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Background: A new aging biomarker epigenetic clock has been developed.
There exists a close link between aging and gut microbiota, which may be
mediated by inflammatory cytokines. However, the relationship between the
epigenetic clock, gut microbiota, and the mediating substances is unclear.

Methods: Two large genome-wide association meta-analyses were analyzed by
two-sample Mendelian randomization. The results between gut microbiota and
epigenetic clock were investigated using the four methods (Inverse variance
weighted, MR-Egger, weighted median, MR-PRESSO). Genetic correlation was
measured by Linked disequilibrium score regression (LDSC). The correctness of
the study direction was checked by the Steiger test. Cochran’s Q statistic and
MR-Egger intercept were used as sensitivity analyses of the study. The two-step
method was used to examine the mediating role of inflammatory cytokines. We
use the Benjamini-Hochberg correction method to correct the P value.

Results: After FDR correction, multiple bacterial genera were significantly or
suggestively associated with four epigenetic clocks (GrimAge, HannumAge, IEAA,
PhenoAge). And we detected several inflammatory factors acting as mediators of
gut microbiota and epigenetic clocks.

Conclusion: This study provides genetic evidence for a positive and negative link
between gut microbiota and aging risk. We hope that by elucidating the genetic
relationship and potential mechanisms between aging and gut microbiota, we
will provide new avenues for continuing aging-related research and treatment.
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Introduction

Aging has been an area of particular concern to humans
throughout history. One of the characteristics of aging is epigenetic
aging (1). Because most clinical biomarkers are inadequate to represent
the underlying mechanisms of aging, it has been difficult to identify
molecular targets for interventions for human health longevity (2).
Recently, research has shown that the “epigenetic clock”, which is a
biomarker of aging found at specific cytosine-phospho-guanine (CpG)
sites, can provide accurate age estimates for any tissue or organ
throughout the human life course (3). The emergence of epigenetic
clocks may help solve many long-standing questions, such as the
central question of aging, “How do we get old?”.

The epigenetic clock acts as a heritable indicator of the DNA of
biological aging by capturing the unique characteristics of epigenetic
aging based on different CpG sites (4). HannumAge (5) and Horvath
(6) clocks constitute the inaugural generation of epigenetic clocks,
predicting chronological age utilizing DNA methylation data. These
methodologies have been extensively applied across blood samples and
51 distinct human tissue and cell types. HannumAge delineated 71 age-
associated CpG sites within blood samples (6), whereas HorvathAge
ascertained 353 age-related CpG sites across various human tissues and
cell types, with adjustments made for blood cell counts (6). Intrinsic
Epigenetic Age Acceleration (IEAA) as a derivative of Horvath was
developed after the removal of blood cell composition estimates (7). A
second representative epigenetic clock, PhenoAge (Levine et al., 2018)
and GrimAge (7), predicts associated morbidity and mortality by
combining some information about risk and age (e.g. smoking,
plasma protein levels, white blood cell counts). PhenoAge included
data on 9 clinical biomarkers associated with mortality and 513 CpGs
(8). GrimAge included data on seven plasma proteins and 1030 CpGs
associated with smoking (7). The second generation of representative
genetic clocks can measure the incidence of various diseases and is
better at predicting mortality than the first generation (8, 9). GrimAge
outperforms PhenoAge and first-generation epigenetic clocks in
predicting the time of death (10, 11).

At present, multiple studies has proved that gut microbiota
occupies an important position in the aging process (12-14).
Dysregulation of gut microbiota is implicated in the modulation of
immune and inflammatory responses during the aging process and is
associated with the onset of numerous age-related diseases, both
intestinal and systemic (13). Interestingly, from the perspective of
interactions between gut microbes, inflammatory mediators, and the
immune system, the regulation of gut microbiota may help promote
both physiological and non-pathological aging processes and may be a
potential target for aging interventions (12). However, the genetic
relationship and mechanisms of gut microbiota and aging are unclear,
and no researchers have explored the causal relationship between gut
microbiota and aging from the perspective of epigenetic clocks.
Therefore, we use Mendelian randomization (MR) as a novel
method that can be used to study genetic associations and causality
between the gut microbiota and the epigenetic clock.

MR is a statistical method to assess the causal relationship
between the genetic variation associated with exposure and the
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outcome (15). Compared with traditional observation methods, MR
is less affected by residual confounding and reverse causation (16).
In the MR Analysis, we are not only interested in the link between
epigenetic clocks and gut microbiota but also in the mechanism of
how exposure affects the outcome. Mediation MR Analyses can
attempt to determine the causal pathways by which exposure affects
outcomes and their relative importance. Mediating MR Analysis
can identify factors mediating between exposure and outcome, and
interventions on these mediating factors can mitigate or enhance
the impact of exposure on outcome (17).

Consequently, we conducted a two-sample MR Analysis to
investigate the association between gut microbiota and the
epigenetic clock. Additionally, a mediation MR Analysis was
employed to elucidate the mechanistic role of inflammatory
cytokines in the relationship between gut microbiota and the
epigenetic clock.

Methods
Research description

Figures 1, 2 illustrate the MR research description. Two-sample
Mendelian randomization analysis was performed to analyze the
link between gut microbiota and the epigenetic clock. Instrumental
variables independent of confounding factors such as sex and age
were used in the MR Analysis to simulate the random assignment of
progeny single nucleotide polymorphisms (SNPs) in randomized
controlled trials (RCTS). In addition, the MR design must satisfy
three assumptions: (i) genetic tools are correlated with exposure; (ii)
genetic tools are independent of potential confounding factors; (iii)
Genetic instrumental variables affect results only through exposure.
We then used a two-step method mediated MR Analysis to analyze
the mediating role of inflammatory cytokines between gut
microbiota and the epigenetic clock.

Exposure data source

Gut microbiota genetic variation data comes from the
MiBioGen Consortium (https://mibiogen.gcc.rug.nl/), which is by
far the largest gut microbiota genome-wide meta-analysis (18).
18340 individuals were included to analyze the composition of
microorganisms in the variable regions of 16S rRNA genes V4, V3-
V4, and V1-V2. By mapping microbiota quantitative trait loci
(mbQTL), the relationship between host genetic variation and
bacterial species abundance in gut microbiota was identified. 131
genera with an average abundance greater than 1% were identified
(of which 12 were unknown). Therefore, 119 genera were included
in this study for MR Analysis. The instrumental variables (IVs) of
gut microbiota were chosen as follows (1): Significant SNPs at the
genome-wide level (P < 1x10-5) (19); (2) SNP aggregation using
PLINK algorithm (r* = 0.001, window size = 10mB); (3)
Palindromic SNPs will be removed (20).
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Outcome data source

Genetic associations of epigenetic clocks (HannumAge, IEAA,
PhenoAge, and GrimAge) in 34,710 European participants were
derived from a recent GWAS meta-analysis of biological aging (21).
Of the 28 subjects of European descent in the study, women
participated in 57.3% of the studies. Horvath epigenetic age
calculator software (https://dnamage.genetics.ucla.edu) was used
in the study or independent script age-adjusted estimate of DNA
methylation HannumAge, IEAA, PhenoAge, GrimAge. Abnormal
samples of clock methylation estimates that differ by +/-5 standard
deviations from the mean will be excluded. Quality control and
interpolation procedures were systematically applied across each
study. For each cohort, the GWAS summary statistics underwent
refinement through adjustments for sex and genetic principal
components employing an additive linear model. Then, the data
of different races were analyzed by METAL software using the
inverse variance fixed-effect scheme (22). Summary statistics were
processed and coordinated for each cohort study using the R
software package EasyQC (23).

Mediator data source

Data on the genetic variation of 91 cellular inflammatory
cytokines were obtained from the latest large GWAS data,
published in August 2023 (24). The investigation quantified 91
inflammatory cytokines across 14,824 subjects and conducted a
genome-wide protein quantitative Trait Locus (pQTL) analysis
utilizing the Olink Target platform. This was subsequently
followed by a meta-analysis of the collected data. These data were
combined with disease GWASs to represent the impact of disease-
associated variants. MR And mediation analyses are used to identify
proteins that are causally linked to the cause of immune-
mediated disease.

