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ABSTRACT
Background: Symptoms following SARS-CoV-2 infection, referred to as Long-COVID, have been 
reported since the pandemic. We investigated whether COVID-19 or Long-COVID is associated with 
persistent genome-wide DNA methylation (DNAm) changes in whole blood using a longitudinal design.
Methods: DNAm was measured using the Illumina EPIC V2 platform (859,651 CpGs) in 297 adult 
participants (594 samples in total) from two Norwegian population-based cohorts, with samples 
collected pre-infection (2020) and during the pandemic (2023). Participants were classified as Long- 
COVID, COVID-19 (no persistent symptoms), or not infected.
Results: No significant DNAm differences were observed between Long-COVID and not infected at 
either time point (p = 0.745(FDR)) or during the pandemic specifically (p = 0.629(FDR)). Likewise, no 
differences were detected between COVID-19 and not infected across both time points (p = 0.883(FDR)) 
or during the pandemic (p = 0.287(FDR)). Sex-stratified analyses of the X chromosome revealed no 
significant DNAm differences for Long-COVID or COVID-19 in males (both p = 0.999(FDR)) or females 
(both p = 0.999(FDR)). Epigenetic age acceleration was also evaluated using DunedinPACE (DP) and 
PhenoAge (PA), but no significant differences were detected for Long-COVID (p = 0.695 [DP], p = 0.528 
[PA]) or COVID-19 (p = 0.624 [DP], p = 0.348 [PA]).
Conclusion: No persistent epigenetic age- or DNAm based differences due to Long-COVID or SARS-CoV-2 
infection were detected in our cohorts.

PLAIN LANGUAGE SUMMARY
Some people continue to experience symptoms for months after a COVID-19 infection. If symptoms 
persist for more than three months, the condition is often diagnosed as Long-COVID. Scientists are still 
trying to understand why some people develop long-lasting symptoms while others recover fully. One 
possible explanation is that COVID-19 might cause lasting changes in how genes are regulated in the 
body. In this study, we looked at a biological process called DNA methylation that helps control how 
genes are turned on or off. Changes in this process can sometimes reflect long-term effects of illness or 
aging. We analyzed blood samples from 297 adults in Norway. Each person gave a sample before the 
COVID-19 pandemic and another sample during the pandemic resulting in 594 samples in total. We 
compared people who had Long-COVID, people who had COVID-19 but recovered without long-term 
symptoms, and people who did not report being infected. We did not find any persistent clear 
differences in DNA methylation both within- or between these groups. We also looked at measures 
of biological aging based on DNA methylation patterns but found no differences related to COVID-19 or 
Long-COVID. Hence, we did not detect long-term changes in DNA methylation in blood that could be 
attributed to COVID-19 and Long-COVID in our cohorts. Larger studies, employing higher resolution 
DNA methylation methodology, may be needed to determine whether smaller or more specific changes 
occur.
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1. Introduction

A substantial proportion of individuals infected with SARS-CoV 
-2 report persistent post-acute symptoms lasting months or 
even years after the initial infection [1]. When symptoms con
tinue for more than three months, the condition is referred to 

as Long-COVID or post-acute sequelae of SARS-CoV-2 infection 
(PASC) [2]. Multiple factors have been proposed to contribute 
to the development of Long-COVID, including host genetic 
predisposition [3,4], preexisting comorbidities [5], psychologi
cal stress, immune dysregulation, and age-related 
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susceptibility [6,7]. Alterations in the upper respiratory tract 
microbiome have also been suggested as a contributing factor 
in certain Long-COVID phenotypes [8]. The persistence of 
symptoms in some individuals may reflect underlying long- 
term physiological changes [9], potentially mediated by epi
genetic mechanisms [10]. In particular, the link between DNA 
methylation (DNAm) and gene expression is well established 
and may be altered in response to viral infection, leading to 
sustained transcriptional changes [11]. Furthermore, it has 
been hypothesized that viral infections may induce demethy
lation of host genomic regions or of integrated viral elements, 
potentially contributing to chronic symptoms [12]. Several 
recent studies have reported genome-wide DNAm alterations 
in individuals following SARS-CoV-2 infection and in those 
experiencing Long-COVID [13–16].

