further confirmed that naïve T-cells 
appear young no matter the age of the organism [111], as 
opposed to effector memory/senescent T cells (CD8+CD28−). 
A DNAm clock was recently devised to minimize the influence 
of these immune cell changes (IntrinClock) [112].

The impact of leucocyte counts on DNAm clocks was 
further evaluated through Mendelian Randomisation (MR), 
revealing their causal effect on the age acceleration calculated 
with Hannum et al., PhenoAge and GrimAge clocks [113]. 
Another recent analysis in the Taiwan Biobank also investi
gated causality with respect to DNAm clock age acceleration 
[114]. By calculating a PRS for the 12-point Cardiovascular 
Heath Score and then employing this in an MR analysis, they 
identified a causal effect of the CVH score on GrimAge 
acceleration.

Clonal hematopoiesis becomes a readily detectable phe
nomenon in ~50% of those >80 years [115] and is a significant 
risk factor for disease, such as myeloproliferative neoplasia 
[116]. The expansion rate of clonal hematopoiesis is identified 
to be associated with accelerated Hannum et al., PhenoAge 
and GrimAge clocks [117].

EPIGENOMICS 603



DNAm clocks have also been used as biomarkers of intra- 
uterine lead exposure with effects in adolescence with first 
trimester levels positively associated with an increase in 
extrinsic epigenetic aging assessed via a modified Hannum 
et al. clock, where the blood cell count contributions are up- 
weighted [118]. Additionally, over a three-year period, an 
exercise program was shown to slow phenotypic DNAm 
clocks (including PhenAge, GrimAge, GrimAge2 and 
DunedinPACE) [119]. Furthermore, in the same study 
Omega-3 was seen to have a slowing effect on these DNAm 
clocks, except GrimAge.

There is clear potential for specific disease or organ 
system bespoke ‘clocks’ to incorporate aging as well as 
specific aging-related disease DNAm estimators to improve 
their potential biomarker clinical utility [17]. As described in 
a recent preprint, this approach has been employed in the 
symphonyAge DNAm assessment, by compartmentalizing 
11 different system effects [120]. Furthermore, there are 
clear benefits that will come as datasets expand. This is 
seen in the successful age prediction obtained via the 
increased training data size and implementation of an alter
nate approach to Elastic Net Regression, in the recent 
transformer-based deep neural network implemented in 
the CpG Pretrained Transformer (CpGPT), also in pre
print [121].

At a functional level, the role that aging-related DNAm 
changes may play in influencing common disease- 
associated regulatory apparatus is an additional level to 
be explored [122]. This needs to be precisely interrogated 
in the pathogenic tissue relevant to the disease. One of the 
strongest and most consistent aging-related DNAm changes 
across tissue types is within the ELOVL2 (ELOVL fatty acid 
elongase 2) locus [123]. Functional work has implicated 
these aging-related changes in a mouse model of retinal 
aging [124], as well as through the dysregulation of lipid 
metabolism in both mouse and human [125].

As cell-type proportional changes are a significant driver of 
aging-related changes in organ and tissue samples, several 
research groups have attempted to explore aging at the 
single cell level. However, as mentioned above, this resolu
tion of analysis remains challenging, especially due to the 
sparsity and stochasticity of single-cell genome-wide data. 
Trapp et al. developed a statistical model called ‘scAge’ that 
was able to capture chronological age successfully across 
several cell-types, including hepatocytes, muscle and embryo
nic stem cells [126]. This work also identified selected hetero
geneity in the aging progression of individual cells. By further 
integrating these data with single cell transcriptomics, they 
delineated co-regulated and stochastic CpG clusters [127]. 
A single-cell aging DNAm clock in blood and brain quantified 
that 39% and 12% of the aging signal, respectively, was due 
to proportional shifts in cell-types in these tissues [109]. 
Furthermore, analysis of neuronal and glial-specific DNAm 
clocks in Alzheimer’s revealed that the latter had the stron
gest aging-related changes. This fits with the findings of 
cortical Alzheimer’s disease EWAS that DNAm changes 
observed are predominately driven by the non-neuronal 
cells (e.g., microglia) [128].

