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Observational data from China, the United States, France, and Italy suggest
that chronological age is an adverse COVID-19 outcome risk factor, with older
patients having a higher severity and mortality rate than younger patients.
Most studies have gotten the same view. However, the role of aging in COVID-
19 adverse effects is unclear. To more accurately assess the effect of aging on
adverse COVID-19, we conducted this bidirectional Mendelian randomization
(MR) study. Epigenetic clocks and telomere length were used as biological
indicators of aging. Data on epigenetic age (PhenoAge, GrimAge, Intrinsic
HorvathAge, and HannumAge) were derived from an analysis of biological
aging based on genome-wide association studies (GWAS) data. The telomere
length data are derived from GWAS and the susceptibility and severity
data are derived from the COVID-19 Host Genetics Initiative (HGI). Firstly,
epigenetic age and telomere length were used as exposures, and following a
screen for appropriate instrumental variables, we used random-effects inverse
variance weighting (IVW) for the main analysis, and combined it with other
analysis methods (e.g., MR Egger, Weighted median, simple mode, Weighted
mode) and multiple sensitivity analysis (heterogeneity analysis, horizontal
multiplicity analysis, “leave-one-out” analysis). For reducing false-positive
rates, Bonferroni corrected significance thresholds were used. A reverse
Mendelian randomization analysis was subsequently performed with COVID-
19 susceptibility and severity as the exposure. The results of the MR analysis
showed no significant differences in susceptibility to aging and COVID-19. It
might suggest that aging is not a risk factor for COVID-19 infection (P-values
are in the range of 0.05-0.94). According to the results of our analysis, we
found that aging was not a risk factor for the increased severity of COVID-
19 (P > 0.05). However, severe COVID-19 can cause telomere lengths to
become shorter (beta = —0.01; se = 0.01; P = 0.02779). In addition to this,
severe COVID-19 infection can slow the acceleration of the epigenetic clock
"GrimAge” (beta = —0.24, se = 0.07, P = 0.00122), which may be related
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to the closely correlation of rs35081325 and COVID-19 severity. Our study
provides partial evidence for the causal effects of aging on the susceptibility
and severity of COVID-19.

Mendelian randomization, aging, COVID-19, epigenetic age, telomere length,
genome-wide association study (GWAS), SARS-CoV-2

Introduction

SARS-CoV-2 2019
(COVID-19) pandemic, which has evolved into a major global
health threat. Globally, more than 517 million COVID-19 cases
were confirmed by May 2022. According to the World Health
Organization (1), the COVID-19 death toll has reached 6.26
million worldwide. Thus, to protect high-risk groups against

caused the Coronavirus Disease

COVID-109, risk factors associated with increased susceptibility
to the disease must be identified (2). In COVID-19, age is an
important risk factor, and the older you get, the more severe
and mortality you become (3-6). Italy’s COVID-19 mortality
data (CFR) shows that age has a significant impact (7), with case
fatality rates ranging from less than 0.4% or less in patients in
their 40 s, 1% in 50 s, 3.5% in 60 s, 12.8% in 70 s, and 20.2%
in 80 s and older; the total case fatality rate was 7.2%. Other
countries such as China (8), the United States (9), and France
(10) have achieved similar results, with older COVID-19 case
fatality rates being higher than among younger patients. Not
only that, but the data tested in Italy show that the total case
fatality rate in Italy is higher than that in China (7.2% and
2.3%, respectively), which may be related to the fact that the
proportion of elderly people in Italy is higher than that in China.

Aging-related biological processes are reflected in molecular
hallmarks such as epigenetic modifications and telomere
attrition (11-13). Epigenetic age has recently emerged as a
promising indicator of cellular senescence and may be more
strongly correlated with mortality than earlier indicators of
biological age (14). Different from chronological age, epigenetic
age is a heritable indicator of biological aging derived from
DNA methylation (DNAm) data. Each indicator (epigenetic
clock) is based on the unique characteristics of DNAm levels
reflecting biological aging, as measured at a specific set of
cytosine-phosphate-guanine (CpG) loci (15). “First-generation”
epigenetic clocks such as HannumAge (16) and Intrinsic
HorvathAge (17) are calculated from DNAm levels at CpG
loci that are closely associated with chronological age, and
better predict chronological age than other clocks. There are
71 age-related CpG in the blood, and HannumAge results
from training on these loci. The HorvathAge is trained on
the 353 age-related CpG species found in human tissues
and cells, and then further adjusts for the blood cell count.
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“Second-generation” epigenetic clocks, like PhenoAge (18) and
GrimAge (19), integrate data from nine clinical biomarkers
(e. g., white blood cell count, C-reactive protein, lymphocyte
percentage, albumin, creatinine, etc.) and 513 CpG associated
with mortality. The CpG component site of GrimAge is a
surrogate for disease-related and health-related proteins and
smoking history, it shows a high association with all-cause
mortality and age-related health conditions and has a good
ability to predict both morbidity rates and mortality (20).
SARS-CoV-2 has been discovered to induce changes in DNA
methylation, which affects the expression of immune response
suppression genes. Studies have shown that severe COVID-
19 infection accelerates epigenetic age aging, but this was not
absolute, and epigenetic age reversal occurred in the later
stages of infection (21). Besides, leukocyte telomere depletion,
another hallmark of aging, is associated with increased human
lifespan and risk of age-related diseases (22-24), leading
to the development of DNA age reversal-based telomere
length estimators (25). Most mammals lack the ability to
fully replicate the ends of linear DNA molecules when cells
proliferation expressing telomerase, and telomere-protective
sequences at chromosome ends are gradually consumed and
lost with DNA replication. This feature makes telomere
length one of the indicators that can predict biological
age. The epigenetic clock and telomere length measure the
different characteristics of biological aging, and the Marioni
studies showed no correlation between telomere length and
epigenetic age (26).

