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The host epigenetic landscape rapidly changes during SARS-CoV-2 infection, and evidence suggest that severe COVID-19 is associated with durable scars to the epigenome. Specifically, aberrant DNA methylation changes in immune cells and alterations to epigenetic clocks in blood relate to severe COVID-19. However, a longitudinal assessment of DNA methylation states and epigenetic clocks in blood from healthy individuals prior to and following test-confirmed non-hospitalized COVID-19 has not been performed. Moreover, the impact of mRNA COVID-19 vaccines upon the host epigenome remains understudied. Here, we first examined DNA methylation states in the blood of 21 participants prior to and following test-confirmed COVID-19 diagnosis at a median time frame of 8.35 weeks; 756 CpGs were identified as differentially methylated following COVID-19 diagnosis in blood at an FDR adjusted p-value < 0.05. These CpGs were enriched in the gene body, and the northern and southern shelf regions of genes involved in metabolic pathways. Integrative analysis revealed overlap among genes identified in transcriptional SARS-CoV-2 infection datasets. Principal component-based epigenetic clock estimates of PhenoAge and GrimAge significantly increased in people over 50 following infection by an average of 2.1 and 0.84 years. In contrast, PCPhenoAge significantly decreased in people fewer than 50 following infection by an average of 2.06 years. This observed divergence in epigenetic clocks following COVID-19 was related to age and immune cell-type compositional changes in CD4+ T cells, B cells, granulocytes, plasmablasts, exhausted T cells, and naïve T cells. Complementary longitudinal epigenetic clock analyses of 36 participants prior to and following Pfizer and Moderna mRNA-based COVID-19 vaccination revealed that vaccination significantly reduced principal component-based Horvath epigenetic clock estimates in people over 50 by an average of 3.91 years for those who received Moderna. This reduction in epigenetic clock estimates was significantly related to chronological age and immune cell-type compositional changes in B cells and plasmablasts pre- and post-vaccination. These findings suggest the potential utility of epigenetic clocks as a biomarker of COVID-19 vaccine responses. Future research will need to unravel the significance and durability of short-term changes in epigenetic age related to COVID-19 exposure and mRNA vaccination.
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INTRODUCTION
Epigenetic mechanisms including DNA methylation are critically involved in both host immune responses to viral infection and subsequent diseases pathogenesis and severity (Gómez-Díaz et al., 2012; Morales-Nebreda et al., 2019). In the context of SARS-CoV-2 infection, human studies suggest that DNA methylation states in immune cells are altered during infection and associate with COVID-19 disease severity (Bernardes et al., 2020; Balnis et al., 2021; Castro de Moura et al., 2021; Corley et al., 2021). We previously reported a unique candidate immune cell DNA methylation signature associated with severe COVID-19 that was distinct from influenza, primary HIV infection, and HIV/mild COVID-19 coinfection (Corley et al., 2021). Additional studies have extended these findings and reported distinct genome-wide DNA methylation differences in peripheral blood from COVID-19 patients based on disease severity (Balnis et al., 2021; Castro de Moura et al., 2021; Zhou et al., 2021). Insights into host DNA methylation states and COVID-19 have mainly focused on severe COVID-19 and are limited by the use of cross-sectional study designs. Longitudinal epigenetic studies of COVID-19 are lacking, and it remains unclear whether rapid changes to immune cell epigenetic DNA methylation patterns occur in healthy individuals that recover from non-hospitalized COVID-19.
The severity of COVID-19 strongly depends on age, and aging biomarkers may help explain this relationship and predict who is at the highest risk of severe COVID-19 (Kuo et al., 2020; Mueller et al., 2020). Distinct DNA methylation patterns have been utilized to derive epigenetic measures of biological aging termed “epigenetic clocks” (Horvath, 2013). Numerous epigenetic clocks have been generated that appear to capture distinct aspects of aging and associate with different biological hallmarks of aging, environmental exposures, traits, and disease patterns (Horvath and Raj, 2018; Liu et al., 2020; Higgins-Chen et al., 2021a; Oblak et al., 2021). Many of the differences between clocks stem from being trained to predict different aging-related variables, such as chronological age, mortality risk, or mitotic divisions. Moreover, epigenetic clocks are accurate predictors of mortality risk (Lu et al., 2019), biomarkers of pathogen exposure (Horvath and Levine, 2015; Boulias et al., 2016; Corley et al., 2021), and correlates of lung function and immune inflammation (Hillary et al., 2020, 2021). Evidence suggest that severe COVID-19 disease may impact certain epigenetic clocks (Mongelli et al., 2021; Corley et al., 2021) and biological aging captured by PhenoAge may inform COVID-19 outcomes (Kuo et al., 2020). More recent epigenetic clock studies have reported conflicting evidence for biological age acceleration and telomere shortening in COVID-19 survivors (Mongelli et al., 2021), with some finding no clock acceleration in COVID-19 patients (Franzen et al., 2021). Whether changes occur to epigenetic clocks in healthy individuals that recover from non-hospitalized COVID-19 still remains unclear. In addition, whether epigenetic clocks are impacted following mRNA COVID-19 vaccination remains understudied.
In this study, we first examined whether alterations to DNA methylation states, blood immune cell type composition, and epigenetic clocks occurred in peripheral blood following COVID-19 using a longitudinal study design of 21 healthy participants prior to and following test-confirmed COVID-19. Next, we also evaluated longitudinal DNA methylation states, blood immune cell type composition, and epigenetic clocks of 36 healthy participants prior to and following complete two-dose mRNA-based COVID-19 vaccination.