With access to ongoing longitudinal cohorts containing COVID- 
19/Long-COVID specific information, we aimed to investigate 
whether long-lasting symptoms from Long-COVID, as well as 
COVID-19 infections, are associated with persistent DNAm changes 
in the host. Whole blood samples and detailed COVID-related 
health information were collected from 297 adult participants in 
two Norwegian population-based studies: the Norwegian Mother, 
Father and Child Cohort Study (MoBa) [17] and the Norwegian 
Influenza Study (NorFlu) cohort [18]. In this population, we pre
viously observed that Long-COVID symptoms, after SARS-CoV-2 
Omicron variant infection, included fatigue, poor memory, brain 
fog, dizziness, heart palpitations, shortness of breath, reduced lung 
function, and altered smell or taste, based on questionnaires admi
nistered 3–5 months after a primary infection in January-February 
2022 [19]. Using the same design, we now investigate DNAm 
changes in whole-blood after COVID-19, also considering persis
tence of any of the eight above-mentioned Long-COVID symp
toms. Blood samples were obtained at two time points for each 
individual: prior to SARS-CoV-2 infection and vaccination (April- 
December 2020) and during the later stages of the pandemic 
(April 2023). Hence, our longitudinal study consisted of 594 sam
ples in total.

The availability of COVID-19 infection status and self-reported 
Long-COVID symptoms allowed us to directly assess within- 
individual DNAm changes pre- and post-infection. This longitudi
nal design enabled comparisons both within participants (before 
vs. after infection), between groups (Long-COVID, COVID-19, and 

not infected controls) as well as within participants and between 
groups. By including individuals who had never reported a COVID- 
19 infection (i.e., “not infected”), we were able to assess differences 
between symptomatic and asymptomatic groups, both for each 
individual (i.e., before and after infection) and between groups. We 
also conducted targeted analyses of CpG sites linked to the ACE2 
gene, located on the X chromosome, which encodes the cell sur
face receptor used by the SARS-CoV-2 virus for host-cell entry [20]. 
Finally, we examined potential health-span implications of Long- 
COVID and COVID-19 using the DunedinPACE [21] and PhenoAge 
[22] epigenetic health-span clocks.

2. Materials and methods

2.1. Study population and design

We used two population-based cohorts, MoBa and NorFlu 
sampled from the Norwegian population, with regular question
naire data collection and data linkages to national health registries. 
MoBa recruited pregnant women and their partners from all over 
Norway during 1999 to 2008 [17,23]. Norflu was initiated during 
the A H1N1(pdm09) influenza pandemic in 2009/2010 [24] where 
pregnant women were invited to participate (https://www.fhi.no/ 
en/id/studies/norflu/). Since March/April 2020, adult participants in 
MoBa (mothers and fathers) and NorFlu (mothers) have been 
invited to answer electronic questionnaires concerning Long- 
COVID symptoms and COVID-19 testing. A subsample of partici
pants in MoBa and NorFlu were additionally asked to donate 
biological samples at multiple time points prior to and during 
the pandemic. The cohorts were linked to the National 
Surveillance System for Communicable Diseases (MSIS), the 
Norwegian Immunisation Registry (SYSVAK), and the Medical 
Birth Registry of Norway via each participant’s unique national 
identification number.

Eligible participants in this study included adult members in 
the two cohorts with available whole blood samples (the NorFlu 
cohort also included peripheral blood mononuclear cells) col
lected prior to SARS-CoV-2 infection, in 2020 (MoBa) and 2020/21 
or 2014/15 (NorFlu). For all exposure groups, NorFlu participants 
and a randomly selected subset of MoBa participants were 
invited to provide a second blood sample in April 2023.