Statistical analysis

First, a two-sample MR Analysis was performed for 4 epigenetic
clocks and gut microbiota. The random effects inverse variance
weighting (IVW) was used as the main analysis result. The F-value
was used to measure the potency of instrumental variables (IVs) to
test whether this study might violate the first MR Hypothesis (25).
Cochran’s Q test was used to quantify the heterogeneity of IVs (26).
Horizontal pleiotropy may violate the third MR Hypothesis. We
used the MR-Egger regression (27), weighted median (28) method,
and MR Multiple effects and outlier test (MR-PRESSO) (29) to test
and attempt to correct possible violations of the second and third
MR Assumptions. In the weighted regression model, MR-Egger
realizes directional pleiotropy by intercept. A value where the
intercept term significantly deviates from zero suggests the
existence of horizontal pleiotropy (27). The weighted median
method sorts the MR Estimates obtained using each IV and then
weights the reciprocal of its variance. Individual MR Estimates are
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provided by median results (27). The weighted median assumes that
at least half of the tools are valid and do not require any pleiotropy
to affect the intermediate phenotype (30). The SNP results from
MR-PRESSO exposure were regressed and the square of the residual
was used to identify outlier SNPS that may have pleiotropic effects
(29). At the same time, we consider the reverse causality between
the gut microbiota and the epigenetic clock, so we use the Steiger
test to ensure that our directionality is accurate and that P < 0.05 is
significant (31). We employed linkage disequilibrium score
regression (LDSC) (available at https://github.com/bulik/ldsc) to
evaluate the genetic correlation between Mendelian Randomization
(MR) positive outcomes for gut microbiota and epigenetic clocks
(32). LDSC represents a robust methodology for the analysis of
genetic correlations across complex diseases or traits. It is capable of
differentiating between genuine polygenic signals and confounding
biases, such as population stratification, among others. If the genetic
association is statistically significant as well as by LDSC analysis, we
can be sure of a causal association between the two genetic
phenotypes (33). When negative genetic particles are present in
the sample, the LDSC will not be able to produce results (34).
Because LDSC only considers genetic correlations, causation cannot
be judged (35). Therefore, when the results of LDSC are
inconsistent with the analysis result of MR Analysis, we focus on
the analysis result of MR Analysis.

In order to explore the mechanism of positive gut microbiota
and epigenetic clock outcomes, we used two-step mediated MR To
explore the mediated association of 91 inflammatory cytokines
between positive gut microbiota and epigenetic clock. We then
screened for mediating inflammatory cytokines associated with
positive gut microbiota and epigenetic clocks based on the
following criteria (1): There is a genetic association between the
epigenetic clock and gut microbiota. (2) There is a genetic
association between the mediating inflammatory cytokines and
gut microbiota, and the effect of education on mediating should
be one-way, because if there is a bidirectional relationship between
the two, the effectiveness of mediation analysis may be affected (36).
(3) There is a genetic association between the epigenetic clock and
inflammatory cytokines and the epigenetic clock. The detailed
selection of mediators, as well as the calculation of mediators’
effect and mediators’ proportion are shown in Figure 1.

R (version 4.3.1), TwoSampleMR (0.5.5), Mendelian
Randomization (0.5.0), MR-PRESSO, and LDSC software packages
(37-39) were used for all analyses. The False Discovery Rate (FDR)
method was used to correct P values, according to the Benjamin and
Hochberg (BH) method. When q < 0.1, the results were significant.
While P < 0.05 but q > 0.1 was considered suggestive of causality.

Results

Detailed information regarding the selected instrumental
variables (IVs) is presented in Supplementary Table SI of the
Supplementary Material. The F-statistic for each IV exceeds 10,
signifying the absence of weak instrumental variables within this
study. The positive MR Results are shown in Tables 1, 2 and
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TABLE 1 Genetic association of gut microbiota and epigenetic clock.

10.3389/fimmu.2024.1339722

Outcome Exposure Methods P-value OR(95%ClI) g-value LDSC rg_p
MR Egger 0.1577 0.48 (0.18-1.23) 1.0000
igh
V\I’:;i:;d 0.4655 0.91 (0.69-1.18) 1.0000
1
GrimAge Ruminococcusgnavus_group 0.04
Inverse
variance 0.0002 0.78 (0.64-0.97) 0.0261
weighted
MR Egger 0.0842 2.79 (1.01-7.72) 1.0000
Weighted
elshte 0.0221 1.77 (1.09-2.89) 1.0000
i median
GrimAge Dorea
Inverse
variance 0.0117 1.60 (1.11-2.32) 0.4635
weighted
MR Egger 0.6698 1.44 (0.28-7.31) 1.0000
Weighted
median 0.0285 1.39 (1.04-1.87) 0.8476
GrimAge Eisenbergiella 0.28
Inverse
variance 0.0286 1.26 (1.02-1.56) 0.8511
weighted
MR Egger 0.7944 1.16 (0.39-3.43) 1.0000
Weighted
. 0.0002 1.56 (1.17-2.08) 0.0269
. median
GrimAge Lactococcus
Inverse
variance 0.0002 1.44 (1.14-1.83) 0.0137
weighted
MR Egger 0.7160 0.82 (0.29-2.33) 1.0000
Weight
cighted 0.0588 0.80 (0.64-1.01) 0.9998
. median
GrimAge Prevotella7 0.53
Inverse
variance 0.0432 0.84 (0.71-0.99) 1.0000
weighted
MR Egger 0.5421 1.72 (0.35-8.50) 1.0000
Weighted
n:;iia; 0.0640 169 (0.97-2.93) 0.9522
GrimAge Ruminococcaceae-UCG-010
Inverse
variance 0.0486 1.54 (1.00-2.37) 0.8259
weighted
MR Egger 0.3352 1.91 (0.55-6.59) 1.0000
Weighted
R 0.1126 1.19 (0.96-1.47) 1.0000
: T median
GrimAge Victivallis
Inverse
variance 0.0456 1.19 (1.00-1.40) 0.9049
weighted
MR Egger 0.0756 1.83 (1.04-3.23) 1.0000
Weighted
. 0.0052 1.59 (1.15-2.20) 0.6187
. median
HannumAge Haemophilus 0.29
Inverse
variance 0.0004 1.43 (1.12-1.83) 0.0462
weighted
HannumAge Ruminococcaceae-UCG-004 MR Egger 0.5565 0.60 (0.12-3.04) 1.0000 0.43
(Continued)
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TABLE 1 Continued

10.3389/fimmu.2024.1339722

Outcome Exposure Methods P-value OR(95%Cl) g-value LDSC rg_p
Weighted
. 0.1456 0.76 (0.52-1.10) 1.0000
median
Inverse
variance 0.0456 0.76 (0.57-0.99) 1.0000
weighted
MR Egger 0.6098 1.31 (0.49-3.51) 1.0000
Weighted
. 0.1749 1.18 (0.93-1.49) 1.0000
) median
HannumAge Sellimonas 0.92
Inverse
variance 0.0478 1.19 (1.00-1.41) 1.0000
weighted
MR Egger 0.2463 2.28 (0.74-7.05) 1.0000
igh
Weighted 0.1435 136 (0.90-2.06) 1.0000
. s median
HannumAge Senegalimassilia
Inverse
variance 0.0211 1.47 (1.06-2.05) 1.0000
weighted
MR Egger 02771 1.63 (0.71-3.76) 0.9992
Weighted
i 0.0346 1.60 (1.03-2.46) 1.0000
IEEA Coprococcusl 0.72
Inverse
variance 0.0320 1.42 (1.03-1.95) 0.7625
weighted
MR Egger 0.2814 1.64 (0.71-3.79) 0.9848
Weighted
median 0.0313 1.33 (1.03-1.73) 1.0000
IEEA Howardella ¢
Inverse
variance 0.0240 1.23 (1.03-1.48) 0.9526
weighted
MR Egger 0.6249 1.23 (0.55-2.76) 0.9785
Weighted
median 0.0315 1.35 (1.03-1.78) 1.0000
IEEA Peptococcus 0.04
Inverse
variance 0.0320 1.24 (1.02-1.52) 0.6356
weighted
MR Egger 0.0452 3.08 (1.19-7.94) 1.0000
Weighted
elgte 0.1246 148 (0.90-2.43) 1.0000
i median
IEEA Subdoligranulum 0.10
Inverse
variance 0.0253 1.56 (1.06-2.29) 0.7518
weighted
MR Egger 0.5832 2.81 (0.09-88.38) 0.9774
Weighted
cignte 01737 141 (0.86-2.33) 1.0000
i median
IEEA Veillonella 0.72
Inverse
variance 0.0172 1.61 (1.09-2.39) 1.0000
weighted
MR Egger 0.4172 0.56 (0.15-2.09) 0.9547
PhenoAge Ruminococcustorques_group
0.0346 0.49 (0.26-0.95) 0.8229
(Continued)
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TABLE 1 Continued