RESULTS
Cohort of Participants With Longitudinal Assessments of DNA Methylation Prior to and Following Test-Confirmed COVID-19 Infection
Table 1 presents the baseline (pre-COVID-19) characteristics of study participants prior to COVID-19 diagnosis. Participants were healthy (n = 14M, 7F) and ranged in chronological age from 18 to 73 years (Median = 46 years). Genome-wide DNA methylation was assayed from blood biospecimens of all participants at baseline and post-COVID-19 using the Illumina MethylationEPIC platform (Pidsley et al., 2016). Baseline DNA methylation for participants was obtained at a median of 19 weeks prior to the first COVID-19 positive test (Range: 4–50 weeks). COVID-19 exposure and SARS-CoV-2 infection of participants for the post-COVID-19 timepoint was confirmed utilizing clinical PCR testing (n = 18) and serology testing (n = 3). Post-COVID-19 DNA methylation was assessed at a median time frame of 8.35 weeks after testing positive. The earliest captured participant’s post-COVID-19 DNA methylation was within 1 week following COVID-19 diagnosis and ranged out to a maximum of 6 months after diagnosis.
TABLE 1 | Baseline characteristics of study participants prior to COVID-19 diagnosis.
[image: Table 1]Differentially Methylated Loci Following SARS-CoV-2 Infection
To identify differentially methylated loci in blood related to COVID-19, we utilized a longitudinal study design that included genome-wide DNA methylation data generated from 21 participants prior to (pre-COVID-19) and following COVID-19 diagnosis (post-COVID-19) (Figure 1A). Our repeated measures analysis of DNA methylation at pre- and post-COVID-19 time points revealed 756 differentially methylated loci significant at FDR (Benjamini–Hochberg) adjusted p < 0.05 that were not significantly biased to a specific chromosomal location (Figure 1B, Supplementary Dataset S1); 57.8% of the COVID-19-related DML increased in DNA methylation states (hypermethylation) post-COVID-19 compared to pre-timepoint for participants. Next, we examined whether these COVID-19-related DML in blood were enriched in specific genomic contexts and found a significant enrichment in the gene body (Odds Ratio = 1.2; p = 0.005) and the northern (Odds Ratio = 1.7; p = 0.0004) and southern (Odds Ratio = 1.8; p = 0.0001) shelf regions located adjacent to CpG island shore regions compared to the expected distribution of methylation sites assayed across the human genome (Figure 1C), suggestive of perturbations at regulatory regions in the human genome likely linked to transcriptional differences. We observed that the 756 COVID-19-associated DML were related to 516 annotated protein coding genes (Supplementary Dataset S1). Gene enrichment analysis revealed the top biological processes involved cellular glucose homeostasis (GO: 0001678; p = 0.001) Supplementary Figure S1. KEGG pathway analyses showed the top pathway involved thyroid hormone signaling (p = 0.00001) Supplementary Figure S1. These findings support the interplay between host metabolism and metabolic gene pathways in COVID-19 and reports of dysregulated glycemia in COVID-19 (Reiterer et al., 2021).
[image: Figure 1]FIGURE 1 |  DNA methylation changes in blood associated with mild/moderate COVID-19 (A). Study design of longitudinal assessment of DNA methylation profiles in 21 participants pre- and post-SARS-CoV-2 infection (B). Manhattan plot of differentially methylated loci (DML) associated with mild/moderate COVID-19 (C). Bar graph of genomic enrichment of COVID-19 DML in 13 different categorized regions of the genome relative to gene and CpG island. Hypergeometric test utilized to calculate the p-value and odd ratio (D–M). Plots of COVID-19 DML displaying mean DNA methylation levels ± SEM for CpGs associated with a gene ID. Adjusted p-value calculated utilizing Benjamini–Hochberg correction. Created with BioRender.com.
Since our assessments of DNA methylation in participants occurred in whole blood, we next applied a bioinformatic tool to identify the potential cellular source in blood of COVID-19 exposure-related differences in participants. We analyzed whether there was an enrichment for overlap with potential functional elements in our set of 756 DML related to COVID-19 compared to matched background DML using the experimentally derived Functional element Overlap analysis of ReGions from the EWAS tool (eFORGE) (Breeze et al., 2019). eFORGE uses 815 datasets from the ENCODE, Roadmap Epigenomics, and BLUEPRINT epigenomic mapping projects to detect enriched tissues, cell types, and genomic regions of DML from DNA methylation profiling studies. Our analysis utilizing the chromatin in all 15-state marks reference revealed the greatest enrichment in actively transcribed genes of primary B cells (q-value = 3.65e-10), mononuclear cells (q-value = 4.39e-8), and neutrophils (q-value = 1.03e-11) from peripheral blood suggesting potential cell composition and/or cell type-specific effects of COVID-19 infection in blood (Supplementary Dataset S2). In addition to these immune cell-type findings, we evaluated whether the observed epigenetic signature mimic methylation changes in SARS-CoV-2 target tissues. This analysis revealed significant enrichment in multiple organ systems supporting COVID-19 as a complex multisystem disorder (Supplementary Dataset S2). Notable enrichments were observed in actively transcribed genes of the digestive system (sigmoid colon, q-value = 8.42e-8; duodenum smooth muscle, q-value = 5.06e-8; rectal mucosa, q-value = 3.19e-7; duodenum mucosa, q-value = 3.19e-7), placenta (q-value = 6.21e-06), spleen (q-value = 1.25e-05), brain (anterior caudate, q-value = 1.32e-05; hippocampus, q-value = 2.13e-05), liver (q-value = 3.92e-05), and lung (q-value = 9.22e-05) (Supplementary Dataset 2). These data support the notion of COVID-19 impacting the epigenetic landscape as a multisystem disorder involving both immune cells and nonimmune cells in disease pathogenesis.