2.2. Exposure

We defined three exposure groups based on the participant’s 
SARS-CoV-2 infection and Long-COVID status: 1) Long-COVID; 
2) only COVID-19, no reported Long-COVID symptoms; 3) no 
reported COVID-19 infection (designated as “not infected”). 
Participants in the COVID-19 strata (group 2) had tested posi
tive for SARS-CoV-2 infection in January or February 2022. This 
period largely overlapped with the first Omicron surge in 
Norway. A positive test result in this period was defined as 
having a record of laboratory confirmed SARS-CoV-2 infection 
(MSIS), or any self-reported positive test for SARS-CoV-2 from 
questionnaires, either a self-administrated antigen test or 
a laboratory test (PCR or antigenic). The Long-COVID strata 
(group 1) included participants with COVID-19 according to 
the criteria given above who after 3–5 months post infection 
(June 2022) still reported one of the following symptoms: 
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fatigue, poor memory, brain fog, dizziness, heart palpitations, 
shortness of breath, reduced lung function, and altered smell 
and/or taste. These symptoms were selected because of their 
association with prior SARS-CoV-2 Omicron infection [19]. The 
last, uninfected strata (group 3) included participants with no 
reported SARS-CoV-2 infection by January 2023. These partici
pants had no record of a positive SARS-CoV-2 test in MSIS by 
January 2023, no self-reported infection in January or 
February 2022, and responded “No” to the question “Have 
you ever been infected with SARS-CoV-2?” in January 2023. 
Supplementary Figure S1 shows the timeline of vaccination 
and infection (both MSIS-registered and self-reported) in the 
Norwegian population based on data from the MoBa cohort 
(91,360 participants).

2.3. Covariates

We included information about sex from the participants’ 
cohort member status as mother or father. Age at blood 
sampling was calculated based on birth year, obtained from 
the Medical Birth Registry of Norway. Information about body 
mass index (BMI, calculated from height and weight) and 
smoking status around the time of blood sampling were 
obtained from questionnaires administered to cohort partici
pants before (2013, for NorFlu only) and during the pandemic 
(2020–2022).

2.4. Biological materials

Whole blood samples were collected from all 297 participants in 
10 ml EDTA tubes at two timepoints. DNA extraction was per
formed using the FlexiGene DNA Kit (250) (QIAGEN, Hilden, 
Germany) for most samples. For NorFlu samples collected in 
2014/15 a ArchivePure DNA Blood 1000 ml basekit was used (5 
PRIME, Inc.). All samples were subsequently stored at −20°C. For 
each participant, approximately 20 µl of TE-diluted DNA was ali
quoted into skirted 96-well plates, with a minimum concentration 
of 60 ng/µl and an absorbance ratio (260/280) between 1.8 and 2.0. 
All DNA samples, from both cohorts, were collectively shipped on 
dry ice to Life & Brain GmbH (Bonn, Germany) for methylation 
measurement using the Illumina Infinium EPIC v2 BeadChip 
(Illumina, San Diego, CA, USA).

2.5. Preparation of DNA methylation array data

Since the NorFlu cohort consisted exclusively of women, quality 
control (QC) was performed separately for the MoBa and NorFlu 
cohorts using the RnBeads (v2.0) R package [25]. Of the 923,798 
probes on the EPIC v2 array, the ‘greedycut’ algorithm excluded 
19,142 probes in MoBa, resulting in 904,656 retained sites (881,456 
autosomal, 23,062 X-chromosomal, and 138 Y-chromosomal). For 
NorFlu, 6,842 probes were excluded, along with 161 
Y-chromosomal probes. This yielded 916,795 retained probes 
(893,116 autosomal and 23,679 X-chromosomal).

Sample-level QC in MoBa began with 531 samples from 269 
participants (262 with two measurements, one for each time 
point, and 7 with one). One sample was excluded due to being 
the only sample on its plate; another was removed by the 

greedycut algorithm, resulting in 260 participants with paired 
measurements and 9 with single measurements.