10.3389/fimmu.2024.1339722

Outcome Exposure Methods P-value OR(95%Cl) g-value LDSC rg_p
Weighted
median
Inverse
variance 0.0249 0.58 (0.36-0.93) 0.7419
weighted
MR Egger 0.2490 2.27 (0.62-8.29) 1.0000
Weighted
median 0.1570 1.58 (0.84-3.00) 1.0000
PhenoAge Dorea
Inverse
variance 0.0279 1.69 (1.06-2.69) 0.6647
weighted
MR Egger 0.2736 2.32(0.55-9.72) 1.0000
Weigh
I:eli,:;d 0.0641 1.46 (0.98-2.18) 1.0000
i
PhenoAge Lachnospiraceae-UCG-001
Inverse
variance 0.0370 1.41 (1.02-1.93) 0.6286
weighted
MR Egger 0.1223 3.62 (0.83-15.84) 1.0000
Weighted
median 0.0326 1.54 (1.04-2.30) 0.9684
PhenoAge Lachnospiraceae-UCG-008
Inverse
variance 0.0004 1.51 (1.14-2.00) 0.0512
weighted
MR Egger 0.0259 0.27 (0.11-0.69) 1.0000
Weighted
. 0.0715 0.69 (0.47-1.03) 1.0000
X median
PhenoAge Lactobacillus
Inverse
variance 0.0379 0.71 (0.51-0.98) 0.5643
weighted
MR Egger 0.4171 1.71 (0.49-5.95) 0.9732
Weighted
median 0.0571 1.36 (0.99-1.88) 1.0000
i
PhenoAge Tyzzerella3
Inverse
variance 0.0005 1.39 (1.10-1.75) 0.0299
weighted

Figure 3. All MR Results are shown in Figure 4 and
Supplementary Materials.

The results of gut microbiota and GrimAge

GrimAge has a significant causality with
Ruminococcusgnavus_group (P = 0.002, Odds Ratio(OR)= 0.78,
95% Confidence Interval(CI) = 0.64-0.97, q = 0.065, rg_prpsc =
0.043), Lactococcus (P = 0.0002, OR = 1.44, 95%CI = 1.14-1.83, q
=0.014).

GrimAge shows a suggestive causality with Dorea (P = 0.012,
OR = 1.6, 95%CI = 1.11-2.32, q = 0.463), Eisenbergiella (P = 0.029,
OR = 126, 95%CI = 1.02-1.56, q = 0.851, rg_pipsc = 0.278),

Frontiers in Immunology

Prevotella7 (P = 0.043, OR = 0.84, 95%CI = 0.71-0.99, q = 1,
rg_prpsc = 0.526), Ruminococcaceae-UCG-010 (P = 0.049, OR =
1.54, 95%CI = 1.00-2.37, q = 0.826), and Victivallis (P = 0.046, OR =
1.19, 95%CI = 1.00-1.40, q = 0.905).

The results of gut microbiota
and HannumAge

HannumAge had a significant causality with Haemophilus (P =
0.0004, OR = 1.43, 95%CI = 1.12-1.83, q = 0.046, rg_py psc = 0.29).
HannumAge had a suggestive causality with Ruminococcaceae-
UCG-004 (P = 0.046, OR = 0.76, 95%CI = 0.57-0.99, q = 1, 1g_pipsc =
0.435), Sellimonas (P = 0.048, OR = 1.19, 95%CI = 1.00-141, q = 1,
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TABLE 2 Sensitivity analysis of the results of Mendelian randomization of gut microbiota and epigenetic clock.

MR PRESSO Global_test Cochran’s Q

Egger-intercept

Outcome Exposure P value P value P value Steiger
GrimAge Ruminococcusgnavus_group 0.78 0.75 0.32 2'48;?2]3_
GrimAge Dorea 0.614 0.59 0.29 9.2027612E—
GrimAge Eisenbergiella 0.672 0.64 0.88 3.432E-37
GrimAge Lactococcus 0.22 0.17 0.70 1'79;1815-
GrimAge Prevotella7 0.537 0.50 0.96 7'74::7E_
GrimAge Ruminococcaceae-UCG-010 0.384 0.36 0.89 3’73;;:6]3_
GrimAge Victivallis 0.863 0.85 0.47 3.51:(())8E-

HannumAge Haemophilus 0.822 0.81 0.38 9.94;)23E-

HannumAge | Ruminococcaceae-UCG-004 0.503 0.48 0.79 6'472896813_

HannumAge Sellimonas 0.741 0.74 0.85 5»1637753E-

HannumAge Senegalimassilia 0.899 0.89 0.48 1.2944E-16

IEEA Coprococcusl 0.524 0.46 0.73 8~15§jSE-
IEEA Howardella 0.478 0.44 0.52 5.5835§3E—
IEEA Peptococcus 0.519 0.47 0.98 5.95;;7E-
IEEA Subdoligranulum 0.303 0.27 0.16 1.9323928E—
IEEA Veillonella 0.281 0.23 0.76 3»2315;)5E—
PhenoAge Ruminococcustorques_group 0.533 0.48 0.96 6'062155]3_
PhenoAge Dorea 0.6 0.58 0.64 3.0422692E-
PhenoAge Lachnospiraceae-UCG-001 0.936 0.92 0.50 4'76:(32&
PhenoAge Lachnospiraceae-UCG-008 0.668 0.64 0.27 2'09::3]3_
PhenoAge Lactobacillus 0.363 0.31 0.07 2'37:;;4]3_
PhenoAge Tyzzerella3 0.648 0.62 075 4.61;;4E-

rg pipsc = 0.917), Senegalimassilia (P = 0.021, OR = 1.47, 95%CI =
1.06-2.05, q = 1).

0.72), Howardella (P = 0.024, OR = 1.54, 95%CI = 1.00-2.37, q =
0.953), Peptococcus (P = 0.03, OR = 1.24, 95%CI = 1.02-1.52,q =
0.636, rg_prpsc = 0.041), Subdoligranulum (P = 0.025, OR =
1.56, 95%CI = 1.06-2.29, q = 0.752, rg_prpsc = 0.099),
Veillonella (P = 0.017, OR = 1.61, 95%CI = 1.09-2.39, q = 1,
rg_prpsc = 0.718).

The results of gut microbiota and IEAA

IEEA had a suggestive causality with Coprococcusl (P
0.032, OR = 1.42, 95%CI = 1.03-1.95, q = 0.762, rg_prpsc =
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Outcome Exposure MR_Egger/OR(95%C) P-value q-value Weighted median/OR(95%Cl) P-value q-value Inverse variance weighted/OR(95%CI) P-value g-value ~MR-PRESSO/P-value

GrimAge Ruminococcusgnavus_group " 0.48 (0.18 10 1.23) 01577 1.0000  0.91(0.69 to 1.18) 04655 1.0000  0.78(0.64 to 0.97) 00002 00261  0.780
Dorea L= 1.01(101107.72) 00842  1.0000  1.77(1.09 to 2.89) 00221 10000  160(1.11t02.32) 00117 04635 0614

Eisenbergiella SRR 144(02810731) 06698  1.0000  1.39(1.04 to 1.87) 00285 08476  1.26(1.02t0 1.56) 00286 08511 0672

Lactococcus TTIEET ' 116(0.39103.43) 07944  1.0000  1.56(1.17t02.08) 00002 00269  1.44(1.141t0183) 00002 00137  0.220

Prevotella? 1 - 082 (0.29 10 2.33) 07160  1.0000  0.80(0.64 to 1.01) 00588 09998  0.84(0.71100.99) 00432 10000  0.537