Epigenetic age is greater than chronological age in various
disease contexts and lowers in long-lived humans, providing
strong evidence that epigenetic age reflects biological age.
In short, epigenetic age can reflect chronological age but
they are not identical. Although lots of studies have shown
that chronological age is related to the severity of COVID,
no studies have been able to prove a causal link between
epigenetic age and COVID -19. In this study, we used the MR
analysis approach to account for the causal relationship between
COVID-19 and aging, whereas the MR study used genetic
variants that are reliably associated with modifiable risk factors.
Therefore, confusion can be minimized and reverse causality
ruled out since variation is randomly assigned from parent to
offspring at conception.
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Research design and methods

Research design

Here, we use epigenetic age (PhenoAge, GrimAge, Hannum,
HorvathAge) and telomere length as “exposure,” respectively,
and COVID-19 severity and susceptibility as “outcome,
to screen out the instrumental variables for bidirectional
Mendelian randomization analysis, significance thresholds were
corrected using Bonferroni to reduce the probability of false
positives and assess heterogeneity using the Cochran Q analysis,
and finally perform sensitivity analysis (Horizontal pleiotropy
analysis and “leave-one-out” analysis) to verify the reliability of
causal results. We then performed reverse MR with COVID-
19 severity and susceptibility as “exposure” and epigenetic
age and telomere length as “outcomes.” MR studies need to
meet the following three key assumptions: (1) Instrumental
variables must be closely associated with exposure factors;
(2) The instrumental variables are not be associated with
any confounding factors associated with exposure factors and
outcome factors; (3) Instrumental variables do not affect the
results unless they may be associated with exposure (Figure 1).
In this study, bidirectional Mendelian randomization was used
to evaluate the causal connection between age aging and
susceptibility and severity of COVID-19.

Data sources

Recent genome-wide association studies based on a meta-
analysis of European ancestry of 34,710 participants from 28

10.3389/fmed.2022.989950

cohorts, identify 137 loci for DNA biomarkers related to aging?
(Table 1). From this study, we obtained summary genetic
association estimates for epigenetic age acceleration measures of
HannumAge (16), Intrinsic HorvathAge (17), PhenoAge (18),
and GrimAge (19). The analysis included 28 European ancestry
studies with 57.3% female participants. For more information
and a detailed description of the methods, see the latest meta-
analysis of biological aging by GWAS (27).

We obtained the genetic associations of COVID-19
susceptibility and severity from the 5th round of the COVID19-
hg GWAS meta-analysis, released on January 18,2021, which
provides publicly accessible summary statistics available about
several COVID-19 outcomes from different studies that are
publicly accessible (e.g., United Kingdom Biobank, FinnGen)
(Table 1) (28). Documentation on the COVID-19 Host Genetics
Initiative identified COVID-19 susceptibility and severity
phenotypes as C2 (COVID-19 patients vs. population which
were defined as any individuals who never had COVID-19,
which included 38,984 COVID-19-positive cases and 1,644,784
controls) and A2 (hospitalized individuals with COVID-19 who
died or required respiratory support vs. individuals without
severe COVID-19 including those without COVID-19, which
included 5,101 COVID-19 patients with severe symptoms
and 1,383,241 controls). Support for the respiratory system
is characterized by intubation-ventilator-assisted breathing or
high-flow nasal cannulas. However, neither the age nor sex
of this cohort was reported (Table 1). Further new releases
and information can be obtained from the COVID-19 HGI
homepage: https://www.covid19hg.org/results/r5/.

1 https://datashare.ed.ac.uk/handle/10283/3645
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FIGURE 1

e

BidirectionalMendelian randomization paradigm and assumptions of aging and COVID-19. Mendelian randomization assumptions: (1)the
instrument variants must be closely related to the exposure, (2) the instrument variants must be independent of any confounder of the
exposure-outcome association, (3) the instrument variants must be associated with the outcome only via the exposure.
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TABLE 1 Description of contributing studies.

Type
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https://doi.org/10.1038/

s41431-020-0636-6

https://www.covid19hg.org/

4225986 1388342 5101 1383241 18-Jan-21

Europeans

Very severe respiratory
confirmed COVID vs.

population

COVID-19 severity

results/r5/

https://www.covid19hg.org/ https://doi.org/10.1038/

18-Jan-21

1644784

38984

1683768

7090490

Europeans

COVID vs. population

COVID-19 susceptibility

s41431-020-0636-6

results/r5/

https://datashare.ed.ac.uk/  https:

handle/10283/3645

1-Jul-20

34710

phenoAge(7567585)
GrimAge(7567701)
Hannum(7565045)

Europeans

PhenoAge GrimAge

Epigenetic age

//doi.org/10.7488/ds/2834

Hannum HorvathAge

HorvathAge(7567532)

20134421

https://doi.org/10.1101/2021.

03.23.21253516

https://gwas.mrcieu.ac.uk/

datasets/ieu-b-4879/

472174 24-Mar-21

Europeans

telomere length

Telomere length
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Genome-wide association study data for telomere length
are obtained by https://gwas.mrcieu.ac.uk/. 472174 gender-
insensitive Europeans were used as data sources. GWAS ID:
ieu-b-4879, obtained from the uk/datasets website, whose brief
information is shown in Table 1.

Selection of instrumental variables

Referring to the whole genome, SNPs with significant
(P < 5.0 x 1078), set the parameter r?> threshold of 0.001
and kilobase pair (kb) to 10,000, and the LD_clumping
function were pooled to exclude interference in linkage
disequilibrium. Missing SNPs from the outcome database were
removed. Analysis was performed using the R software package
TwoSampleMR V.4.0 (29, 30). Finally, valid SNPs significantly
associated with exposure were obtained as instrumental
variables (IV). If the correlation between IV and exposure
factors is weak, it is prone to a weak instrumental variable
bias. To avoid weak instrumental variable bias, F values
were calculated in this study. The F value is the ratio of
the variance to the residual variance explained by the first
stage model of Mendelian randomization. It is generally
assumed that there is no weak instrumental variable bias
(31) at F > 10. The proportion of trait variance explained
by genetic tools (R?) and tool strength (F-statistics) was
calculated using R?> =(2*MAF*(1—MAF)*f2)/(SE**N) and
F = R*(N—k—1)/(k*(—1—R?)) (MAF = minor allele frequency,
B = effect size, SE = standard error, N = sample size, k = number
of instrumental variables) (32). Finally, data were extracted
from the outcome database and collated and merged in order
to correspond the same effect allele with the effect values of
exposure and outcome.