Data preprocessing included ‘noob’ background correction 
using SeSAMe [26], specifically adapted to the EPIC V2 plat
form, followed by BMIQ normalization to adjust for Illumina 
Type I/II CpG probe bias [27].

2.6. Estimation of cell-type composition

Cell-type proportions were estimated separately for the MoBa 
and NorFlu cohorts using the IDOL method [28] in combina
tion with the FlowSorted.Blood.EPIC reference panel [29]. 
Estimated proportions included CD4+ helper T cells (CD4T), 
CD8+ cytotoxic T cells (CD8T), CD19+ B cells (Bcell), CD14+ 

monocytes (Mono), CD56+ natural killer cells (NK), and neutro
phils (Neu).

2.7. Statistical analyses

Linear mixed-effects models were used to assess DNAm differ
ences between, as well as within (for each individual), the 
Long-COVID, COVID-19, and not infected groups. Models 
included cross-classified individual- and plate-level random 
intercepts to account for within-subject correlation across 
two time points, pre- vs. during pandemic, including potential 
MoBa and NorFlu cohort DNAm differences (not detected). 
Both main effects and interaction terms between infection 
status (Long-COVID, COVID-19 or not infected) and time 
point (pre- vs. during pandemic) were evaluated.

Covariates included in all models were sampling date, sex, 
BMI, age, smoking status (never/ever), and estimated cell-type 
proportions. Analyses were also conducted separately for the 
X chromosome due to the location of the ACE2 gene, with sex- 
stratified models used to account for DNAm differences due to 
X-inactivation in females [30].

Health-span analyses were performed using the 
DunedinPACE [21] and PhenoAge [22] epigenetic clocks as 
outcome variables, with models adjusted using the same cov
ariates as described above. Significance was evaluated using 
false discovery rate (FDR) correction [31], with FDR <0.01 as 
the primary threshold.

To verify the integrity of DNAm data, additional models 
assessed known associations with smoking status and BMI. 
These included DNAm patterns at established smoking- 
associated CpG sites (see Supplementary Methods) [32], as 
well as associations with both epigenetic clocks, which were 
consistent with prior literature.

Visual diagnostics included volcano and Q–Q plots for all 
models. All analyses were conducted in R, using the nlme 
package [33] for linear mixed-effects models.

Because age was missing for several individuals due to 
strict privacy regulations in Norway, DNAm-based age was 
estimated using MinLinMo [34], a 16-CpG clock with 
a reported correlation of r = 0.94 with chronological age. This 
estimator does not incorporate health-span components, mak
ing it suitable for unbiased age estimation in the current 
context.
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Further methodological details, including full statistical 
model specifications, are provided in the Supplementary 
Methods.

3. Results

It should be noted that only the results from what we consider 
to be the primary regression models are presented here. 
Additional model specifications, as well as further methodolo
gical details and extended results, are provided in the 
Supplementary Methods (see also Supplementary Figure S1) 
for readers seeking a more in-depth view.

We first assessed genome-wide DNAm across 859,651 CpG 
sites using mixed-effects models, adjusting for estimated cell- 
type proportions (CD4+ T cells, CD8+ T cells, NK cells, B cells, 
monocytes, and granulocytes), as well as age, sampling date, 
sex, smoking status (never/ever), and BMI (see Table 1). The 
longitudinal design incorporated two time points per parti
cipant: one prior to SARS-CoV-2 infection and widespread 
vaccination (April-December 2020) and one during the later 
stages of the pandemic (April 2023). To account for repeated 

measures and technical variation we applied mixed-effects 
models with nested random intercepts for individual (two 
time points: pre- vs. during pandemic) and array plate. 
While multiple alternative model specifications were 
explored (see Supplementary Methods for full details), the 
models presented below reflect the approach we judged to 
be the most biologically and statistically appropriate for the 
research question.