UCG-010 M == 1.72 (035 t0 8.50) 05421 1.0000  1.69(0.97 t0 2.93) 00640 09522  1.54(1.01t0237) 00486 08259  0.384

Victivallis T 1.91(0.5510659) 03352 1.0000  1.19(0.96 to 1.47) 01126 1.0000  1.19(1.00 to 1.40) 00456 09049  0.863

HannumAge  Haemophilus LOfESST 183(10410329) 00756  1.0000  1.59(1.15t02.20) 00052 06187  143(1.12t01.83) 00004 00462  0.822
UCG-004 T 0.60 (0.12 to 3.04) 05565  1.0000  0.76 (0.52to 1.10) 01456  1.0000  0.76(0.57 to 0.99) 00456  1.0000  0.503

Sellimonas s 131(049t0351) 06098  1.0000  1.18(0.93to 1.49) 01749 10000  1.19(1.00to 1.41) 00478  1.0000  0.741
Senegalimassilia TRt 2.28(0.74107.05) 02463 1.0000  1.36(0.90 to 2.06) 01435 10000  1.47(1.06 to 2.05) 00211 10000  0.899

IEEA Coprococcust L= 163(0.7110376) 02771 09992  1.60(1.03t0 2.46) 00346 10000  1.42(1.03t0 1.95) 00320 07625 0.524
Howardella T 164(0.71103.79) 02814 09848  1.33(1.03101.73) 00313 10000  1.23(1.03t0 1.48) 00240 09526 0478

Peptococcus == 1.23 (05510 2.76) 06249 09785  1.35(1.03t01.78) 00315 10000  1.24(1.02t0 1.52) 00320 0635  0.519

Subdoligranulum et 3.08(1.190 0.86) 00452  1.0000  1.48(0.90102.43) 01246 10000  1.56(1.06t02.29) 00253 07518  0.303

Veillonella HEEe== "> 281(0091088.38) 05832 0.9774  1.41(0.86t02.33) 01737 10000  161(1.09t02.39) 00172 10000  0.281

PhenoAge s group "7 0.56 (0.15 t0 2.09) 04172 09547  0.49(0.26t00.95) 00346 08229  0.58(0.36t00.93) 00249 07419 0533
Dorea Rt 227 (06210829) 02490  1.0000  1.58(0.84 to 3.00) 01570  1.0000  1.69(1.06 to 2.69) 00279 06647  0.600

L UcG-001 = 2.32(0.55109.72) 02736 1.0000  1.46(0.98t02.18) 00641 10000  1.41(1.02t0 1.93) 00370 06286  0.936

L UCG-008 ! 362(0831015.84) 01223 10000  1.54 (1.04 to 2.30) 00326 09684  1.51(1.14102.00) 00004 00512  0.668

Lactobacillus =S 027 (0.11t0 0.69) 00259  1.0000  0.69 (0.47 to 1.03) 00715 10000  0.71(0.51 t0 0.98) 00379 05643  0.363

Tyzzerellad TRES T 1.71(04910595) 04171 09732 1.36(0.99101.88) 00571 10000  1.39(1.10t0 1.75) 00005 00299  0.648

o 1 2 3 4
Group  -MR_Egger-#Weighted median - Inverse variance weighted
FIGURE 3

Forest map of gut microbiota and epigenetic clock positive results.

The results of gut microbiota
and PhenoAge

PhenoAge had a significant causality with Lachnospiraceae-
UCG-008 (P = 0.0004, OR = 1.51, 95%CI = 1.14-2.00, q = 0.051),
Tyzzerella3 (P = 0.0005, OR = 1.39, 95%CI = 1.10-1.75, q = 0.03).

PhenoAge had a suggestive causality with
Ruminococcustorques_group (P = 0.025, OR = 0.58, 95%CI =
0.36-0.93, q = 0.742), Dorea (P = 0.028, OR = 1.69, 95%CI =
1.06-2.69, q = 0.665), Lachnospiraceae-UCG-001 (P = 0.037, OR =
1.41, 95%CI = 1.02-1.93, q = 0.629), Lactobacillus (P = 0.038, OR =
0.71, 95%CI = 0.51- 0.98, q = 0.564).

Sensitivity analysis

IVW, MR-Egger, and weighted median methods show the same
causal estimates of direction. There are no outliers in the MR-
PRESSO method, and the MR Egger intercept test (P < 0.05)
indicates that horizontal pleiotropy does not exist in MR research.
Cochran’s Q test (P < 0.05) found no heterogeneity among
instrumental variables. Steiger test (P < 0.05) indicated that the
direction of MR Analysis was correct and there was no
reverse causality.

Mediation MR Analysis

We used formulas to calculate the direct and mediated effects of
inflammatory factors between the gut microbiota and the epigenetic
clock (Mediating effect =Beta(XZ) x Beta(ZY); Direct effect = Beta
(XY) - Beta (XZ) x Beta (ZY). Among the 91 inflammatory factors,
our study found that 4 inflammatory factors met the screening
criteria, so mediation analysis was included and the mediation effect
and mediation ratio of inflammatory factors were calculated. Beta-
nerve growth factor plays a mediating role in Howardella and IEAA
(mediator effect: -4.08%, direct effect: 25.1%). Oncostatin-M plays a
mediating role in Ruminococcaceae-UCG-010 and GrimAge

Frontiers in Immunology

(mediator effect: -7.71%, direct effect: 59.92%). Interleukin-12
subunit B plays a mediating role in Prevotella7 and GrimAge
(mediator effect: -0.43%, direct effect: -16.96%). C-C motif
chemokine 25 plays a mediating role in Lachnospiraceae-UCG-
008 and PhenoAge (mediator effect: -0.35%, direct effect: 41.5%).

Discussion

In recent years, population aging has posed a global challenge,
resulting in increased burdens on national healthcare systems, so we
need to explore how to slow down aging and extend life (40). By MR
Analysis of four kinds of epigenetic clocks with aging
characteristics, genetic correlation with gut microbiota was found.
In addition, further mediated MR Analysis identified the
inflammatory cytokine pathways that contribute to aging in the
gut microbiota. Gut microbiota is associated with aging, providing
potential targets for new interventions to promote healthy aging

Exp

1
I0.8
0.6

0.4
0.2
=0

FIGURE 4

Heat map of the results of Mendelian randomized analysis of gut
microbiota and epigenetic clock. *Purple represents positive results,
and white and red represent negative results. The comparison table
of gut microbiota is in the Supplementary Material.
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(41). The results of LDSC regression analysis showed that there
were suggestive genetic correlations between some epigenetic clock
and gut microbiota.

Potential causal link between epigenetic
clock and gut microbiota

Studies have shown that the periodicity and activity of
epigenetic clock genes are significantly associated with changes in
age (42). Biological aging may be related to the richness and
diversity of gut microbiota (12, 13, 43). The results of previous
studies are consistent with our MR Analysis in which we found that
multiple gut bacteria genera have genetic associations with
epigenetic clocks. Higher biological age and lower physical fitness
were significantly associated with increased Dorea abundance (44).
Observational study results have shown a significant increase in
Salmonella and Haemophilus in older individuals (45, 46).
Coprococcus 1 and Ruminococcus were found to have the
strongest association with age-related phenotypes (47). The
relative abundance of Peptococcus increased with age (48).
Subdoligranulum is positively associated with lipopolysaccharide
(LPS) biosynthesis and short-chain fatty acid (SCFA) degradation
pathways that accelerate epigenetic clock aging (49). An MR
Analysis revealed a genetic link between Veillonella and longevity
(50). At the same time, studies have found that Lactobacillus can
reduce age-related diseases and regulate the imbalance of gut
microbiota (51). The results of MR are different from those of
previous studies, which show that the use of Lactococcus, and
Lachnospiraceae can delay aging (52, 53). Due to the few
literatures and the influence of confounding factors, this result
still needs to be discussed. Interestingly, we also found gut
microbiota associated with aging that had not been previously
reported, including Eisenbergiella, Prevotella7, Victivallis,
Howardella, Senegalimassilia, and Tyzzerella. The discovery of
these gut microbiota can provide thinking for future scientific
research work.