11. Incorporating genetic risk with DNA methylation

Common disease traits are influenced by both inherited genetic 
factors as well as environmental influences. Therefore, accurate 
personalized prediction will require integrating these multifa
ceted measures together [3]. Incorporating genetic risk scores 
for disease, such as polygenic risk scores (PRS) with DNAm 
measures derived from the peripheral blood has revealed addi
tive effects that vary drastically across differing traits. Obesity, 
assessed by BMI, benefits equally from both genetic and epige
netic predictors, with work from McCartney et al. estimating this 
to be 10.1% and 12.5%, respectively [129]. These values were 
predominately additive as the combined genetic and epigenetic 
BMI prediction was 19.7%. A strong DNAm BMI signature in 
blood can be found due to common overlapping signals from 
components of the metabolic syndrome, including hyperlipide
mia, hyperglycemia, and inflammation [42]. Furthermore, illus
trating the need to capture and incorporate non-genetic factors, 
recent work in the UK Biobank has shown that individuals with 
a high genetic BMI risk, calculated by PRS, were able to negate 
this and thus reduce their risk of obesity-related morbidities, if 
they were adherent to a healthy lifestyle [130]. By comparison, 
tobacco smoking’s prediction is considerable, but almost exclu
sively via the exceeding strong peripheral blood DNAm signal 
(e.g., tobacco: 60.9% epigenetic, 2.8% genetic, 61.4% com
bined) [129].

12. Monitoring for disease

Multi-omic longitudinal monitoring has the potential to con
tribute significantly to precision medicine [7]. Intensive long
itudinal monitoring for T2D was performed in one individual 
via peripheral DNA methylome and transcriptome assessment 
at ~6-week and ~3-week timepoints, respectively, over 
a 3-year period [131]. Hinting at the clinical possibilities, this 
revealed that DNAm changes were observed ~80–90 days 
prior to the first biochemical laboratory detectable glucose 
elevation. However, if these tests pass the threshold for clinical 
utility in the future, there are challenges that will need to be 
surmounted for translation into routine clinical practice, i.e., 
robust analysis, acceptable turn-around time, and cost [132].

Potential for cancer surveillance has also been documen
ted. In cervical cancer screening, the addition of the cervical 
sample DNAm assessment of three genes (DPP6, RALYL and 
GSX1: the WID-qCIN test) in HPV+ve women, along with HPV16/ 
18 detection, resulted in better prediction and improved their 
triage compared to cytology alone [133].

Neurological decline is notoriously difficult to diagnose and 
predict. A cognitive DNAm EpiScore from peripheral blood 
was able to improve prediction by ~4% of the variance from 
PRS of cognitive functioning [134]. Thus, hinting that as study 
power improves these data may be able to augment and 
improve current testing methods.

Other examples of disease monitoring through the epigen
ome include the assessment of severe alcohol withdrawal 
syndrome, with DNAm peripheral blood changes in the 
ZSCAN25 gene potentially having clinical utility, as well as for 
withdrawal-related seizures [135].
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13. DNA methylation in Precision Pathological 
Diagnosis

Epigenetic changes are crucial hallmarks of cancer [136]. 
Additionally, epigenomic machinery genetic mutations are 
a common cancer driver. Furthermore, epigenetic monothera
pies are approved in certain cancers [137], but these epige
nomic modifiers also have possible utility in nonmalignant 
diseases as well, e.g., cardiovascular disease [138].

There is significant potential for DNAm analysis to enhance 
the accuracy of cancer pathological diagnosis. With array- 
derived DNAm, a random forest classifier for CNS tumors 
showed improvements in diagnostic precision for ~12% of 
cases [139]. More recent work has attempted to explain the 
critical steps of this classifier in a human interpretable frame
work [140]. Additionally, a deep learning (DL) approach for
mulated a model that was then employed in the real-time 
assessment of the DNAm from rapid nanopore sequencing for 
neuropathology diagnostics [20]. A successful application 
involved Paediatric CNS tumor classification during surgery 
and delivered an immediate pathological report to the sur
geon [20]. Also, via a naive Bayesian framework (MethyLYZR), 
sparse nanopore DNAm data were also able to diagnose CNS 
tumors [141]. Another study has taken the reverse approach 
and used DL to predict DNAm from histological slides [142]. 
Then, by incorporating the slide images, patient demographics 
as well as DL-predicted DNAm, the correct classification was 
possible, delineating CNS tumors into 10 major histopatholo
gical categories [142].