We tested for persistent DNAm differences between Long- 
COVID and COVID-19 groups, compared with not infected 
participants, at both time points. Interaction terms between 
group status (Long-COVID or COVID-19) and time point (pre- 
vs. during pandemic) were included to assess within-individual 
and between group average DNAm changes over time.

No significant genome-wide differences were detected 
either within or between groups: Long-COVID vs. not infected 
(PFDR = 0.745), or COVID-19 vs. not infected (PFDR = 0.883). 
These null findings suggest that infection status, as confirmed 
by positive PCR or antigen self-test, did not significantly influ
ence genome-wide DNAm profiles (see Figures 1–3). Our study 
could also indicate that vaccination against COVID did not 

Table 1. Study population statistics.

Group 1 (Long-COVID) 2 (COVID only) 3 (Not infected)

Time point 1: During COVID, n 58 110 129
Average age, years 48.7 49.2 50.9
Brain fog, n 19 0 2
Fatigue, n 19 0 3
Number of vaccine doses, n (%)

0–1 9 (15.5%) 12 (10.9%) 11 (8.5%)
2 9 (15.5%) 19 (17.3%) 16 (12.4%)
3+ 40 (69.0%) 79 (71.8%) 102 (79.1%)

Time point 0: Pre COVID infection, n 58 110 129
Average age, years 46.4 46.5 48.6
Pooled
Sample size, n 116 220 258
Females, % 72.40% 65.50% 59.70%
Smoking (yes), % 7% 3% 7%
Average BMI, kg/m2 25.00 24.50 25.40

Figure 1. Miami plot of main longitudinal regression models for Long-COVID/COVID. The top part of the plot, above the thick black line in the middle, shows the - 
log10 transformed p values (vertical axis) from the longitudinal Long-COVID regression models assessing DNAm differences with regards to non-COVID infected at 
859,651 CpGs. The bottom part of the plot shows the corresponding longitudinal regression models for COVID infected, which also includes Long-COVID cases, 
versus non-infected. The horizontal axis represents genomic position with regards to each chromosome, excluding the X chromosome. The horizontal dashed black 
line at the top and bottom of the Miami plot is the Bonferroni limit for p < 0.05 conditioned on 859,651 tests.
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have any genome-wide effect on DNAm as well as most 
participants across all three groups were vaccinated at the 
time of second sampling [35].

To refine the Long-COVID phenotype, we conducted tar
geted analyses focusing on individuals reporting fatigue and 
brain fog symptoms [36], reducing the Long-COVID group 
to 19 participants for each time point (see Table 1). Despite 
the more specific phenotype definition, there were no sig
nificant DNAm differences for Long-COVID with fatigue 
(PFDR = 0.554) or brain fog (PFDR = 0.999) when compared to 
the not infected group. These models included the same 
covariate adjustments described above (see Methods sec
tion for details).

We further examined DNAm changes on the X chromosome, 
focusing on CpG sites linked to the ACE2 gene, and stratified 
analyses by sex. Again, no significant DNAm differences were 
found between Long-COVID and not infected individuals for either 
males or females (PFDR = 0.999 for both). Similarly, no differences 
were observed for the COVID-19 group (PFDR = 0.883 for males; 
PFDR = 0.999 for females) (see Figure 4).

Lastly, we tested whether infection status was associated with 
changes in biological aging, using the DunedinPACE (DP) and 
PhenoAge (PA) epigenetic clocks. Longitudinal models with the 
same covariates were used, including group-by-time interaction 
terms. Again, no significant associations were detected for Long- 
COVID (p = 0.695 [DP], p = 0.528 [PA]) or COVID-19 (including 

Figure 2. Volcano plots for longitudinal Long-COVID and COVID regression models. The volcano plots show -log10 transformed p values (vertical axis) plotted against 
the estimated slopes (β, horizontal axis) for the respective main- longitudinal Long-COVID (left) and COVID (right) regression models. The dashed line at the top 
designates the Bonferroni limit for p < 0.05 conditioned on 859,651 tests.