The reduced diversity and abundance of the gut microbiota may
be the main reason for the effect of the gut microbiota on the
epigenetic clock. It has been found in the literature that the diversity
of gut microbiota and the abundance of butyricogenes decreased in
the elderly (54-56). The lower bacterial diversity in the elderly
showed that Bacteroidetes and Firmicutes still dominated, but the
relative proportion of Firmicutes subgroups changed (57). Reducing
the pH value of the gut through propionate and butyrate can
effectively prevent the overgrowth of pathogens such as
Escherichia coli, stimulate the growth of beneficial bacteria, and
play a regulatory role in the intestinal microbiome (58). However, in
the intestinal microbial environment of the elderly, the number of
several butyrate-producing gut microbiota is relatively small (such
as Ruminococcus, etc.). This may lead to the reproduction of
intestinal pathogens and the inhibition of beneficial bacteria in
the intestine, becoming an important reason for the acceleration of
the epigenetic clock.

Frontiers in Immunology

10.3389/fimmu.2024.1339722

Inflammatory cytokines act as mediators of
gut microbiota and epigenetic clock

The study found that specific epigenetic features in the DNA of
gut microbes in human feces, particularly those associated with
inflammation, are strongly associated with disease (59). In our
study, we found some possible inflammatory cytokine pathways in
the gut microbiota associated with the epigenetic clock. The
gastrointestinal tract (GI) and central nervous system (CNS) are
constantly confronted with complex human environments. As a
result, a complex network of cells, including immune cells and
neuronal cells, are able to coordinate local and systemic
inflammatory responses (60). Nerve Growth Factor (NGF)
modulates the survival, proliferation, and differentiation of
neuronal cells within both the peripheral and central nervous
systems (61). Some studies have shown that gut microbes can
influence levels of NGF in the brain, which in turn affects
neurodevelopment and cognitive function (62, 63). Recent studies
have shown that the gut-brain axis is able to regulate inflammation
and immune responses, thereby influencing the aging process (60,
64). We found that nerve growth factor plays a potential mediating
role between gut microbiota and epigenetic clock, and thus may
advance the study of the role of gut-brain axis theory in aging.
Nerve growth factors regulated by gut microbiota may have
potential benefits against neurodegenerative diseases during aging,
as these factors are able to protect neurons and slow cognitive
decline (65). As a member of the interleukin-6 cytokine family,
Oncostatin M (OSM) plays a significant role in inflammation,
autoimmune and cancer (66). Specific gut microbes may prompt
host cells to restrain Oncostatin-M, which in turn affects
inflammatory pathways and immune regulation, mechanisms that
may be associated with the aging process, influencing the epigenetic
clock by regulating the inflammatory response (67). Interleukin-12
(IL-12) is indispensable in cellular immunity and is considered an
effective drug to enhance the anti-tumor immune response. Gut
microbiota can influence IL-12B expression through its metabolites
or by activating immune cells in the intestinal mucosa. Newly
discovered evidence suggests that IL-12B is a key cytokine that
enables T helper cells (Th1 and Th17) to differentiate and function
(68). Most Th17 and Th1 are present in the gastrointestinal tract
and play an important homeostasis role, while positive responses to
the flora are thought to be related to inflammation and pathogenesis
(69). This effect may indirectly affect the aging process and
epigenetic clock by affecting inflammatory states. We found that
gut microbiota may control the development of cancer through
OSM and IL-12, thus slowing down the effects of aging. C-C motif
chemokine 25 (CCL25) is a chemokine that is mainly expressed in
the small intestine and plays an important role in attracting
immune cells such as T cells to the intestine (70). The
composition and function of gut microbiota can influence the
intestinal immune environment, including CCL25 expression
(71). By regulating the activity of immune cells in the gut, the gut
microbiota may indirectly influence the levels of immune regulation
and inflammation associated with aging, thereby affecting the

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1339722
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Tian et al.

epigenetic clock. CCL25 is also involved in the expression of liver
inflammatory genes (72). Our findings may be able to control liver
inflammation by regulating gut microbiota, thereby delaying aging.

The gut microbiota plays a crucial role in the inflammatory process
in the human body (12). In older mice, Lactobacillus has been shown to
enhance the tight junction of the intestinal barrier, reduce the
expression of pro-inflammatory cytokines, and inhibit the activation
of NF-kB (73). SCFAs are seen as a central point of connection between
the host and the gut microbiota (74). SCFAs can reduce the production
of inflammatory factors to achieve immune regulation (75). SCFAs can
regulate intestinal transport time, play a role in insulin response, and
are closely associated with metabolic diseases (76). SCFAs are an
important regulator of microglia integrity in the central system,
which is particularly important in older adults and may lead to
cognitive decline (77). In addition, there is research evidence that
compounds from the gut microbiota can activate macrophages through
the blood, putting them into a pro-inflammatory state that leads to
atherosclerosis. This may lead to the development of cardiovascular
disease (78). The diseases listed above are closely related to human
aging, which speeds up the epigenetic clock.

Our study has several advantages: The use of MR Analysis
excludes other factors and assesses the genetic association between
the epigenetic clock and gut microbiota from a genetic perspective.
At the same time, we used LDSC to evaluate the causal link, making
the results more reliable. We also used the Steiger test to prove the
correctness of the directionality of our study. In addition, in the MR
Analysis, we use the F-number to guarantee the strength of the IVs.
The MR-PRESSO and MR-Egger regression intercepts can test the
horizontal pleiotropy of the study to avoid result bias. European
populations were used for exposure and results, avoiding
population stratification of results. We used a two-step mediation
to determine the role of relevant inflammatory cytokines between
gut microbiota and the epigenetic clock.

However, there are limitations to the study. Genus is the lowest
classification level in the gut microbiota data, so we were unable to
further explore the relationship between exposure and outcome at
the species level. Due to the need for the number of SNPs in the
sensitivity analysis and horizontal pleiotropy test of this study, our
investigation did not achieve the conventional GWAS significance
threshold, which is typically set at P < 5 x 10A-8. So we use FDR
correction to limit the possibility of positive errors. We only
investigated the effect of inflammatory factors as mediators on the
epigenetic clock, in fact, the mediators that affect the epigenetic
clock may be diverse, such as BMI. Due to the interference of
demographic stratification, we analyzed GWAS data from
European populations, so the findings may not be applicable to
other ethnic groups or populations (79).

Conclusion

In summary, this two-sample MR Study found a causal
relationship between the gut microbiota and the epigenetic clock.
Further experimental studies are needed to elucidate the mechanisms
by which gut microbiota contribute to the epigenetic clock.

Frontiers in Immunology

11

10.3389/fimmu.2024.1339722

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

Author contributions

ST: Writing - original draft, Writing - review & editing,
Methodology, Formal analysis, Visualization, Resources,
Conceptualization. XL: Methodology, Writing — review & editing,
Visualization. SC: Methodology, Writing - review & editing. YW:
Data curation, Writing - review & editing, Visualization. MC: Data
curation, Writing — review & editing, Investigation.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. Funding was
provided by the National Natural Science Foundation of China
(number: 82274529) and the National Key Research and
Development Program of China (number: 2019YFC1709004).

Acknowledgments

Thanks for the fund support provided by the National Natural
Science Foundation of China and the National Key Research and
Development Program.

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.

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/fimmu.2024.
1339722/full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1339722/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1339722/full#supplementary-material
https://doi.org/10.3389/fimmu.2024.1339722
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Tian et al.