Among the top Δβ-value methylation changes comparing pre- and post-COVID-19 time points, we observed two differentially methylated loci (cg02037503 and cg23712970) in a gene promoter transcription start site regulatory region of the apoptotic chromatin condensation inducer 1 (ACIN1) gene Supplementary Figure S2 that decreased in DNA methylation following COVID-19 by approximately 15% for both CpG sites (Figures 1D,E). This gene codes a nuclear protein that induces apoptotic chromatin condensation after activation by caspase-3 (Sahara et al., 1999), which we previously reported was increased in red blood cells of hospitalized COVID-19 participants (Plassmeyer et al., 2021). We also observed differential methylation at cg10846936 related to the caspase recruitment domain family member 14 (CARD14) gene that is involved in activating nuclear factor kappa-B involved in immune inflammation. Participants’ methylation levels at this loci increased comparing pre- and post-COVID-19 time points from a mean of 44.47–53.44% (Figure 1F). Using a validation analysis of this loci in a public COVID-19 DNA methylation dataset GSE168739 (Castro de Moura et al., 2021), we observed that the mean methylation state of this loci in participants post-COVID-19 timepoint (mean DNAm = 53.5%) was more similar (p = 0.15, Tukey’s test) than participants pre-COVID-19 levels (mean DNAm = 44.6%) (p = 0.0001, Tukey’s test) compared to the levels of this loci in a public blood DNA methylation dataset available from 407 confirmed COVID-19 participants (mean DNAm = 56.5%) (Castro de Moura et al., 2021) and is shown in Supplementary Figure S3. Additional top differentially methylated loci related to the corticotropin-releasing hormone receptor 1 (CRHR1, cg09422970; Figure 1G), HIVEP zinc finger 3 (HIVEP3, cg11857452; Figure 1H), Meis homeobox 2 (MEIS2, cg06471042; Figure 1I), nuclear receptor coactivator 2 (NCOA2, cg20282780; Figure 1J), progesterone immunomodulatory binding factor 1 (PIBF1, cg00531853, and 15128396; Figures 1K,I), and sterile alpha motif domain-containing 4A (SAMD4A, cg18499294; Figure 1M) genes.
DNA Methylation-Based Estimates of Cell-Type Fractions in Blood Are Significantly Changed Following COVID-19 Infection
DNA methylation data can be utilized to infer fractions of immune cell types present in a heterogenous blood sample based on a reference list of CpGs identified from differentially methylated cell-types (Houseman et al., 2012). Hence, we used a paired t-test analysis and examined whether participants DNAm-based estimates of CD8+ T cells, CD4+ T cells, natural killer (NK) cells, B cells, monocytes, granulocytes, plasmablasts, exhausted T cells (CD8+CD28-CD45RA-), CD8 naïve T cells, and CD4 naïve T cells significantly differed comparing pre- and post-COVID-19 time points. Since the human immune system undergoes dramatic aging-related changes, we stratified our analysis into two groups based on those under or over 50 years of age. We observed no significant differences in the inferred proportion of CD8+ T cells following COVID-19 for those under and over 50 years of age (Figure 2A). Participants under 50 years of age showed significant increases in the percentage of CD4+ T cells in blood following COVID-19 (Figure 2B). In contrast, in those over 50 years of age, we observed a significant decrease in the percentage of CD4+ T cells in blood following COVID-19 (Figure 2B), reflecting COVID-19 reports of lymphopenia. In addition, we observed significant decreases in the percentage of B cells in those over 50 years of age (Figure 2D). In contrast, we observed shifts in decreasing plasmablasts percentage (Figure 2G), and increasing CD4+ naïve T cells were observed in those under 50 years of age following COVID-19 (Figure 2J). Innate immune NK and monocytes cell proportions did not significantly change following COVID-19 (Figures 2C,E). We also did not observe significant differences in granulocytes, exhausted CD8+ T cells, and CD8+ naïve T cells (Figures 2F,H,I). Together, these findings suggest age-related COVID-19 shifts in specific immune cell types occur in healthy individuals.
[image: Figure 2]FIGURE 2 |  DNA methylation inferred blood immune cell type composition following mild/moderate COVID-19 (A–J). Plots displaying the change in specific immune cell type populations inferred from DNA methylation in individuals pre- vs. post-COVID-19 stratified by age. Triangles display participants less than 50 years of age and circles display participants over 50 years of age.
We utilized the inferred cell type proportional changes following COVID-19 to examine relationships with age and the DNA methylation change pre- vs. post-COVID-19 for 10 of the top differentially methylated loci we had identified. This correlative analysis showed that chronological age was significantly associated with the percent change in DNA methylation for 9/10 DML, suggesting the signal of change for those DNA methylation sites related to age and potential plasticity loss (Figure 3). Moreover, chronological age was significantly associated with the inferred cell type proportional changes following COVID-19 for CD4+ T cells, plasmablasts, and CD4+ naïve T cells adding further support to our observed age-related COVID-19 shifts in specific immune cell type observations (Figure 3). Notably, we observed that shifts in inferred immune cell type proportional following COVID-19 significantly related to the extent of DNA methylation level changes for 10 the DML we examined, suggesting the COVID-19 DNA methylation signature to be substantially influenced by cell-type shifts (Figure 3).
[image: Figure 3]FIGURE 3 |  DML associated with COVID-19 relate to immune cell type composition. Correlogram plot of biological age, the change in DNA methylation levels for COVID-19-related DML, and the change in inferred immune cell type following COVID-19. Significant correlations displayed as solid box and Spearman’s rank correlation coefficient displayed.
DNA Methylation Changes in Blood Following COVID-19 Overlap With COVID-19-Related Transcriptional Gene Sets
Various studies have identified transcriptional changes from SARS-CoV-2 infection (Blanco-Melo et al., 2020; Wilk et al., 2020). Since aberrant DNA methylation is commonly linked to transcriptional alterations, we sought to test whether the 516 genes containing a differentially methylated loci we identified through DNA methylation profiling of pre- and post-COVID-19 infection overlapped with COVID-19-related genes transcriptionally altered during SARS-CoV-2 infection utilizing the Enrichr COVID-19 gene set online tool (Kuleshov et al., 2016). This analysis revealed significant overlap with genes that are differentially expressed in SARS-CoV-2 animal models (rhesus macaques blood, p = 0.017; mouse heart, p = 0.018; mouse spleen, p = 0.027; and hamster blood, p = 0.027), COVID-19 human biospecimens (late stage infection blood, p = 0.027; human cornea, p = 0.032), and in vitro infection models (Calu-3, p = 0.030) (Table 2). These findings suggest the DNA methylation patterns associated with COVID-19 likely play a role in transcriptional activation or repression of conserved host transcriptional responses to SARS-CoV-2 infection involving specific gene networks.