Statistical analysis

The effect of exposure on outcome was analyzed by Wald
ratio for each SNP. The effect of each SNP is given at the
normalized log-transformed exposure level. The primary MR
analysis was performed using the inverse variance weighted
(IVW) method, where the SNP to outcome estimate is regressed
on the SNP to exposure estimate. Then we calculated the causal
effect estimates (equivalent to beta coefficients) and converted
them to odds ratios (OR). This approach will provide the highest
statistical power if three of MR’s key assumptions (described in
the research design) are satisfied. Considering different patterns
of violations, we performed a series of sensitivity analyses to
assess and validate these assumptions.

First, we used the MR-Egger method, which allowed for an
additional intercept (alpha) term that also provided an estimate
of directional horizontal pleiotropy. This method relied upon
the assumption that the size of a genetic variant’s direct effect

frontiersin.org
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on the outcome that did not operate through the exposure is
independent of the variant’s effect on the exposure. In addition,
we used four other meta-analysis methods that were known
to be more reliable for the existence of horizontal pleiotropy:
weighted median, simple mode, penalized weighted median,
and weighted mode (33). We calculated the global Q-statistics
and analyzed the MR-Egger intercept term to assess substantial
heterogeneity and directional pleiotropy. In addition, we
performed “leave-one-out” analyses for each SNP to examine
whether there were high-impact instrumental variables that
might have a disproportionate impact on MR results. Analyses
were performed using primarily the TwoSampleMR package of
the statistical software R (version: 4.0.0).

Results
Instrumental variable

Epigenetic age (numbers of instruments: PhenoAge = 11,
R? = 0.44%, F-statistic = 152.2; GrimAge = 4, R? = 0.20%,
F-statistic = 70.3; Hannum = 9, R? = 1.13%, F-statistic = 155.4
and HorvathAge = 24, R2 = 1.26%, F-statistic = 442.4; total
study populations = 34,710 cases) (Supplementary Table 1) and

telomere length (numbers of instruments = 154, R2 = 1.18%,

10.3389/fmed.2022.989950

F-statistic = 36.63) had sufficient genome-wide loci (> 2)
for MR analyses (Supplementary Table 2). Conversely, two
COVID-19 phenotypes (numbers of instruments: severity = 4,
R? =0.0037%, F-statistic = 51.2; susceptibility = 6, R? = 0.0056%,
F-statistic = 94.5; total study populations: severity = 1,388,342;
susceptibility = 1683768) had sufficient genome-wide loci for
reverse MR analyses (Supplementary Table 3). In Mendelian
randomization, the index to evaluate the strength of an
instrument variable is the F-statistic, and when the F value is
greater than 10, it is a strong instrumental variable (34). In
our analysis, the instrument strength was strong (F-statistic in
bidirectional MR analyses range from 51.2 to 442.4), so we found
no evidence of weak instrumental variable bias. Therefore, these
instrumental variables are good estimates of the causal effect of

exposure on the outcome.

The Mendelian randomization results
did not reveal a causal relationship
between epigenetic age and COVID-19
susceptibility

We observed no causal relationship between epigenetic age
and COVID-19 susceptibility from Mendelian randomization.
The OR value and 95%CI calculated by inverse variance

Exposure Outcome Method nSNP  Beta Se P OR(95%CI)
severity PhenoAge VW 4 -0.20 0.14 0.13183—@— 0.82(0.63-1.06)
severity GrimAge VW 4 -0.24 0.07 0.00122 »—0—«: 0.79(0.68-0.91)
severity Hannum VW 4 -0.13 0.11 0.23469 »—0—:—« 0.88(0.71-1.09)
severity HorvathAge VW 4 -0.03 0.13 081810 +—a@— 0.97(0.76-1.24)
severity telomere length ~ IVW 3 -0.01 0.01 0.02779 ‘ 0.99(0.96-1.01)
|
|
susceptibility PhenoAge VW 6 0.31 041 0.44326»—:—0—].37(0.62—3.03)
susceptibility GrimAge VW 6 021 0.18 025203 +—+—&— 1.23(0.86-1.76)
susceptibility Hannum VW 6 0.28 0.18 0.11407 >—:—0—~ 1.33(0.93-1.89)
susceptibility HorvathAge VW 6 0.16 0.19 0.39275 >—|L0—< 1.17(0.81-1.69)
susceptibility telomere length ~ IVW 6 0.02 0.01 0.05673 |. 1.02(1.00-1.05)
—
0.5 1 1.5 2
Exposure Outcome Method  nSNP  Beta Se P OR(95%CI)
phenoAge severity A 4 0.05 0.08 0.48502 R 1.06(0.91-1.23)
phenoAge susceptibility VW 7 0.01 0.02 0.40700 +1 1.01(0.98-1.04)
|
GrimAge severity VW 2 -0.14 0.10 0.14699 »—0—:4 0.87(0.72-1.05)
GrimAge susceptibility IVW 4 -0.03 0.06 0.62192 »—Q:—a 0.97(0.86-1.09)
|
]
Hannum severity Wald ratio 1 -0.26 0.14 0.06817—0—:1 0.77(0.58-1.02)
Hannum susceptibility VW 5 -0.02 0.02 0.19246 L] 0.98(0.94-1.01)
]
]
HorvathAge  severity VW 15 -0.03 0.03 0.36188 '-0:-' 0.97(0.91-1.04)
HorvathAge  susceptibility VW 20 0.01 0.01 0.34336 '0 1.01(0.99-1.03)
]
telomere length severity VW 48 -0.03 020 0.85873 +——4}—————0.97(0.66-1.42)
telomere length susceptibility VW 102 0.00 0.05 0.93182 + 1.00(0.91-1.11)
—_—
06 08 1 12 14