References

1. Duan R, FuQ, Sun Y, Li Q. Epigenetic clock: A promising biomarker and practical
tool in aging. Ageing Res Rev. (2022) 81:101743. doi: 10.1016/j.arr.2022.101743

2. Horvath S, Raj K. DNA methylation-based biomarkers and the epigenetic clock
theory of ageing. Nat Rev Genet. (2018) 19:371-84. doi: 10.1038/s41576-018-0004-3

3. Fransquet PD, Wrigglesworth J, Woods RL, Ernst ME, Ryan J. The epigenetic
clock as a predictor of disease and mortality risk: a systematic review and meta-analysis.
Clin Epigenet. (2019) 11:62. doi: 10.1186/s13148-019-0656-7

4. LiuZ, 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

5. 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

6. Horvath S. DNA methylation age of human tissues and cell types. Genome Biol.
(2013) 14:R115. doi: 10.1186/gb-2013-14-10-r115

7. Lu AT, Xue L, Salfati EL, Chen BH, Ferrucci L, Levy D, et al. GWAS of epigenetic
aging rates in blood reveals a critical role for TERT. Nat Commun. (2018) 9:387.
doi: 10.1038/s41467-017-02697-5

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

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

10. Hillary RF, 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 Epigenet. (2020) 12:115. doi: 10.1186/
513148-020-00905-6

11. Li X, Ploner A, Wang Y, Magnusson PK, Reynolds C, Finkel D, et al.
Longitudinal trajectories, correlations and mortality associations of nine biological
ages across 20-years follow-up. Elife. (2020) 9:¢51507. doi: 10.7554/eLife.51507

12. Mangiola F, Nicoletti A, Gasbarrini A, Ponziani FR. Gut microbiota and aging.
Eur Rev Med Pharmacol Sci. (2018) 22:7404-13. doi: 10.26355/eurrev_201811_16280

13. Ling Z, Liu X, Cheng Y, Yan X, Wu S. Gut microbiota and aging. Crit Rev Food
Sci Nutr. (2022) 62:3509-34. doi: 10.1080/10408398.2020.1867054

14. Kim S, Jazwinski SM. The gut microbiota and healthy aging: A mini-review.
Gerontology. (2018) 64:513-20. doi: 10.1159/000490615

15. Emdin CA, Khera AV, Kathiresan S. Mendelian randomization. JAMA. (2017)
318:1925-6. doi: 10.1001/jama.2017.17219

16. Smith GD, Ebrahim S. 'Mendelian randomization: can genetic epidemiology
contribute to understanding environmental determinants of disease? Int J Epidemiol.
(2003) 32:1-22. doi: 10.1093/ije/dyg070

17. Sanderson E. Multivariable mendelian randomization and mediation. Cold
Spring Harb Perspect Med. (2021) 11:a038984. doi: 10.1101/cshperspect.a038984

18. Kurilshikov A, Medina-Gomez C, Bacigalupe R, Radjabzadeh D, Wang J, Demirkan
A, et al. Large-scale association analyses identify host factors influencing human gut
microbiome composition. Nat Genet. (2021) 53:156-65. doi: 10.1038/s41588-020-00763-1

19. Li P, Wang H, Guo L, Gou X, Chen G, Lin D, et al. Association between gut
microbiota and preeclampsia-eclampsia: a two-sample Mendelian randomization
study. BMC Med. (2022) 20:443. doi: 10.1186/s12916-022-02657-x

20. Bahls M, Leitzmann MF, Karch A, Teumer A, Dérr M, Felix SB, et al. Physical
activity, sedentary behavior and risk of coronary artery disease, myocardial infarction
and ischemic stroke: a two-sample Mendelian randomization study. Clin Res Cardiol.
(2021) 110:1564-73. doi: 10.1007/s00392-021-01846-7

21. 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/s13059-021-02398-9

22. Willer CJ, Li Y, Abecasis GR. METAL: fast and efficient meta-analysis of
genomewide association scans. Bioinformatics. (2010) 26:2190-1. doi: 10.1093/
bioinformatics/btq340

23. Winkler TW, Day FR, Croteau-Chonka DC, Wood AR, Locke AE, Migi R, et al.
Quality control and conduct of genome-wide association meta-analyses. Nat Protoc.
(2014) 9:1192-212. doi: 10.1038/nprot.2014.071

24. Zhao JH, Stacey D, Eriksson N, Macdonald-Dunlop E, Hedman AK,
Kalnapenkis A, et al. Genetics of circulating inflammatory proteins identifies drivers
of immune-mediated disease risk and therapeutic targets. Nat Immunol. (2023)
24:1540-51. doi: 10.1038/s41590-023-01588-w

25. Pierce BL, Ahsan H, Vanderweele T]. Power and instrument strength
requirements for Mendelian randomization studies using multiple genetic variants.
Int ] Epidemiol. (2011) 40:740-52. doi: 10.1093/ije/dyq151

26. Greco M FD, Minelli C, Sheehan NA, Thompson JR. Detecting pleiotropy in
Mendelian randomisation studies with summary data and a continuous outcome. Stat
Med. (2015) 34:2926-40. doi: 10.1002/sim.6522

Frontiers in Immunology

12

10.3389/fimmu.2024.1339722

27. Bowden J, Davey Smith G, Burgess S. Mendelian randomization with invalid
instruments: effect estimation and bias detection through Egger regression. Int |
Epidemiol. (2015) 44:512-25. doi: 10.1093/ije/dyv080

28. Bowden ], Davey Smith G, Haycock PC, Burgess S. Consistent estimation in
mendelian randomization with some invalid instruments using a weighted median
estimator. Genet Epidemiol. (2016) 40:304-14. doi: 10.1002/gepi.21965

29. Verbanck M, Chen CY, Neale B, Do R. Detection of widespread horizontal
pleiotropy in causal relationships inferred from Mendelian randomization between
complex traits and diseases. Nat Genet. (2018) 50:693-8. doi: 10.1038/s41588-018-
0099-7

30. Bowden J, Del Greco MF, Minelli C, Davey Smith G, Sheehan NA, Thompson
JR. Assessing the suitability of summary data for two-sample Mendelian randomization
analyses using MR-Egger regression: the role of the 12 statistic. Int ] Epidemiol. (2016)
45:1961-74. doi: 10.1093/ije/dyw220

31. Hemani G, Tilling K, Davey Smith G. Orienting the causal relationship between
imprecisely measured traits using GWAS summary data. PloS Genet. (2017) 13:
€1007081. doi: 10.1371/journal.pgen.1007081

32. Bulik-Sullivan BK, Loh PR, Finucane HK, Ripke S, Yang JSchizophrenia
Working Group of the Psychiatric Genomics Consortium, et al. LD Score regression
distinguishes confounding from polygenicity in genome-wide association studies. Nat
Genet. (2015) 47:291-5. doi: 10.1038/ng.3211

33. Tobin MD, Minelli C, Burton PR, Thompson JR. Commentary: development of
Mendelian randomization: from hypothesis test to 'Mendelian deconfounding'. Int ]
Epidemiol. (2004) 33:26-9. doi: 10.1093/ije/dyh016

34. Gazal S, Finucane HK, Furlotte NA, Loh PR, Palamara PF, Liu X, et al. Linkage
disequilibrium-dependent architecture of human complex traits shows action of
negative selection. Nat Genet. (2017) 49:1421-7. doi: 10.1038/ng.3954

35. Finucane HK, Bulik-Sullivan B, Gusev A, Trynka G, Reshef Y, Loh PR, et al.
Partitioning heritability by functional annotation using genome-wide association
summary statistics. Nat Genet. (2015) 47:1228-35. doi: 10.1038/ng.3404

36. ZhangJ, Chen Z, Pdrna K, van Zon SKR, Snieder H, Thio CHL. Mediators of the
association between educational attainment and type 2 diabetes mellitus: a two-step
multivariable Mendelian randomisation study. Diabetologia. (2022) 65:1364-74.
doi: 10.1007/s00125-022-05705-6

37. Yavorska OO, Burgess S. MendelianRandomization: an R package for
performing Mendelian randomization analyses using summarized data. Int J
Epidemiol. (2017) 46:1734-9. doi: 10.1093/ije/dyx034

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

39. Verbanck M, Chen CY, Neale B, Do R. Detection of widespread horizontal pleiotropy
in causal relationships inferred from Mendelian randomization between complex traits and
diseases. Nat Genet. (2018) 50:693-8. doi: 10.1038/s41588-018-0099-7

40. Partridge L, Deelen J, Slagboom PE. Facing up to the global challenges of ageing.
Nature. (2018) 561:45-56. doi: 10.1038/s41586-018-0457-8

41. Maynard C, Weinkove D. The gut microbiota and ageing. Subcell Biochem.
(2018) 90:351-71. doi: 10.1007/978-981-13-2835-0_12