TABLE 2 | Differentially methylated loci overlapping with enrichr COVID-19-related gene sets 2021.
[image: Table 2]Divergence in Epigenetic Clock Estimates Based on Age Related to COVID-19
Previous studies including our work reported epigenetic age perturbations associated with severe hospitalized COVID-19 in older individuals (Corley et al., 2021; Mongelli et al., 2021). We sought to investigate in this pre- and post-COVID-19 cohort of non-hospitalized COVID-19 and relatively healthy individuals whether COVID-19 exposure impacted epigenetic clock estimates. We calculated epigenetic estimates for Horvath’s multi-tissue predictor DNAmAge based on 353 CpG sites (Horvath, 2013), the Horvath skin and blood clock based on 391 CpG sites (Horvath et al., 2018), Levine DNAmPhenoAge based on 513 CpG sites (Levine et al., 2018), Hannum’s clock based on 71 CpG sites (Hannum et al., 2013), the Lu telomere length predictor, and DNA methylation-based mortality risk assessment [GrimAge (Lu et al., 2019)] using the Horvath online calculator. However, we found large bidirectional fluctuations in epigenetic age up to 8.99 years for DNAmAge, 4.49 years for Horvath skin and blood, 7.94 years for DNAmPhenoAge, 6.25 years for Hannum’s clock, and 4.03 years for GrimAge that did not seem to be related to COVID-19 infection Supplementary Figure S4. Instead, this appeared to be attributable to widespread technical noise in DNAm measurement (Bose et al., 2014; Logue et al., 2017; Sugden et al., 2020), as previous studies have found that repeated measurements of the same sample to deviate up to 9 years (Higgins-Chen et al., 2021b). To mitigate the impacts of these unreliable epigenetic clock estimates, we applied a novel principal component version of epigenetic clocks that permits a more reliable estimate for longitudinal studies (Higgins-Chen et al., 2021b). Next, we applied the principal-component epigenetic clocks algorithm based on 78,464 CpGs to the dataset to obtain PC-based epigenetic clock estimates and PC-based residuals after regressing PC-age predicted by the algorithm over chronological age for participants prior to and following COVID-19. Since age is a well-known risk factor for COVID-19 severity and our sample set contained participants that ranged in chronological age from 18 to 73 years, we stratified our longitudinal analysis of epigenetic clocks into two groups, people under 50 and people over 50 years of age. Application of our novel principal component-based computational solution to optimize the aging signal from epigenetic clocks and minimize noise revealed no significant differences in epigenetic age based on the PCHorvath1, PCHorvath2, and PCHannum epigenetic clocks for both groups following COVID-19 (Figures 4A–C). In addition, PCDNAmTL was not significantly altered following COVID-19 (Figure 4D). We observed that the PCPhenoAge clock was significantly increased in those over 50 years of age following COVID-19 by an average of 2.1 years (Figures 4E,H). In contrast to the observations for those over 50 years of age, PCPhenoAge was significantly decreased in those under 50 years of age following COVID-19 by an average of 2.06 years (Figure 4G). Chronological age significantly related to the extent of pre- vs. post-COVID-19 epigenetic age increase in PCPhenoAge (Figure 4I). Moreover, we observed that PCGrimAge, a predictor of lifespan in unit of years was significantly increased in people over 50 years of age following COVID-19 by an average of 0.84 years (Figures 4F,K). Chronological age significantly related to the extent of pre- vs. post-COVID-19 epigenetic age increase in PCGrimAge (Figure 4L). PCGrimAge was not significantly impacted in those less than 50 years of age (Figure 4J).
[image: Figure 4]FIGURE 4 | Divergence in principal component-based DNAmPhenoAge and GrimAge mortality risk increased based on age related to COVID-19 (A–F). Plots displaying the change in principal component-based epigenetic clock age estimates in individuals pre- vs. post-COVID-19 stratified by age. Triangles display participants less than 50 years of age and circles display participants over 50 years of age (G,H). Plots displaying the change in principal component-based PhenoAge in individuals under and over 50 years of age pre- vs. post-COVID-19 (I). Correlation plot of chronological age and the change in PCPhenoAge pre- vs. post-COVID-19 (J,K). Plots displaying the change in principal component-based GrimAge in individuals under and over 50 years of age pre- vs. post-COVID-19 (L). Correlation plot of chronological age and the change in PCGrimAge pre- vs. post-COVID-19.
We hypothesized that the COVID-19 associated change in PCPhenoAge and PCGrimAge was related to immune cell type compositional changes. Indeed, we observed that the increase in the PCPhenoAge clock estimates for participants following COVID-19 was significantly related to the magnitude of changes in the percent of CD4 T cells, B cells, granulocytes, plasmablasts, exhausted T cells, CD8 naïve T cells, and CD4 naïve T cells (Figure 5). We did not observe significant relationships between the increase in PCPhenoAge and CD8T cells, NK cells, and monocytes (Figure 5). Moreover, we identified that the extent of increase in PCGrimAge estimates for participants following COVID-19 was significantly related to blood immune cell compositional changes in CD4 T cells, NK cells, B cells, granulocytes, and plasmablasts (Figure 5). The loss in percent CD4+ T cells following COVID-19 for all participants significantly related to older chronological age and increasing epigenetic age inferred from all epigenetic clocks (PCHorvath1, PCHorvath2, PCHannum, PCPhenoAge, and PCGrimAge) (Figure 5), supporting observations of lymphopenia related to COVID-19. Together, these findings suggest that the epigenetic aging signal related to COVID-19 exposure is driven by changes in blood immune cell type composition. We also examined whether COVID-19 impacted measures from a DNA methylation-based mitotic clock [“epiTOC” (Yang et al., 2016)] and quantification of the pace of biological aging [“DunedinPoAm” (Belsky et al., 2015, 2020)] and observed no significant differences pre- vs. post-COVID-19 in these measures (Supplementary Figure S5).