FIGURE 2

Inverse variance weighted (IVW) method was used as the main method to analyze the causal association between aging and susceptibility and
severity of COVID-19. Aging is based on epigenetic age (PhenoAge, GrimAge, Hannum, HorvathAge) and telomere length as biological
indicators. Beta: risk index; Se: standard error; OR (95% Cl): odds ratio (95% confidence interval); Forest plot: Visualize the causal effect of
exposure on the risk of outcome by IVW method [The standard line is the line of "X = 1" (red dashed line)], The blue marker dot is a positive

result of P < 0.05).
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weighting are phenoAge and susceptibility: 1.01 (95%CI 0.98-
1.04), P 0.41; GrimAge and susceptibility: 0.97 (0.86—
1.09), P = 0.62; Hannum and susceptibility: 0.98 (0.94-1.01),
P =0.19 and HorvathAge and susceptibility: 1.01 (0.99-1. 03),
P = 0.34. That is, there is no statistical significance (Figure 2)

(Supplementary Figure 1). Mendelian randomization effect
forest plot for a single SNP (Supplementary Figure 2). In
reverse MR (exposure: COVID-19 susceptibility, outcome:
epigenetic age), no significantly different values were also found
(susceptibility and PhenoAge: beta = 0.31, se = 0.41, P = 0.44;
susceptibility and GrimAge: beta = 0.21, se = 0.18, P = 0.25;
susceptibility and Hannum: beta = 0.28, se = 0.18, P = 0.11
and susceptibility and HorvathAge: beta = 0.16, se = 0.19,
P =0.39). The results of the other analysis methods are visible

in Supplementary Figure 3. Mendelian randomization effect
forest plot for a single SNP (Supplementary Figure 4). Then
we performed heterogeneity analysis and intercept term analysis
of MR-Egger regression, with no significant heterogeneity and
pleiotropy. The results are shown in Table 2.

10.3389/fmed.2022.989950

Age has no significant effect on
infection with severe COVID-19;
severe COVID-19 can slow GrimAge
acceleration

In forwarding MR with epigenetic age as “exposure” and
COVID-19 severity as “outcome,” the IVW meta-analysis
showed that OR and 95%CI [PhenoAge and severity: 1.06
(0.91-1.23), P 0.49; GrimAge and severity: 0.87 (0.72-
1.05), P 0.15; HorvathAge and severity: 0.97 (0.91-
1.04), P = 0.36], the results were all of no significance.
This suggests that epigenetic age doesn’t lead to increased
severity of COVID-19 (Supplementary Figure 1). However,
when performing the reverse causality assessment, COVID-
19 severity had a negative causal relationship with GrimAge
in the epigenetic age (severity and GrimAge: beta = —0.24,
0.07, p = 0.0012). The results remained statistically
significant after the Bonferroni correction (P < 0.0125)

se

TABLE 2 Heterogeneity and pleiotropic analysis for epigenetic age and susceptibility and severity of COVID-19.

Q-statistics

Pleiotropic test

Exposure Outcome MR Egger IVW egger_intercept pval
severity PhenoAge Q=3.732769 P = 0.15468194 Q =6.295249 P = 0.09809672 0.1253222 0.3619954
severity GrimAge Q =2.164249 P = 0.3388748 Q =2.572849 P = 0.4622694 0.03953384 0.6014878
severity Hannum Q =5.522722 P = 6.769419 Q =6.769419 P = 0.07962183 0.06785559 0.5708542
severity HorvathAge Q =5.999045 P = 0.04981084 Q=28.551572 P = 0.03588715 —0.1001956 0.453661
susceptibility PhenoAge Q=11.42739 P = 0.02215828 Q =14.92942 P = 0.01066820 —0.126466 0.3303144
susceptibility GrimAge Q =4.090812 P = 0.3938553 Q =4.147770 P = 0.5283430 —0.01238793 0.825028
susceptibility Hannum Q =3.541134 P = 0.4716515 Q =4.114188 P = 0.5330956 —0.03829989 0.4911899
susceptibility HorvathAge Q=1.118961 P = 0.8912523 Q =1.798353 P = 0.8762834 —0.04313577 0.456077
PhenoAge severity Q =5.498383 P = 0.06397958 Q =5.540632 P = 0.13622847 0.0130317 0.9126766
PhenoAge susceptibility Q =6.542816 P = 0.2569210 Q=6.951553 P = 0.3253508 —0.01010271 0.6003429
GrimAge severity NA Q=0.1205111 P = 0.7284808 NA NA
GrimAge susceptibility Q =0.1546549 P = 0.9255867 Q =15.8688032 P = 0.0012064 0.3218178 0.05814232
Hannum severity NA NA NA NA
Hannum susceptibility Q =0.1054338 P = 0.9911775 Q=0.1103816 P = 0.9985319 —0.001418437 0.9483488
HorvathAge severity Q=15.77730 P = 0.2613651 Q=15.92194 P =0.3181648 0.007999366 0.7354521
HorvathAge susceptibility Q =18.18951 P = 0.4432353 Q =18.18961 P = 0.5098077 —6.61E-05 0.9921911
Exposure Outcome SNP MR leave-one-out sensitivty analysis Beta Se P OR(95%CI)

severity GrimAge 15111837807 +——@———— -0.28 0.08 0.00034 0.75(0.60-0.88)

severity GrimAge 152237698 * -0.23  0.08 0.00643 0.79(0.67-0.94)

severity GrimAge 1s35081325 * -0.14 0.12 0.23618 0.87(0.68-1.10)

severity GrimAge 15622568 * -0.24  0.09 0.00863 0.79(0.66-0.94)

severity GrimAge All & -0.24 0.07 0.00122 0.79(0.68-0.91)

05 04 03 02 01 0 ol
FIGURE 3

MR “leave-one-out” sensitivity analysis “COVID-19 severity” on “GrimAge.” “Leave-one-out” plot to visualize the causal effect of COVID-19

severity on the risk of GrimAge when leaving one SNP out.
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TABLE 3 Heterogeneity and pleiotropic tests for telomere length and susceptibility and severity of COVID-19.