42. Martinez-Garcia JJ, Rainteau D, Humbert L, Lamaziere A, Lesnik P, Chamaillard
M. Diurnal interplay between epithelium physiology and gut microbiota as a
metronome for orchestrating immune and metabolic homeostasis. Metabolites.
(2022) 12:390. doi: 10.3390/metabo12050390

43. O'Toole PW, Jeffery IB. Gut microbiota and aging. Science. (2015) 350:1214-5.
doi: 10.1126/science.aac8469

44. Tzemah-Shahar R, Turjeman S, Sharon E, Gamliel G, Hochner H, Koren O, et al.
Signs of aging in midlife: physical function and sex differences in microbiota.
Geroscience. (2024) 46(2):1477-88. doi: 10.1007/s11357-023-00905-3

45. Zeng X, Jin H, Wang C, Li M, Wang R, Li W, et al. Establishment of a standard
tongue coating collection method for microbiome studies. Biopreserv Biobank. (2023)
21(6):599-609. doi: 10.1089/bi0.2022.0113

46. Chandrasekaran P, Han Y, Zerbe CS, Heller T, DeRavin SS, Kreuzberg SA, et al.
Intestinal microbiome and metabolome signatures in patients with chronic
granulomatous disease. J Allergy Clin Immunol. (2023) 152(6):1619-33.el1.
doi: 10.1016/j.jaci.2023.07.022

47. Shardell M, Parimi N, Langsetmo L, Tanaka T, Jiang L, Orwoll E, et al.
Comparing analytical methods for the gut microbiome and aging: gut microbial
communities and body weight in the osteoporotic fractures in men (MrOS) study. J
Gerontol A Biol Sci Med Sci. (2020) 75:1267-75. doi: 10.1093/gerona/glaa034

48. Liu F, Ling Z, Xiao Y, Yang Q, Zheng L, Jiang P, et al. Characterization of the
urinary microbiota of elderly women and the effects of type 2 diabetes and urinary tract
infections on the microbiota. Oncotarget. (2017) 8:100678-90. doi: 10.18632/
oncotarget.21126

49. Yan H, Qin Q, Yan S, Chen ], Yang Y, Li T, et al. Comparison of the gut
microbiota in different age groups in China. Front Cell Infect Microbiol. (2022)
12:877914. doi: 10.3389/fcimb.2022.877914

frontiersin.org


https://doi.org/10.1016/j.arr.2022.101743
https://doi.org/10.1038/s41576&ndash;018-0004&ndash;3
https://doi.org/10.1186/s13148&ndash;019-0656&ndash;7
https://doi.org/10.1111/acel.13229
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1186/gb-2013&ndash;14-10-r115
https://doi.org/10.1038/s41467&ndash;017-02697&ndash;5
https://doi.org/10.18632/aging.101414
https://doi.org/10.18632/aging.101684
https://doi.org/10.1186/s13148&ndash;020-00905&ndash;6
https://doi.org/10.1186/s13148&ndash;020-00905&ndash;6
https://doi.org/10.7554/eLife.51507
https://doi.org/10.26355/eurrev_201811_16280
https://doi.org/10.1080/10408398.2020.1867054
https://doi.org/10.1159/000490615
https://doi.org/10.1001/jama.2017.17219
https://doi.org/10.1093/ije/dyg070
https://doi.org/10.1101/cshperspect.a038984
https://doi.org/10.1038/s41588&ndash;020-00763&ndash;1
https://doi.org/10.1186/s12916-022-02657-x
https://doi.org/10.1007/s00392&ndash;021-01846&ndash;7
https://doi.org/10.1186/s13059&ndash;021-02398&ndash;9
https://doi.org/10.1093/bioinformatics/btq340
https://doi.org/10.1093/bioinformatics/btq340
https://doi.org/10.1038/nprot.2014.071
https://doi.org/10.1038/s41590-023-01588-w
https://doi.org/10.1093/ije/dyq151
https://doi.org/10.1002/sim.6522
https://doi.org/10.1093/ije/dyv080
https://doi.org/10.1002/gepi.21965
https://doi.org/10.1038/s41588&ndash;018-0099&ndash;7
https://doi.org/10.1038/s41588&ndash;018-0099&ndash;7
https://doi.org/10.1093/ije/dyw220
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1038/ng.3211
https://doi.org/10.1093/ije/dyh016
https://doi.org/10.1038/ng.3954
https://doi.org/10.1038/ng.3404
https://doi.org/10.1007/s00125&ndash;022-05705&ndash;6
https://doi.org/10.1093/ije/dyx034
https://doi.org/10.7554/eLife.34408
https://doi.org/10.1038/s41588&ndash;018-0099&ndash;7
https://doi.org/10.1038/s41586&ndash;018-0457&ndash;8
https://doi.org/10.1007/978&ndash;981-13&ndash;2835-0_12
https://doi.org/10.3390/metabo12050390
https://doi.org/10.1126/science.aac8469
https://doi.org/10.1007/s11357&ndash;023-00905&ndash;3
https://doi.org/10.1089/bio.2022.0113
https://doi.org/10.1016/j.jaci.2023.07.022
https://doi.org/10.1093/gerona/glaa034
https://doi.org/10.18632/oncotarget.21126
https://doi.org/10.18632/oncotarget.21126
https://doi.org/10.3389/fcimb.2022.877914
https://doi.org/10.3389/fimmu.2024.1339722
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Tian et al.

50. He D, Liu L, Zhang Z, Yang X, Jia Y, Wen Y, et al. Association between gut
microbiota and longevity: a genetic correlation and mendelian randomization study.
BMC Microbiol. (2022) 22:302. doi: 10.1186/s12866-022-02703-x

51. Lee CC, Liao YC, Lee MC, Lin KJ, Hsu HY, Chiou SY, et al. Lactobacillus
plantarum TWKI0 attenuates aging-associated muscle weakness, bone loss, and
cognitive impairment by modulating the gut microbiome in mice. Front Nutr. (2021)
8:708096. doi: 10.3389/fnut.2021.708096

52. Tsuji R, Komano Y, Ohshio K, Ishii N, Kanauchi O. Long-term administration of
pDC stimulative lactic acid bacteria, Lactococcus lactis strain Plasma, prevents
immune-senescence and decelerates individual senescence. Exp Gerontol. (2018)
111:10-6. doi: 10.1016/j.exger.2018.06.028

53. Badal VD, Vaccariello ED, Murray ER, Yu KE, Knight R, Jeste DV, et al. The gut
microbiome, aging, and longevity: A systematic review. Nutrients. (2020) 12:3759.
doi: 10.3390/nul12123759

54. Bibbo S, Ianiro G, Giorgio V, Scaldaferri F, Masucci L, Gasbarrini A, et al. The
role of diet on gut microbiota composition. Eur Rev Med Pharmacol Sci. (2016)
20:4742-9.

55. Shoaie S, Ghaffari P, Kovatcheva-Datchary P, Mardinoglu A, Sen P, Pujos-
Guillot E, et al. Quantifying diet-induced metabolic changes of the human gut
microbiome. Cell Metab. (2015) 22:320-31. doi: 10.1016/j.cmet.2015.07.001

56. Gill SR, Pop M, Deboy RT, Eckburg PB, Turnbaugh PJ, Samuel BS, et al.
Metagenomic analysis of the human distal gut microbiome. Science. (2006) 312:1355-9.
doi: 10.1126/science.1124234

57. Biagi E, Nylund L, Candela M, Ostan R, Bucci L, Pini E, et al. Through ageing,
and beyond: gut microbiota and inflammatory status in seniors and centenarians. PloS
One. (2010) 5:¢10667. doi: 10.1371/journal.pone.0010667

58. Duncan SH, Louis P, Thomson JM, Flint HJ. The role of pH in determining the
species composition of the human colonic microbiota. Environ Microbiol. (2009)
11:2112-22. doi: 10.1111/§.1462-2920.2009.01931.x

59. Cuomo M, Coretti L, Costabile D, Della Monica R, De Riso G, Buonaiuto M,
et al. Host fecal DNA specific methylation signatures mark gut dysbiosis and
inflammation in children affected by autism spectrum disorder. Sci Rep. (2023)
13:18197. doi: 10.1038/s41598-023-45132-0