[image: Figure 5]FIGURE 5 |  COVID-19-related epigenetic clock changes associate with immune cell type changes. Correlogram plot of biological age, the change in PC-based epigenetic clocks pre- vs. post-COVID-19, and the change in inferred immune cell type following COVID-19. Significant correlations displayed as solid box and Spearman’s rank correlation coefficient displayed.
mRNA COVID-19 Vaccination in Older Individuals Decreases Epigenetic Age and May Reflect Age-Related B Cell and Plasmablasts Induction and Expansion
To complement our pre- and post-COVID-19 exposure dataset, we sought to examine the impact of mRNA COVID-19 vaccination upon epigenetic clocks by obtaining DNA methylation profiles from blood of participants prior to and following mRNA COVID-19 vaccination. We examined 36 individuals (n = 21 females; n = 15 males) ranging in age from 22 to 69 years old that received either the Moderna (n = 13) or Pfizer (n = 23) mRNA vaccine. The median time since the second mRNA vaccine dose received by participants and DNA methylation data obtained for the post-vaccination timepoint was 57.9 days. We calculated principal-component epigenetic clock estimates and observed that PCHorvath1 and PCHorvath2 epigenetic age estimates were significantly decreased following complete mRNA vaccination comparing pre- and post-vaccination time points for all 36 participants by an average of 1.03–1.58 years (Figures 6A,B). Exploratory analyses stratified by vaccine brand suggested that those over 50 years of age that received Moderna mRNA vaccination significantly reduced epigenetic age estimates based on PCHorvath1 by an average of 2.75 years and PCHorvath2 by an average of 3.91 years following complete vaccination (Figures 7A,B). In contrast, we observed no significant differences in epigenetic age estimates for people less than 50 that received Moderna and for both those less than and over 50 years of age that received Pfizer (Figures 7A,B,G,H). Whether these stratified results relate to Moderna vaccine containing a higher dose (100 μg) compared to Pfizer (30 μg) will need further examination. There was no significant difference in time from last dose, and when DNA methylation data were obtained post-vaccination between vaccine brands (Supplementary Figure S6), suggesting time was not a confounding factor for vaccine differences in epigenetic age reduction in those over 50 years of age. In correlative analyses for all participants receiving an mRNA vaccine, we observed the extent of decreasing epigenetic age based on the PCHorvath1 and PCHorvath2 clocks and increasing PCDNAmTL significantly related to increasing chronological age (Figures 7M,N,Q). We did not observe any significant differences from mRNA vaccination upon PCHannum, PCPhenoAge, and PCDNAmTL (Figures 7C–E,I–K), and delta epigenetic age changes for PCHannum, PCPhenoAge, and PCGrimAge were not significantly related to chronological age (Figures 7O,P,R).
[image: Figure 6]FIGURE 6 | mRNA COVID-19 vaccination decreases PCHorvath1 and PCHorvath2 epigenetic age (A) Longitudinal plot of individuals PCHorvath1 and (B) PCHorvath2 epigenetic age at pre-vaccine and post-mRNA vaccination time points. Paired t-test p-value displayed.
[image: Figure 7]FIGURE 7 |  Moderna mRNA COVID-19 vaccination decreases principal component-based epigenetic age in individuals over 50 (A–F). Plots displaying the change in principal component-based epigenetic clock age estimates in individuals pre- vs. post-mRNA Moderna vaccination stratified by age. Triangles display participants less than 50 years of age and circles display participants over 50 years of age. (G–I). Plots displaying the change in principal component-based epigenetic clock age estimates in individuals pre- vs. post-mRNA Pfizer vaccination stratified by age (M–R). Correlations between chronological age and pre- vs. post-mRNA vaccination change in PC-based epigenetic clock estimates.
Next, we examined whether the decrease in PCHorvath1 and PCHorvath2 following mRNA vaccination related to immune cell type compositional changes and/or DNA methylation inferred telomere length since previous data suggested telomere length related to influenza vaccine responses (Najarro et al., 2015). The delta change in PCHorvath1 following mRNA vaccination significantly associated with delta change in PCDNAmTL and plasmablasts cell type percentage following complete two-dose mRNA vaccination (Figure 8). The delta change in PCHorvath2 following mRNA vaccination significantly associated with delta change in PCDNAmTL, B cell, granulocytes, and plasmablasts following complete two-dose mRNA vaccination (Figure 8). Notably, we did not observe any significant relationships between the time elapsed from when participants received their second mRNA dose, and post-mRNA vaccine DNA methylation data were obtained and delta changes in all epigenetic clock estimates and cell type compositional changes following mRNA vaccination (Figure 8).
[image: Figure 8]FIGURE 8 |  mRNA vaccine-related epigenetic clock changes associate with immune cell type changes. Correlogram plot of time since second dose, the change in PC-based epigenetic clocks pre- vs. post-COVID-19, and the change in inferred immune cell type following COVID-19. Significant correlations displayed as solid box and the Spearman’s rank correlation coefficient displayed.
Short-Term SARS-CoV-2 Infection and Exposure In Vitro Does not Substantially Impact Epigenetic Clocks
We tested whether artificial short-term in vitro exposure to SARS-CoV-2 virus (0.1 MOI) impacted PC-based epigenetic clocks in human peripheral mononuclear cells. We exposed viable PBMC’s from two uninfected donors (Donor 1, under 50 years of age; Donor 2: over 50 years of age) to a passage 4 stock of SARS-CoV-2 (0.1 MOI) in vitro for 60 h and compared DNA methylation levels to mock uninfected. We did not observe the evidence of SARS-CoV-2 replication in PBMCs after 60 h as assessed by nucleocapsid flow cytometry assessments. PC-based epigenetic estimates of difference in epigenetic age comparing mock and SARS-CoV-2 exposed PBMC revealed changes less than 1 year for PCHorvath1, PCHorvath2, and PCHannum clocks (Supplementary Figure S7). Notably, we observed divergent donor-dependent impacts from addition of monophosphoryl lipid A (MPLA) stimulation, a TLR4 agonist, for 1–60 h SARS-CoV-2 exposed PBMC’s for all PC-based clocks (Supplementary Figure S7). As a comparator dataset, we generated DNA methylation data from mock and SARS-CoV-2 infected Calu-3 cells for 96 h and observed epigenetic age did not increase for PC-based epigenetic clock comparing mock and infected cells.