Q-statistics

Pleiotropic test

EXPOSURE OUTCOME MR Egger IVW egger_intercept pval
telomere length severity Q=35.93498 P = 0.8569031 Q=36.22570 P = 0.8727553 0.00499526 0.59236
telomere length susceptibility Q = 124.9386 P = 0.04635224 Q= 125.7620 P = 0.04812252 —0.001946896 0.4188337
severity telomere length Q =0.3146255 P = 0.5748556 Q=0.3270654 P = 0.8491387 0.000588234 0.9292872
susceptibility telomere length Q =5.507894 P = 0.2390365 Q=5.736572 P = 0.3327013 0.00151677 0.7044932

(Supplementary Figure 3). This suggested that severe COVID-
19 can slow GrimAge acceleration (Figure 3). The Cochran
Q test for IVW (P =
P =
SNPs. There was no significant statistical difference in

0.46) and MR-Egger regression
0.34) showed that there was no heterogeneity in

egger_intercept and 0 of MR-Egger (P = 0.60), so we can
assume that SNPs have no horizontal pleiotropy (Table 2).
Mendelian randomization effect forest plot for a single SNP
(Supplementary Figure 4).

Telomeres do not affect susceptibility
and severity of COVID-19

When the telomere length is the exposure factor,
susceptibility and severity of COVID-19 are “outcome.”
The IVW results of the random effect model show no
causal relationship between telomere length and COVID-19
susceptibility risk [OR (95%CI): 1.00 (0.91-1.11), P = 0.93) and
severity risk (OR (95%CI): 0.97 (0.66-1.42), P = 0.86] (Figures
2, 4) (Supplementary Figure 5). Mendelian randomization
effect forest plot for a single SNP (Supplementary Figure 6).
The results of the MR-Egger regression of telomere length
and COVID-19 susceptibility and severity showed that
this result is unlikely to be affected by genetic pleiotropy
—0.0019, se = 0.0024,
0.0050, se = 0.0093,
P = 0.59). Further, we observed no obvious heterogeneity
between telomere length and COVID-19 severity (Q = 36.23,
P = 0.87). Yet, there was heterogeneity between telomere
length and COVID-19 susceptibility (Q = 125.76, P = 0.048),
which might result from different genetic mechanisms
(Table 3).

(susceptibility: egger intercept =
P = 0.42; severity: egger intercept =

Infection with severe COVID-19 can
shorten telomere lengths

In reverse MR, the IVW results of the random-effect
model showed a negative causal relationship between COVID-
19 severity and telomere length [beta and 95%CI: —0.01 (—0.02,
—0.001); se = 0.01; P = 0.02779], that is, infection with severe
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COVID-19 accelerates telomere wear and shortens telomere
length (Figure 5). The Weighted median also showed similar
results [beta and 95%CI: —0.01 (—0.02, —0.0006); se = 0.01;
P = 0.03857] (Supplementary Figure 7). Then we performed
heterogeneity analysis and intercept term analysis of MR-
Egger regression, with no significant heterogeneity (Q = 0.33,
P =0.85) and pleiotropy (egger intercept = 0.00059, se = 0.0053,
P = 0.93) (Table 3). Finally, we performed the “leave-one-
out” analysis of the data using the IVW method, we removed
one SNP in turn and analyzed the remaining SNP. We found
that there was no SNP with a great impact on the results,
and the results have important credibility (Supplementary
Figure 8).

Discussion

The link between aging, aging, and COVID-19 disease
is a very novel area of research that has not yet been
extensively studied. To some extent, epigenetic age and telomere
length can be used as metrics of aging. When we looked
at epigenetic age and telomere length versus susceptibility to
COVID-19, there was insufficient evidence that aging was a
predisposing factor for COVID-19, and there is no direct
causal relationship between age stratification and COVID-
19 infection. If aging has a causal effect on susceptibility to
COVID-19, then its effect may be too small to be detected
with our current sample size and a significance threshold of
P =0.05.

In our study, there is no forward causal relationship
between aging and severe COVID-19 infection, i.e., the
higher the risk of severe COVID-19 infection at age is
debatable. But, the severity of COVID-19 has a negative
causal relationship with the GrimAge clock of epigenetic age.
That is, people with very severe respiratory symptoms of
COVID-19 infection can delay the acceleration of epigenetic
age (GrimAge) to some extent. Although only Grimage
is significant out of the 4 clocks in epigenetic age and
none of the rest is significant, however, this does not
mean that our results are invalid. They may simply reflect
differences in the way clocks were trained (e.g., training
for different outcomes, tissues, and populations). Different
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clocks can provide insight into different biological mechanisms
of aging (15). For example, GrimAge was trained on
mortality and smoking (factors that are closely related to the
risk of respiratory diseases), which may explain why it is
superior to other epigenetic indicators of aging in studying
respiratory diseases.

We analyze the reasons that severe COVID-19 may
delay the epigenetic age GrimAge: (1) A longitudinal DNA
methylation analysis showed that (21) while COVID-19 can
have an impact on the epigenetic clock and telomere wear
and tear and accelerate epigenetic aging, epigenetic age reversal
occurs in some patients late in COVID-19 infection. In
our “leave-one-out” analysis, we found that rs35081325 had
a much greater impact on the results than other SNPs.
Rs35081325 is located in the chr3p21 LZTFLI intron sub-
region, and studies have shown that (34-36) the chr3p2l
region where rs35081325 is located is closely related to
COVID severity. The secondary allele (allele “T”) of this
gene has a protective effect. Epigenetic age reversal may
occur because the population with the allele “A” decreases
faster than the population with the protective allele “T”
as the severity increases, resulting in a lower frequency of
having the allele “A” in the surviving population. However,
the data we used did not stratify the risk of severity in
patients with COVID-19, and unfortunately, there are no
biomarkers associated with aging that can be identified
today as a risk stratification of severity in patients with
COVID-19. (2) This may reflect that the association between
aging and COVID-19 may be confounded by factors that
are difficult to control for even with advanced statistical
adjustments, like socioeconomic status, institutionalization,
or various sub-health conditions of the body, or caused
by insufficient statistical potency. (3) Epigenetic age and
telomere length are not necessarily fully representative of aging.
Studies have shown that p21CIP1, Ki-67, SA B-gal staining,
pl6INK4a, etc., can be used as biomarkers of aging. We
must combine various biomarkers [e.g., morphological features,
SA PB-gal staining, p21CIP1, pl6INK4a, heterochromatin
markers (SAHFs and SADSs) and proliferation (Ki-67)] to
accurately identify and confirm aging in cells (37). Using
epigenetic age and telomere length alone to indicate aging
is more limited.