Figure 3. QQ-plots for longitudinal Long-COVID and COVID regression models. The QQ-plots show -log10 transformed p values (vertical axis) for the main 
longitudinal Long-COVID (left) and COVID (right) regression models plotted against correspondingly transformed values between 0 and 1 drawn from a uniform 
distribution (horizontal axis). A slope (λ) approaching 1 designates absence of bias.
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Long-COVID cases) (p = 0.624 [DP], p = 0.348 [PA]) when com
pared to not infected participants (see Supplementary Methods 
for details).

4. Discussion

A key motivation for examining whether COVID-19 and Long- 
COVID are associated with sustained genome-wide DNA 

methylation (DNAm) changes in white blood cells is the 
known role of the immune system in adapting to pathogens 
[10,37]. As immunological memory can persist beyond the 
acute phase of infection, it is plausible that epigenetic mechan
isms, including DNAm alterations, may underlie some of these 
long-term effects [10,37]. Given that DNAm is both persistent 
and reversible, reflecting transient or sustained immune 
responses, epigenetic mechanisms could potentially contribute 
to post-acute symptoms, such as those observed in Long- 
COVID [38].

To our knowledge, this is one of the few epigenetic studies 
to analyze persistent genome-wide DNAm in longitudinally 
matched samples across COVID-19 and Long-COVID pheno
types, including targeted assessment of the contributions of 
genes on the X chromosome. Several previous studies have 
suggested associations between SARS-CoV-2 infection and 
altered DNAm profiles, including in individuals with Long- 
COVID. However, these studies have often been limited by 
small sample sizes, broad Long-COVID definitions, and cross- 
sectional designs [39]. In contrast, our study benefits from 
a longitudinal design with matched pre- and post-infection 
samples, a relatively large sample size, and the ability to 
classify individuals using robust definitions of both COVID-19 
and Long-COVID. Additionally, we conducted sex-stratified 
analyses on the X chromosome, targeting CpG sites linked to 
the ACE2 gene, encoding the SARS-CoV-2 entry receptor [20], 
a feature rarely included in previous DNAm studies on 
COVID-19.

Despite a comprehensive set of analyses, including more 
than 40 mixed-effects models, we found no significant gen
ome-wide DNAm differences between individuals with Long- 
COVID, COVID-19, and not infected controls. This included 
both repeated measures and between-group comparisons 
across one or two time points. We also tested whether infec
tion status influenced biological aging using two epigenetic 
clocks: DunedinPACE and PhenoAge. No associations were 
observed between either clock and infection status, suggest
ing that neither COVID-19 nor Long-COVID has a detectable 
sustained effect on epigenetic aging in our cohorts, at least as 
captured by these established metrics.

Importantly, both epigenetic clocks were significantly asso
ciated with known predictors of biological aging, such as BMI 
and smoking status, indicating that the DNAm data were 
sufficiently sensitive and of adequate quality [21,22]. 
Additional smoking-related EWAS models also showed 
expected DNAm patterns [32] (see Supplementary Methods), 
reinforcing the notion that the absence of findings related to 
COVID-19 is unlikely the consequence of technical limitations.

Although we did not observe DNAm alterations asso
ciated with Long-COVID or COVID-19, this does not preclude 
the possibility that such effects may exist. The Illumina EPIC 
V2 array interrogates only a small fraction of the estimated 
28 million CpG sites in the human genome [40], and while 
many of these are in regulatory regions, it is estimated that 
up to 80% of CpGs are constitutively methylated and may 
not have any regulatory relevance [41]. Moreover, the methy
lome is highly correlated within individuals [42], meaning 
that subtle or localized changes could be missed in genome- 