60. Agirman G, Yu KB, Hsiao EY. Signaling inflammation across the gut-brain axis.
Science. (2021) 374:1087-92. doi: 10.1126/science.abi6087

61. Rocco ML, Soligo M, Manni L, Aloe L. Nerve growth factor: early studies and
recent clinical trials. Curr Neuropharmacol. (2018) 16:1455-65. doi: 10.2174/
1570159X16666180412092859

62. Cryan JF, Dinan TG. Mind-altering microorganisms: the impact of the gut
microbiota on brain and behaviour. Nat Rev Neurosci. (2012) 13:701-12. doi: 10.1038/
nrn3346

63. Mayer EA, Knight R, Mazmanian SK, Cryan JF, Tillisch K. Gut microbes and the
brain: paradigm shift in neuroscience. J Neurosci. (2014) 34:15490-6. doi: 10.1523/
JNEUROSCI.3299-14.2014

64. Vaiserman AM, Koliada AK, Marotta F. Gut microbiota: A player in aging and a
target for anti-aging intervention. Ageing Res Rev. (2017) 35:36-45. doi: 10.1016/
j.arr.2017.01.001

Frontiers in Immunology

13

10.3389/fimmu.2024.1339722

65. Lu B, Pang PT, Woo NH. The yin and yang of neurotrophin action. Nat Rev
Neurosci. (2005) 6:603-14. doi: 10.1038/nrn1726

66. Masjedi A, Hajizadeh F, Beigi Dargani F, Beyzai B, Aksoun M, Hojjat-Farsangi
M, et al. Oncostatin M: A mysterious cytokine in cancers. Int Immunopharmacol.
(2021) 90:107158. doi: 10.1016/j.intimp.2020.107158

67. Tan B, Luo W, Shen Z, Xiao M, Wu S, Meng X, et al. Roseburia intestinalis
inhibits oncostatin M and maintains tight junction integrity in a murine model of acute
experimental colitis. Scand ] Gastroenterol. (2019) 54:432-40. doi: 10.1080/
00365521.2019.159570

68. Indhumathi S, Rajappa M, Chandrashekar L, Ananthanarayanan PH, Thappa
DM, Negi VS. Investigation of association of the IL-12B and IL-23R genetic variations
with psoriatic risk in a South Indian Tamil cohort. Hum Immunol. (2016) 77:54-62.
doi: 10.1016/j.humimm.2015.10.006

69. Belkaid Y, Hand TW. Role of the microbiota in immunity and inflammation.
Cell. (2014) 157:121-41. doi: 10.1016/j.cell.2014.03.011

70. Jarade A, Garcia Z, Marie S, Demera A, Prinz I, Bousso P, et al. Inflammation
triggers ILC3 patrolling of the intestinal barrier. Nat Immunol. (2022) 23:1317-23.
doi: 10.1038/s41590-022-01284-1

71. Pu Q, Lin P, Gao P, Wang Z, Guo K, Qin S, et al. Gut microbiota regulate gut-
lung axis inflammatory responses by mediating ILC2 compartmental migration. J
Immunol. (2021) 207:257-67. doi: 10.4049/jimmunol.2001304

72. Knudsen C, Neyrinck AM, Leyrolle Q, Baldin P, Leclercq S, Rodriguez J, et al.
Hepatoprotective effects of indole, a gut microbial metabolite, in leptin-deficient obese
mice. ] Nutr. (2021) 151:1507-16. doi: 10.1093/jn/nxab032

73. Jeong JJ, Kim KA, Hwang YJ, Han MJ, Kim DH. Anti-inflammaging effects of
Lactobacillus brevis OW38 in aged mice. Benef Microbes. (2016) 7:707-18.
doi: 10.3920/BM2016.0016

74. Ghosh S, Dai C, Brown K, Rajendiran E, Makarenko S, Baker J, et al. Colonic
microbiota alters host susceptibility to infectious colitis by modulating inflammation,
redox status, and ion transporter gene expression. Am ] Physiol Gastrointest Liver
Physiol. (2011) 301:G39-49. doi: 10.1152/ajpgi.00509.2010

75. Vinolo MA, Rodrigues HG, Hatanaka E, Sato FT, Sampaio SC, Curi R.
Suppressive effect of short-chain fatty acids on production of proinflammatory
mediators by neutrophils. ] Nutr Biochem. (2011) 22:849-55. doi: 10.1016/
jjnutbio.2010.07.009

76. Gao Z, Yin J, Zhang J, Ward RE, Martin RJ, Lefevre M, et al. Butyrate improves
insulin sensitivity and increases energy expenditure in mice. Diabetes. (2009) 58:1509—-
17. doi: 10.2337/db08-1637

77. Erny D, Hrabeé de Angelis AL, Jaitin D, Wieghofer P, Staszewski O, David E, et al.
Host microbiota constantly control maturation and function of microglia in the CNS.
Nat Neurosci. (2015) 18:965-77. doi: 10.1038/nn.4030

78. Chen X, Zheng L, Zheng YQ, Yang QG, Lin Y, Ni FH, et al. The cardiovascular
macrophage: a missing link between gut microbiota and cardiovascular diseases? Eur
Rev Med Pharmacol Sci. (2018) 22:1860-72. doi: 10.26355/eurrev_201803_14607

79. Tan ]S, Yan XX, Wu Y, Gao X, Xu XQ, Jiang X, et al. Rare variants in MTHFR
predispose to occurrence and recurrence of pulmonary embolism. Int J Cardiol. (2021)
331:236-42. doi: 10.1016/j.ijcard.2021.01.073

frontiersin.org


https://doi.org/10.1186/s12866-022-02703-x
https://doi.org/10.3389/fnut.2021.708096
https://doi.org/10.1016/j.exger.2018.06.028
https://doi.org/10.3390/nu12123759
https://doi.org/10.1016/j.cmet.2015.07.001
https://doi.org/10.1126/science.1124234
https://doi.org/10.1371/journal.pone.0010667
https://doi.org/10.1111/j.1462-2920.2009.01931.x
https://doi.org/10.1038/s41598&ndash;023-45132&ndash;0
https://doi.org/10.1126/science.abi6087
https://doi.org/10.2174/1570159X16666180412092859
https://doi.org/10.2174/1570159X16666180412092859
https://doi.org/10.1038/nrn3346
https://doi.org/10.1038/nrn3346
https://doi.org/10.1523/JNEUROSCI.3299&ndash;14.2014
https://doi.org/10.1523/JNEUROSCI.3299&ndash;14.2014
https://doi.org/10.1016/j.arr.2017.01.001
https://doi.org/10.1016/j.arr.2017.01.001
https://doi.org/10.1038/nrn1726
https://doi.org/10.1016/j.intimp.2020.107158
https://doi.org/10.1080/00365521.2019.159570
https://doi.org/10.1080/00365521.2019.159570
https://doi.org/10.1016/j.humimm.2015.10.006
https://doi.org/10.1016/j.cell.2014.03.011
https://doi.org/10.1038/s41590&ndash;022-01284&ndash;1
https://doi.org/10.4049/jimmunol.2001304
https://doi.org/10.1093/jn/nxab032
https://doi.org/10.3920/BM2016.0016
https://doi.org/10.1152/ajpgi.00509.2010
https://doi.org/10.1016/j.jnutbio.2010.07.009
https://doi.org/10.1016/j.jnutbio.2010.07.009
https://doi.org/10.2337/db08&ndash;1637
https://doi.org/10.1038/nn.4030
https://doi.org/10.26355/eurrev_201803_14607
https://doi.org/10.1016/j.ijcard.2021.01.073
https://doi.org/10.3389/fimmu.2024.1339722
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Genetic association of the gut microbiota with epigenetic clocks mediated by inflammatory cytokines: a Mendelian randomization analysis
	Introduction
	Methods
	Research description
	Exposure data source
	Outcome data source
	Mediator data source
	Statistical analysis

	Results
	The results of gut microbiota and GrimAge
	The results of gut microbiota and HannumAge
	The results of gut microbiota and IEAA
	The results of gut microbiota and PhenoAge
	Sensitivity analysis
	Mediation MR Analysis

	Discussion
	Potential causal link between epigenetic clock and gut microbiota
	Inflammatory cytokines act as mediators of gut microbiota and epigenetic clock

	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