DISCUSSION
In this pilot study, we examined whether SARS-CoV-2 infection and mRNA COVID-19 vaccination impacted DNA methylation states and epigenetic clocks in healthy individuals in the short term. Our findings revealed that significant differences in DNA methylation in blood associate with SARS-CoV-2 infection at 756 CpG sites, suggesting an immune cell-based epigenetic signature of COVID-19 may derive from aberrant DNA methylation states related to immune dysfunction induced by COVID-19. These findings support epigenetic findings from other groups that have reported distinct DNA methylation states in blood as a potential biomarker of COVID-19 (Balnis et al., 2021; Castro de Moura et al., 2021; Zhou et al., 2021). Moreover, our epigenetic clock findings reveal an age-related impact of epigenetic age increase associated with natural SARS-CoV-2 infection on the PCPhenoAge epigenetic clock and mortality risk estimate PCGrimAge in mild/moderate cases. Whether the extent and durability of this perturbation to these two epigenetic clock estimates is related to long COVID-19 or long-term aging outcomes remain an intriguing area for further investigation.
In contrast to natural SARS-CoV-2 infection, we observed that two epigenetic clocks (DNAmAge/PCHorvath1 and DNAmAgeSkinBlood/PCHorvath2) were decreased following mRNA COVID-19 vaccination in individuals over 50. The extent of decreased epigenetic age following mRNA-COVID-19 vaccination significantly related to changes in B cells and plasmablasts, highlighting the potential utility of epigenetic clocks in capturing vaccine responses and tracking the need for booster shots due to waning COVID-19 immunity in older individuals. These results are more robust because multiple clocks that putatively measure the same aging phenotype (i.e., PCGrimAge and PCPhenoAge predict mortality risk, while PCHorvath1 and PCHorvath2 track with chronological age) show similar relationships to COVID-19. Together, this pilot longitudinal epigenetic dataset of natural COVID-19 exposure and mRNA COVID-19 vaccination have important implications for research into the impact of COVID-19 on aging and the potential for mRNA vaccination to impact epigenetic aging in the immune system. Future research will need to examine whether COVID-19 and mRNA vaccine-related changes to epigenetic age are biologically meaningful. It is important to note that although epigenetic age robustly predicts age-related morbidity and mortality in cross-sectional studies (Horvath and Raj, 2018; Oblak et al., 2021), it is unknown if modifying epigenetic age in the short term leads to changes in long-term outcomes.
Prior research has shown that the host epigenetic landscape is altered during coronavirus infection (Schäfer and Baric, 2017). Evidence indicate that SARS-CoV-2 infection has a substantial impact upon the host immune cell epigenetic and transcriptional landscape in severe COVID-19 (Corley et al., 2021; Rendeiro et al., 2021). Our findings support a recent cross-sectional human DNA methylation study of COVID-19 that reported DNA methylation patterns of COVID-19 convalescents compared to uninfected controls (Huoman et al., 2021). In addition, our study provides the first examination of longitudinal DNA methylation changes in the blood of healthy participants prior to and following test-confirmed mild/moderate COVID-19. We observed blood-based DNA methylation changes associated with COVID-19 exposure in healthy participants ranging in age with 756 differentially methylated CpGs identified. Among the COVID-19 differentially methylated loci detected in blood, we observed hypermethylation related to the caspase recruitment domain family member 14 (CARD14) gene. This gene encodes a protein that has been shown to interact with BCL10 that functions as a positive regulator of cell apoptosis and NF-kappa-B activation (Bertin et al., 2001). Moreover, CARD14 may play a role in protecting cells against apoptosis. We observed that the percent change in DNA methylation inferred immune cell type proportion for CD8 T cells for participants following COVID-19 exposure significantly associated with the DNA methylation percent change related to CARD14. This suggests that a subset of DNA methylation changes related to COVID-19 exposure were due to cell type compositional changes. Notably, we also observed the differentially methylated CpGs associated with COVID-19 were enriched in transcriptional gene sets identified from published SARS-CoV-2 human, animal model, and in vitro infection studies (Kuleshov et al., 2016, 2020). These findings suggest that DNA methylation changes associated with COVID-19 likely participate in the regulation and modulation of host gene expression from infection. Together, this first set of findings support the notion that distinct host DNA methylation states in circulating immune cells serves as a COVID-19 specific epigenetic signature. The durability of this COVID-19 epigenetic signature remains a key question for future study.
Recent work utilizing a cross-sectional study design reported that epigenetic clocks are not altered in COVID-19 (Franzen et al., 2021). Our work contrasts with this report and suggests that specific epigenetic clocks may be altered by COVID-19 based on age. We utilized a more powerful longitudinal study design of individuals prior to and following test-confirmed COVID-19 and applied a novel principal component-based assessment of epigenetic clocks that mitigates issues with reliability in standard epigenetic clock algorithms. We observed a divergence in the epigenetic clock estimate PCPhenoAge and epigenetic clock mortality algorithm PCGrimAge based on age in individuals following COVID-19. Slight epigenetic age acceleration in the short term appeared in those individuals over 50 years of age that were infected with SARS-CoV-2. In contrast, epigenetic age appeared to reduce in those individuals less than 50 years of age following COVID-19. PCPhenoAge and PCGrimAge are among the strongest epigenetic predictors of mortality risk (Levine et al., 2018; Lu et al., 2019; Higgins-Chen et al., 2021a). These findings support the critical role of age as a COVID-19 risk factor and suggest that specific epigenetic clocks can capture an age-dependent perturbation to epigenetic clocks following COVID-19. Moreover, prior multi-omic analysis has shown that the Levine clock accelerates with cellular senescence and mitochondrial dysfunction (Liu et al., 2020). Prior studies of epigenetic clocks in COVID-19 utilized different sets of clocks, which may explain their conflicting results (Mongelli et al., 2021; Corley et al., 2021; Franzen et al., 2021). Interrogating a wide array of clocks simultaneously is essential for determining which clocks are most related to COVID-19 or vaccination. Furthermore, findings are more robust if multiple clocks predicting the same phenotype show the same relationship to COVID-19.