Figure 4. Miami plots of main longitudinal regression models for Long-COVID 
/COVID on X chromosomes. The Miami plots show the -log10 transformed 
p values (vertical axis) from the Long-COVID (left) and COVID (right) regression 
models assessing DNAm differences with regards to non-COVID infected at 
21,761 CpGs for males (top) and females (bottom). The horizontal axis repre
sents genomic position with regards to the X chromosome, and the red dots 
highlight the position of the CpG sites linked to the ACE2 gene that the SARS- 
CoV-2 virus employs for host-cell entry. The horizontal dashed black line at the 
top and bottom of both plots is the Bonferroni limit for p < 0.05 conditioned on 
21,761 tests.
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wide analyses. Since biological samples were collected 
approximately one year after the last time point it is not 
impossible that DNAm changes can have reverted, in parti
cular for the COVID-19 infected group. Most SARS-CoV-2 
infections in Norway occurred after the emergence of the 
Omicron variant, when public health restrictions were 
relaxed and routine PCR testing was largely discontinued. 
As a result, infection status for some participants relied on 
self-testing and self-report, which may have led to some 
misclassification of infection status in the COVID-19 and 
“not infected” groups. In addition, there was a broad, pre
dominantly mRNA, vaccine coverage in Norway (see Table 1 
and Supplementary Figure S1) which could potentially also 
influence results. Although no DNAm differences were 
detected between time point 0, when no one were vacci
nated, and time point 1, vaccination reducing effects from 
Long-COVID/COVID 19 infection cannot be ruled out. Finally, 
it is also important to note that our cohorts are ethnically 
homogeneous, consisting largely of individuals of Northern 
European ancestry, as epigenetic responses to infection 
could potentially differ across populations with different 
genetic and environmental backgrounds.

Further complicating interpretation is the heterogeneity of 
Long-COVID itself [39]. The condition encompasses a broad 
range of symptoms, some of which may have distinct etiolo
gies such as fatigue, poor memory, brain fog, dizziness, heart 
palpitations, shortness of breath, reduced lung function and 
altered taste/smell, making it difficult to capture a unified 
biological signal [19,43]. While we attempted to refine the 
Long-COVID definition by focusing on participants reporting 
fatigue and brain fog [36], no significant DNAm differences 
were identified even in this more narrowly defined subgroup. 
This highlights the need for further work to disaggregate 
Long-COVID into more biologically coherent subtypes, ideally 
with larger samples for each phenotype.

5. Conclusions

In this study, we comprehensively investigated whether Long- 
COVID or COVID-19 infection is associated with persistent 
genome-wide DNA methylation (DNAm) changes in whole 
blood from 297 cohort participants collected and matched at 
two time points (totaling 594 samples): before and after SARS- 
CoV-2 infection and vaccination. Across more than 850,000 
CpG sites, including targeted sites near the ACE2 receptor 
gene on the X chromosome, we found no evidence of 
DNAm alterations associated with infection status in our 
cohorts. Similarly, no associations were detected between 
infection and measures of biological aging, as estimated by 
the DunedinPACE and PhenoAge epigenetic clocks.

Although our sample size was larger than those in prior 
studies, it may still have been insufficient to detect subtle 
DNAm changes, particularly given the likely heterogeneity of 
Long-COVID phenotypes. Refining the case definition to indi
viduals reporting specific symptoms such as brain fog or 
fatigue did not yield significant findings. Additionally, the 
Illumina EPIC V2 array, while offering broad coverage, inter
rogates only a small subset of the estimated 28 million CpG 
sites in the human genome. As such, we cannot exclude the 

possibility that infection-related DNAm changes exist outside 
the regions covered by the array.

Taken together, our findings do not support the presence 
of persistent, detectable DNAm alterations associated with 
Long-COVID or COVID-19 infection in our cohorts. Further 
research using larger and more diverse populations, as well 
as higher-resolution methylation profiling, as opposed to the 
array-based EPIC V2 platform employed here, may be required 
to detect more subtle and phenotype-specific effects.
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