When analyzing telomere length and COVID-19 severity,
our results are similar to most observational studies (7-
10), ie., having severe COVID-19 infection can lead to
accelerated telomere wear and shorter telomere length.
Raul Sanchez-Vazquez et al. measured telomere length
in 89 patients with COVID-19 and found that telomere
length decreased with age, with patients with more severe
COVID-19 having shorter telomere lengths compared
to patients with milder COVID-19 (38). As we age, the
accumulation of DNA damage affects the genome and
chromosomal regions, with telomeres particularly vulnerable
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to age-related factors (39), and most mammalian somatic
cells do not express telomerase, most types of somatic cells
have limited ability to proliferate, a phenomenon known
as replication senescence or “The Hayflick limit” (40, 41),
which means that the telomere protective sequence that
causes the ends of chromosomes is gradually lost as the
number of replicates increases. The SARS-CoV-2 virus infects
different cell types in the organism, and individuals with short
telomeres suffer from impaired regeneration after infection
with SARS-CoV-2, and these studies indirectly explain our
findings (42).

Conclusion

Our findings suggest that there is may no clear association
between aging and susceptibility to COVID-19, and that
COVID-19 severity is may not be associated with changes in
age. Severe COVID-19 could lead to accelerated telomere
wear and shorter telomere lengths. At the same time,
severe COVID-19 could
GrimAge clocks, which is not significantly related to other

also slow the acceleration of

epigenetic clocks. The fly in the ointment is that our study
lacks
studies differ from some of our findings. We conclude
through the Mendelian
research is needed to

observational studies, and existing observational
the above possible arguments
randomization approach. More
demonstrate the link between aging and adverse COVID-
19 and the underlying mechanism by which this genetic

predictive effect occurs.

Author contributions

WX and FZ designed the study, performed data acquisition,
analysis, interpretation, and drafted the manuscript. YS and
YC performed data acquisition and analysis. BS and GY
performed data interpretation. All authors read and approved
the final manuscript.

Funding

This work was supported by the Academic Promotion
Project of Shandong First Medical University (2019QL003),
the Guides
Local Science and Technology Development Fund Projects
(YDZX20203700002055), the Qilu Medical School Traditional
Chinese Medicine Academic School Inheritance Project,

Shandong Provincial Central Government

the Major Science and Technology Innovation Project of

frontiersin.org


https://doi.org/10.3389/fmed.2022.989950
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

Xu et al.

Shandong Province (2021SFGC0502), and Shandong Province
Traditional Chinese Medicine Science and Technology
project (M-2022253).

Acknowledgments

We would like to thank all the investigators and participants
who contributed to the GWASs. We would also like to thank all
the GWASs for making the summary data publicly available.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

References

1. World Health Organization [WHO]. WHO. Coronavirus Disease (COVID-19)
Dashboard. (2022). Available online at: https://covid19.who.int/ (accessed May 14,
2022).

2.Chen ], Qi T, Liu L, Ling Y, Qian Z, Li T, et al. Clinical progression of patients
with COVID-19 in Shanghai, China. J Infect. (2020) 80:e1-6. doi: 10.1016/j.jinf.
2020.03.004

3. Gupta S, Hayek SS, Wang W, Chan L, Mathews KS, Melamed ML, et al. Factors
associated with death in critically ill patients with coronavirus disease 2019 in the
US. JAMA Intern Med. (2020) 180:1436-47. doi: 10.1001/jamainternmed.2020.3596

4. Levin AT, Hanage WP, Owusu-Boaitey N, Cochran KB, Walsh SP, Meyerowitz-
Katz G. Assessing the age specificity of infection fatality rates for COVID-19:
systematic review, meta-analysis, and public policy implications. Eur ] Epidemiol.
(2020) 35:1123-38. doi: 10.1007/510654-020-00698-1

5. Liu Y, Mao B, Liang S, Yang JW, Lu HW, Chai YH, et al. Association between
age and clinical characteristics and outcomes of COVID-19. Eur Respir J. (2020)
55:2001112. doi: 10.1183/13993003.01112-2020

6. Zhou E, Yu T, Du R, Fan G, Liu Y, Liu Z, et al. Clinical course and risk factors
for mortality of adult inpatients with COVID-19 in Wuhan, China: a retrospective
cohort study. Lancet. (2020) 395:1054-62. doi: 10.1016/s0140-6736(20)30566-3

7.Onder G, Rezza G, Brusaferro S. Case-fatality rate and characteristics of
patients dying in relation to COVID-19 in Italy. JAMA. (2020) 323:1775-6. doi:
10.1001/jama.2020.4683

8. Wu C, Chen X, Cai Y, Xia J, Zhou X, Xu S, et al. Risk factors associated
with acute respiratory distress syndrome and death in patients with coronavirus
disease 2019 pneumonia in Wuhan, China. JAMA Intern Med. (2020) 180:934-43.
doi: 10.1001/jamainternmed.2020.0994

9. CDC COVID-19 Response Team. Severe outcomes among patients with
coronavirus disease 2019 (COVID-19) — United States, February 12-March 16,
2020. Morb Mortal Wkly Rep. (2020) 69:343. doi: 10.15585/mmwr.mm6912e2

10. Salje H, Tran Kiem C, Lefrancq N, Courtejoie N, Bosetti P, Paireau J, et al.
Estimating the burden of SARS-CoV-2 in France. Science. (2020) 369:208-11.