A plausible interpretation of PCPhenoAge/PCGrimAge results after infection is an age-related signal of both immunosenescence and inflammaging. Once the immune system is activated in younger individuals by SARS-CoV-2 infection, they look younger by the epigenetic clock due to a robust activation of the immune response that reflects in younger individuals (not that they are actually becoming younger). In older individuals, activation of non-specific inflammatory pathways after SARS-CoV-2 infection appears to increase the epigenetic age because of the activation of pathways that overlap are similar to inflammaging. An alternative interpretation for divergence in epigenetic age based on age during SARS-CoV-2 infection might involve the biological process of hormesis: moderate stressors can improve health by causing a compensatory response (Epel, 2020). COVID-19 might serve as a hormetic stress in non-hospitalized younger individuals, while it serves as a toxic stressor in older adults or any severe case.
Aging drives immunosenescence with implications for a decline in adaptive immunity resulting in reduced vaccine responses and vaccine durability in older adults. The age-related decline in immune function including reduced thymic output of naïve T cells and dampened B cell generation has notably led to decreased vaccine efficacy in older individuals (Soiza et al., 2021). Indeed, building evidence for COVID-19 indicate a declined humoral and cellular immune response in older individuals (Collier et al., 2021; Levin et al., 2021). Yet, failure to achieve a protected or durable response after vaccination is poorly understood despite occurring commonly among many elderly individuals. Our epigenetic clock data following mRNA COVID-19 vaccination revealed an age-related decrease in epigenetic age following vaccination. Our findings also revealed that the change in epigenetic age following vaccination was specifically related to immune cell type compositional changes in the percentage of B cells, plasmablasts, and granulocytes. These findings support work showing that SARS-CoV-2 mRNA vaccines induce persistent germinal center B cell response that enables robust humoral immunity (Turner et al., 2021). Our findings do not provide any insights into the particular impact of the mRNA lipid nanoparticle compared to the expressed spike protein upon different epigenetic clocks. These compelling findings suggest that epigenetic profiles and specifically epigenetic clock estimates may provide insights into individual and age-related humoral immune responses to COVID-19 vaccination. Previous work has shown the impact of influenza vaccination on persistent epigenomic remodeling of immune cells (Wimmers et al., 2021) and explored the idea of whether epigenetic age could relate to vaccine responses in the context of influenza (Gensous et al., 2018).
Recent work examining T cell exhaustion after recovery from chronic infection in humans has found that epigenetic scars of CD8+ T cell exhaustion persists in humans (Yates et al., 2021), suggesting indelible imprints on the host immune cell epigenome from viral infection. The hypothesis of a persistent epigenetic dysregulation of host immune cells contributing to long COVID-19 remains unclear. Whether durable changes to epigenetic clocks are reflected by epigenetic scars of particular immune cell types and relate to long COVID-19 is a compelling hypothesis to pursue.
Our findings highlight the benefits of our computational solution using principal components for calculating PC-based epigenetic clocks for longitudinal studies (Higgins-Chen et al., 2021b). Using standard epigenetic clock estimates, we observed variation up to 9 years in participants pre- and post-timepoint samples epigenetic age estimates for all clocks that lead to non-significant results. While the application of PC-based epigenetic clocks pulled out a biological signal suggesting that mild/moderate COVID-19 from SARS-CoV-2 infection and mRNA vaccination impacted epigenetic clocks, the biological mechanisms that influence detrimental or beneficial changes in epigenetic clocks remains unclear. Ongoing research is deconstructing dissimilar epigenetic clocks and may provide further insights into the precise biological mechanisms captured from age-related alterations in the methylation landscape during infection and mRNA vaccination.
The developed mRNA vaccines for COVID-19 have been shown to elicit a potent humoral immune response and be highly efficacious at preventing COVID-19 and severe disease outcomes (Polack et al., 2020; Baden et al., 2021; Tartof et al., 2021). Our DNA methylation dataset was obtained at a median post second dose of around 2 months. Based on data showing durability of vaccine responses out to 6 months post-vaccination (Doria-Rose et al., 2021), our DNA methylation data were captured during an effective post-vaccine time frame window. Future studies will need to harness serial sample collection of participants during the course of mRNA vaccination and assess critical time points for the impacts of mRNA vaccination upon epigenetic clocks. Moreover, our observations of age-related impacts from mRNA vaccination upon epigenetic age warrants further investigation to determine whether this measure may be relevant to age-related waning vaccine effectiveness. Last, epigenetic age assessments of participants who received heterologous prime-boost vaccination against COVID-19 (Borobia et al., 2021; Nordström et al., 2021; Pozzetto et al., 2021; Schmidt et al., 2021; Shaw et al., 2021) and heterologous booster vaccinations (Atmar et al., 2021) should be studied.
Considering the challenges with longitudinal blood collection and acquisition of epigenetic DNA methylation data from participants at time points prior to and following test-confirmed COVID-19, all of the published COVID-19 DNA methylation studies have been cross-sectional study designs (Bernardes et al., 2020; Balnis et al., 2021; Castro de Moura et al., 2021; Corley et al., 2021). Longitudinal epigenetic studies are considered the gold standard study design to mitigate interindividual variation in DNA methylation patterns and track environmental and pathogen-induced changes to the epigenome (Chen et al., 2018). Hence, our assessment of longitudinal DNA methylation of 21 participants provides a discovery dataset for examining the short-term impacts of COVID-19 upon the host immune cell epigenome and impact on epigenetic clock estimates. Our longitudinal COVID-19 DNA methylation dataset consisted of healthy participants that ranged across the lifespan from 18 to 73 years of age. Moreover, the collection of DNA methylation data following test-confirmed COVID-19 exposure occurred within a short-term time frame of a 6-months window and occurred early during the COVID-19 pandemic reflecting infection with a less evolved, less contagious, and potentially less severe SARS-CoV-2 virus than recent variants such as the Delta variant. Hence, our findings are limited by these potential factors. These longitudinal findings need to be confirmed in a larger sample size, across diverse regions and genotypes, among individuals across the lifespan, in people infected with emerging SARS-CoV-2 variants, and across COVID-19 severities including those individuals who recover and suffer from long-lasting symptoms termed post-COVID.