14. Cell-free methylated DNA ‘liquid biopsy’

Cell-free DNA (cfDNA) analysis has enabled a paradigm shift in 
obstetrics with the ability to non-invasively diagnose the com
mon gross chromosomal abnormalities, such as trisomies 
[143]. Additionally, in cancer, these ‘liquid biopsies’ of circulat
ing tumor DNA (ctDNA) are being interrogated for diagnosis 
[144], but also for monitoring of minimal residual disease and 
relapse [145]. As well, assessing transplant rejection through 
analysis of donor-derived cfDNA shows promise [146]. Recent 
murine experimental evidence has indicated that Neutrophil- 
NET derived cfDNA may be highly informative in terms of risk 
of recurrent stroke [147].

These fragments of DNA within the circulating blood 
plasma derived from necrosed cells also retain their DNA 
modification state [148]. This empowers a tumor DNAm sig
nature of the tissue of origin to be identified [19] – clearly 
useful in cancers of unknown primary. Additionally, these 
modifications may also enable the detection of a pre-disease 
state where therapeutic intervention would be actionable, e.g., 
in preeclampsia maternal plasma derived cfDNA [149]. 
Experimentally, the real-time identification of sepsis-induced 
acute kidney injury has been shown through elevated kidney 
epithelial cell derived cfDNA, with its cell-type specific DNAm 
signature [150]. Also, predictive biomarker ability has been 
explored, including identifying a DNAm signature for brain 
metastasis development from lung cancer derived cfDNA 
cells [151]. The analysis of cfDNAm in cerebrospinal fluid 
(CSF) also shows significant promise in pediatric CNS tumors 

[152], as the biopsy of the brain brings clear risks and imaging 
struggles with tumor classification.

Additional information can be extracted from cfDNA, such 
as fragmentation profiles, which can be informative of epige
netic state, such as DNAm and nucleosome placement [153]. 
Furthermore, understanding how the DNAm status influences 
cfDNA shedding may enable increased sensitivity [154]. It is 
worth noting that cfDNAm is another large-scale data type 
where ML approaches are finding success [155].

15. Conclusion

Epigenomic DNAm data are already a well acknowledged and 
powerful diagnostic and predictive biomarker. From an 
unknown blood-derived DNA sample lying abandoned for 
decades at the bottom of a freezer, we can, for example, 
already accurately assess that individual’s long-term inflamma
tory state through CRP estimators, their chronological and 
biological age, and how heavy a smoker they were at the 
time the sample was drawn.

With the increasing available study sizes – and further 
replication and meta-analysis that will be enabled from this – 
there is the potential to more accurately quantitate the 
plethora of environmental exposures (see preprint re the 
Generation Scotland data resource [156]). This may uncover 
unknown drivers of disease. These data may have further 
insights to bring as it is increasingly acknowledged the con
tributory role environmental exposures play in chronic inflam
mation and subsequently in cancer [157]. In this era of 
personalized genomic medicine, exploring the interaction of 
genetic variation with the environment will be vital.

Analytical improvements in the current DNAm assess
ment are ongoing. These include Bayesian approaches that 
incorporate probe correlations, genetic and cell heterogene
ity effects [158]. As well, the imputation of individual CpG 
results from multiple correlated loci, e.g., through nearby 
CpGs co-methylation pattern. There is even the potential for 
these imputed association analyses to outperform the actual 
CpG result, as these more stable measures benefit from 
reducing individual erroneous outlier effects and can facil
itate robust harmonization across array platforms (see pre
print [159]).

Epigenomic analysis brings insight across the entire life 
course. It enables a molecular understanding of its critical 
role in cellular development and function, and in the defini
tion of cell-type itself. In chronic diseases, aging biomarkers 
may be translated into clinically actionable insights [160]. 
Another important application is that of noninvasive surrogate 
DNAm biomarkers for inaccessible tissues, such as the visceral 
organs, brain, eye, etc.

16. Future perspective

Whilst here we have focused on DNAm, there will also very 
likely be significant uplift to come with the precise delinea
tion of the rarer DNA modifications, such as hydroxymethyla
tion (5hmC, see Figure 1), which standard bisulfite 
techniques are blind to. Techniques to analyze both 5mC 
and 5hmC within their haplotypic context will empower this 
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disentanglement (see preprint [161]). Further insights may 
also come from the additional oxidative derivative modifica
tions of formylcytosine (5fC) [162] and carboxycytosine 
(5CaC) [163]. Along with the chromatin-related components 
of the epigenome – presenting distinctive strengths and 
weaknesses – analysis of these epigenomic mechanisms is 
becoming integral to the understanding of disease patholo
gical processes. Both as diagnostic and predictive biomarkers 
and for precise molecular biopsies, they will become main
stays in clinical care.
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