11. Jylhava ], Pedersen NL, Hagg S. Biological age predictors. EBioMedicine.
(2017) 21:29-36. doi: 10.1016/j.ebiom.2017.03.046

12. Chakravarti D, LaBella KA, DePinho RA. Telomeres: history, health, and
hallmarks of aging. Cell. (2021) 184:306-22. doi: 10.1016/j.cell.2020.12.028

13. Lopez-Otin C, Blasco MA, Partridge L, Serrano M, Kroemer G. The hallmarks
of aging. Cell. (2013) 153:1194-217. doi: 10.1016/j.cell.2013.05.039

14. Gao X, Zhang Y, Mons U, Brenner H. Leukocyte telomere length and
epigenetic-based mortality risk score: associations with all-cause mortality among
older adults. Epigenetics. (2018) 13:846-57. doi: 10.1080/15592294.2018.151
4853

Frontiers in Medicine

11

10.3389/fmed.2022.989950

Publisher's note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be
found online at: https://www.frontiersin.org/articles/10.3389/
fmed.2022.989950/full#supplementary-material

15. Liu Z, Leung D, Thrush K, Zhao W, Ratliff S, Tanaka T, et al. Underlying
features of epigenetic aging clocks in vivo and in vitro. Aging Cell. (2020) 19:e13229.
doi: 10.1111/acel.13229

16. Hannum G, Guinney J, Zhao L, Zhang L, Hughes G, Sadda S, et al. Genome-
wide methylation profiles reveal quantitative views of human aging rates. Mol Cell.
(2013) 49:359-67. doi: 10.1016/j.molcel.2012.10.016

17. Horvath S. DNA methylation age of human tissuesand cell types. Genome
Biol. (2013) 14:1-20. doi: 10.1186/gb-2013-14-10-r115

18. Levine ME, Lu AT, Quach A, Chen BH, Assimes TL, Bandinelli S, et al. An
epigenetic biomarker of aging for lifespan and healthspan. Aging. (2018) 10:573-91.
doi: 10.18632/aging.101414

19. Lu AT, Quach A, Wilson JG, Reiner AP, Aviv A, Raj K, et al. DNA methylation
GrimAge strongly predicts lifespan and healthspan. Aging. (2019) 11:303-27. doi:
10.18632/aging. 101684

20. Hillary RE, Stevenson AJ, McCartney DL, Campbell A, Walker RM, Howard
DM, et al. Epigenetic measures of ageing predict the prevalence and incidence
of leading causes of death and disease burden. Clin Epigenetics. (2020) 12:115.
doi: 10.1186/s13148-020-00905-6

21. Cao X, Li W, Wang T, Ran D, Davalos V, Planas-Serra L, et al. Accelerated
biological aging in COVID-19 patients. Nat Commun. (2022) 13:2135. doi: 10.1038/
541467-022-29801-8

22. Arbeev KG, Verhulst S, Steenstrup T, Kark JD, Bagley O, Kooperberg C, et al.
Association of leukocyte telomere length with mortality among adult participants
in 3 longitudinal studies. JAMA Netw Open. (2020) 3:¢200023. doi: 10.1001/
jamanetworkopen.2020.0023

23. Haycock PC, Heydon EE, Kaptoge S, Butterworth AS, Thompson A, Willeit
P. Leucocyte telomere length and risk of cardiovascular disease: systematic review
and meta-analysis. BMJ. (2014) 349:g4227. doi: 10.1136/bmj.g4227

24. Demanelis K, Jasmine F, Chen LS, Chernoff M, Tong L, Delgado D,
et al. Determinants of telomere length across human tissues. Science. (2020)
369:€aaz6876. doi: 10.1126/science.aaz6876

25. Lu AT, Seeboth A, Tsai PC, Sun D, Quach A, Reiner AP, et al. DNA
methylation-based estimator of telomere length. Aging. (2019) 11:5895-923.

26. Marioni RE, Harris SE, Shah S, McRae AF, von Zglinicki T, Martin-Ruiz C,
et al. The epigenetic clock and telomere length are independently associated with
chronological age and mortality. Int ] Epidemiol. (2018) 45:424-32. doi: 10.1093/
ije/dyw041

27. McCartney DL, Min JL, Richmond RC, Lu AT, Sobczyk MK, Davies G, et al.
Genome-wide association studies identify 137 genetic loci for DNA methylation
biomarkers of aging. Genome Biol. (2021) 22:194. doi: 10.1186/513059-021-02
398-9

frontiersin.org


https://doi.org/10.3389/fmed.2022.989950
https://www.frontiersin.org/articles/10.3389/fmed.2022.989950/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmed.2022.989950/full#supplementary-material
https://covid19.who.int/
https://doi.org/10.1016/j.jinf.2020.03.004
https://doi.org/10.1016/j.jinf.2020.03.004
https://doi.org/10.1001/jamainternmed.2020.3596
https://doi.org/10.1007/s10654-020-00698-1
https://doi.org/10.1183/13993003.01112-2020
https://doi.org/10.1016/s0140-6736(20)30566-3
https://doi.org/10.1001/jama.2020.4683
https://doi.org/10.1001/jama.2020.4683
https://doi.org/10.1001/jamainternmed.2020.0994
https://doi.org/10.15585/mmwr.mm6912e2
https://doi.org/10.1016/j.ebiom.2017.03.046
https://doi.org/10.1016/j.cell.2020.12.028
https://doi.org/10.1016/j.cell.2013.05.039
https://doi.org/10.1080/15592294.2018.1514853
https://doi.org/10.1080/15592294.2018.1514853
https://doi.org/10.1111/acel.13229
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.18632/aging.101414
https://doi.org/10.18632/aging.101684
https://doi.org/10.18632/aging.101684
https://doi.org/10.1186/s13148-020-00905-6
https://doi.org/10.1038/s41467-022-29801-8
https://doi.org/10.1038/s41467-022-29801-8
https://doi.org/10.1001/jamanetworkopen.2020.0023
https://doi.org/10.1001/jamanetworkopen.2020.0023
https://doi.org/10.1136/bmj.g4227
https://doi.org/10.1126/science.aaz6876
https://doi.org/10.1093/ije/dyw041
https://doi.org/10.1093/ije/dyw041
https://doi.org/10.1186/s13059-021-02398-9
https://doi.org/10.1186/s13059-021-02398-9
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

Xu et al.