Despite the strengths of this longitudinal epigenetic study, there are several limitations. First, our longitudinal study design only included two time points to examine changes related to COVID-19 and mRNA vaccination comparing baseline and a short-term follow-up assessment of DNA methylation. Future studies will need to study a larger sample size and determine whether these age-related divergent changes to epigenetic clocks are durable following COVID-19 and potentially relate to those with long COVID-19 syndrome. In addition, there was variation in the time following confirmed COVID-19 or mRNA COVID-19 vaccination for when the post sample assay for DNA methylation was completed. Yet, given the complete lack of longitudinal DNA methylation studies of COVID-19 and mRNA COVID-19 vaccination, we provide discovery findings that are compelling regarding specific DNA methylation changes and epigenetic clocks that warrant further investigation. Future studies that have serial blood collection of participants throughout the course of mRNA vaccination and even following booster shots will be extremely valuable for epigenetic clock investigations. Recent technological advancements based on tagmentation-based indexing of methylation sequencing (TIME-Seq) have scaled and reduced the cost of epigenetic age predictions permitting methodology for a more comprehensive study follow-up to our findings (Griffin et al., 2021). We also acknowledge the limited clinical data for participants and that the SARS-CoV-2 infection DNA methylation dataset may be relevant to an early genetic lineage neither reflecting emerging variants being monitored nor variants of concern such as Delta (B.1.617.2).
METHODS
The Study Cohort
Deidentified DNA methylation data were generated by TruDiagnostic as part of a retrospective non-randomized study to assess the effects of SARS-CoV-2 infection and mRNA vaccination upon DNA methylation patterns. Participant’s post-COVID-19 sample DNA methylation was test confirmed by PCR testing or serology testing and occurred between August 2020 and March 2021. This study was approved by the IRCM IRB and WCM IRB.
DNA Methylation Assessment
Peripheral whole blood was collected by the lancet and capillary method into lysis buffer and DNA extract, and 500 ng of DNA of bisulfite converted using the EZ DNA Methylation kit (Zymo Research) according to the manufacturer’s instructions. Bisulfite-converted DNA samples were randomly assigned to a chip well on the Infinium HumanMethylationEPIC BeadChip, amplified, hybridized onto the array, stained, washed, and imaged with the Illumina iScan SQ instrument to obtain raw image intensities. DNA methylation data for longitudinal sampling of participant’s pre- and post-COVID-19 and pre- and post-vaccination time points were assayed for each participant at separate times.
DNA Methylation Analyses
Raw MethylationEPIC array IDAT intensity data were loaded and preprocessed in the R statistical programming language (http://www.r-project.org) using the Chip Analysis Methylation Pipeline (ChAMP, version 2.8.3) (Tian et al., 2017). IDAT files were loaded using the champ.load function. All samples passed quality control metrics. Comprehensive filtering was applied to the dataset for probes with detection p-values <0.01, all non-CpG probes, previously published SNP-related probes, multi-hit probes, and probes on sex chromosomes. Methylation beta values ranging from 0–1 (corresponding to unmethylated to methylated signal intensity) for each sample were normalized using the BMIQ function implemented in the ChAMP pipeline. DNA methylation epigenetic age parameters were calculated using the Horvath’s web-based DNAmage calculator tool (Horvath, 2013; Lu et al., 2019). Cell type deconvolution estimates for blood were calculated using EpiDISH package (Zheng et al., 2019). To identify differentially methylated loci, we utilized an FDR adjustment (Benjamini–Hochberg) and adjusted the p-value cutoff at 0.05 to compare participant’s pre-COVID-19 methylation data to post-COVID-19 methylation data. Genes related to differentially methylated loci were utilized for a COVID-19 gene set analyses from the Enrichr web tool (Kuleshov et al., 2016).
Epigenetic Clock Analysis and Estimating Blood Immune Cell Type Composition
Epigenetic clock estimates, DNA methylation-based cell type deconvolution proportions, and epigenetic biomarkers were calculated using the online calculator (https://dnamage.genetics.ucla.new). Principal component-based epigenetic clock estimates were calculated utilizing an R script and 78,464 CpGs for each sample in a beta matrix. Mean imputation was utilized for missing values. Pace of aging was calculated utilizing the DunedinPACE algorithm (DunedinPoAm_45). To calculate pace of aging, noob normalized, and masked beta values were first processed from raw IDAT files using SeSAMe R package (Zhou et al., 2018). To limit the number of batch effects caused by processing multiple bead chips, individual bead chips were processed at a time to generate the normalized beta values and then used to quantify pace of aging. The pace of aging metric was then calculated using the DunedinPACE algorithm described in Belsky et al. (2021). Briefly, the algorithm uses 19 different physiological biomarkers to generate overall pace of aging from the Dunedin Study cohort (N = 1037). A standardized average rate of aging is then regressed using an elastic net regression model against methylation values generated from blood collected from the cohort at the age of 45, which identified 173 CpG sites that are associated with the pace of aging metric. The DunedinPACE algorithm was used to calculate the pace of aging measure obtained from authors. Analyses were performed in R 4.1.1 and RStudio Version 1.4.1717. Figures were made using GraphPad and corrplot R package.
In Vitro SARS-CoV-2 Infection and Exposure
SARS-CoV-2 virus (isolate USA-WA1/2020 (BEI resources; NR-52281) was propagated and titrated in Vero E6 cell lines. Deidentified donor PBMC specimens were obtained from Astarte Biological for in vitro exposure to 0.1 MOI SARS-CoV-2 for 60 h. Calu-3 cells were infected for 96 h.
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