28. COVID-19 Host Genetics Initiative. The COVID-19 Host Genetics Initiative,
a global initiative to elucidate the role of host genetic factors in susceptibility and
severity of the SARS-CoV-2 virus pandemic. Eur ] Hum Genet. (2020) 28:715-8.
doi: 10.1038/s41431-020-0636-6

29. Hemani G, Zheng ], Elsworth B, Wade KH, Haberland V, Baird
D, et al. The MR-Base platform supports systematic causal inference
across the human phenome. eLife. (2018) 7:234408. doi: 10.7554/eLife.
34408

30. Walker VM, Davies NM, Hemani G, Zheng J, Haycock PC, Gaunt TR,
et al. Using the MR-Base platform to investigate risk factors and drug targets
for thousands of phenotypes. Wellcome Open Res. (2019) 4:113. doi: 10.12688/
wellcomeopenres.15334.1

31. Staiger D, Stock JH. Instrumental variables regression with weak instruments.
Econometrica. (1997) 65:557-86.

32. Palmer TM, Lawlor DA, Harbord RM, Sheehan NA, Tobias JH, Timpson
NJ, et al. Using multiple genetic variants as instrumental variables for modifiable
risk factors. Stat Methods Med Res. (2012) 21:223-42. doi: 10.1177/0962280210
394459

33. Slob EAW, Burgess S. A comparison of robust Mendelian randomization
methods using summary data. Genet Epidemiol. (2020) 44:313-29. doi: 10.1002/
gepi.22295

34. Roberts GHL, Partha R, Rhead B, Knight SC, Park DS, Coignet MV, et al.
Expanded COVID-19 phenotype definitions reveal distinct patterns of genetic
association and protective effects. Nat Genet. (2022) 54:374-81. doi: 10.1038/
$41588-022-01042-x

Frontiers in Medicine

12

10.3389/fmed.2022.989950

35. Roberts GHL, Partha R, Rhead B, Knight SC, Park DS, Coignet MV, et al.
Novel COVID-19 phenotype definitions reveal phenotypically distinct patterns of
genetic association and protective effects. medRxiv [Preprint]. (2021). doi: 10.1101/
2021.01.24.21250324

36. Ma Y, Qiu E Deng C, Li J, Huang Y, Wu Z, et al. Integrating single-cell
sequencing data with GWAS summary statistics reveals CD16+monocytes and
memory CD8+T cells involved in severe COVID-19. Genome Med. (2022) 14:16.
doi: 10.1186/s13073-022-01021-1

37. Lynch SM, Guo G, Gibson DS, Bjourson AJ, Rai TS. Role of senescence
and aging in SARS-CoV-2 infection and COVID-19 Disease. Cells. (2021) 10:3367.
doi: 10.3390/cells10123367

38. Sanchez-Vazquez R, Guio-Carrién A, Zapatero-Gaviria A, Martinez P, Blasco
MA. Shorter telomere lengths in patients with severe COVID-19 disease. Aging.
(2021) 13:1-15. doi: 10.18632/aging.202463

39. Blackburn EH, Greider CW, Szostak JW. Telomeres and telomerase: the path
from maize, Tetrahymena and yeast to human cancer and aging. Nat Med. (2006)
12:1133-8. doi: 10.1038/nm1006-1133

40. Hayflick L, Moorhead PS. The serial cultivation of human diploid cell strains.
Exp Cell Res. (1961) 25:585-621.

41. Olovnikov AM. Telomeres, telomerase, and aging: origin of the theory. Exp
Gerontol. (1996) 31:443-8. doi: 10.1016/0531-5565(96)00005-8

42. Hamming I, Timens W, Bulthuis ML, Lely AT, Navis G, van Goor H. Tissue
distribution of ACE2 protein, the functional receptor for SARS coronavirus. A first
step in understanding SARS pathogenesis. ] Pathol. (2004) 203:631-7. doi: 10.1002/
path.1570

frontiersin.org


https://doi.org/10.3389/fmed.2022.989950
https://doi.org/10.1038/s41431-020-0636-6
https://doi.org/10.7554/eLife.34408
https://doi.org/10.7554/eLife.34408
https://doi.org/10.12688/wellcomeopenres.15334.1
https://doi.org/10.12688/wellcomeopenres.15334.1
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1177/0962280210394459
https://doi.org/10.1002/gepi.22295
https://doi.org/10.1002/gepi.22295
https://doi.org/10.1038/s41588-022-01042-x
https://doi.org/10.1038/s41588-022-01042-x
https://doi.org/10.1101/2021.01.24.21250324
https://doi.org/10.1101/2021.01.24.21250324
https://doi.org/10.1186/s13073-022-01021-1
https://doi.org/10.3390/cells10123367
https://doi.org/10.18632/aging.202463
https://doi.org/10.1038/nm1006-1133
https://doi.org/10.1016/0531-5565(96)00005-8
https://doi.org/10.1002/path.1570
https://doi.org/10.1002/path.1570
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/

	Causal association of epigenetic aging and COVID-19 severity and susceptibility: A bidirectional Mendelian randomization study
	Introduction
	Research design and methods
	Research design
	Data sources
	Selection of instrumental variables
	Statistical analysis

	Results
	Instrumental variable
	The Mendelian randomization results did not reveal a causal relationship between epigenetic age and COVID-19 susceptibility
	Age has no significant effect on infection with severe COVID-19; severe COVID-19 can slow GrimAge acceleration
	Telomeres do not affect susceptibility and severity of COVID-19
	Infection with severe COVID-19 can shorten telomere lengths

	Discussion
	Conclusion
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


