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Abstract

Emerging links between gut microbiota and diseases of aging point to possible shared immune, metabolic, and cellular damage mechanisms,
operating long before diseases manifest. We conducted 16S rRNA sequencing of fecal samples collected from a subsample (7 = 668) of Add
Health Wave V, a nationally representative longitudinal study of adults aged 32-42. An overlapping subsample (7 = 345) included whole-
blood RNA-seq. We examined associations between fecal taxonomic abundances and dried blood spot-based markers of lipid and glucose
homeostasis and C-reactive protein (measured in Wave IV), as well as gene expression markers of inflammation, cellular damage, immune
cell composition, and transcriptomic age (measured in Wave V), using Bayesian hierarchical models adjusted for potential confounders. We
additionally estimated a co-abundance network between inflammation-related genes and bacterial taxa using penalized Gaussian graphical
models. Strong and consistent microbiota associations emerged for HbAlc, glucose, C-reactive protein, and principal components of genes
upregulated in inflammation, DNA repair, and reactive oxygen species, with Streptococcus infantis, Pseudomonas spp., and Peptoniphilus
as major players for each. This pattern was largely echoed (though attenuated) for immunological cell composition gene sets, and only
Serratia varied meaningfully by transcriptomic age. Network co-abundance indicated relationships between Prevotella sp., Bacteroides sp.,
and Ruminococcus sp. and gut immune/metabolic regulatory activity, and Ruminococcus sp, Dialister, and Butyrivibrio crossotus with balance
between Th1 and Th2 inflammation. In conclusion, many common associations between microbiota and major physiologic aging mechanisms
are evident in early-mid adulthood and suggest avenues for early detection and prevention of accelerated aging.
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Commensal bacteria and other microorganisms in the human gut
represent a co-evolved community, hypothesized to have a central
role in the development and maintenance of many human physio-
logical systems across the life course, including the metabolic,
neuroendocrine, and immune systems (1). Relatedly, accumulating
research has linked between-person variation in microbiota com-
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position to conditions of aging, including cardiometabolic dis-
eases (2), dementia (3), frailty (4), and cancers (5). Interconnected
aging-related and inflammatory mechanisms proposed to underlie
these conditions include accumulation of aged immune cells, meta-
bolic dysregulation, and oxidative stress-mediated macromolecular
damage (6).
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Multiple intestinal bacterial metabolites, including toll-like re-
ceptor agonists, short-chain fatty acids (SCFAs), and secondary bile
acids, have direct effects both on immune/inflammatory processes
and metabolic functions like insulin sensitivity, as well as immune-
mediated metabolic effects (7). Moreover, murine experiments have
illustrated that commensals are necessary for regulating intestinal
inflammation (8-10). Specifically, bacteria in the murine gut aid
in regulating inflammatory responses by decreasing the level of re-
sponsiveness of pattern-recognition receptors (PPRs) to lipopolysac-
charide (LPS) (8),a membrane component of Gram-negative bacteria
which otherwise induces inflammation and insulin resistance (9).
Murine gut commensals also participate in immune regulation by
promoting differentiation of regulatory T-cells (Treg) and produc-
tion of IL-10 (10), a major anti-inflammatory cytokine. Conversely,
age-related chronic inflammation appears causally dependent on gut
bacteria, as the raised circulating IL-6 seen in aged mice (similarly to
humans) is absent in germ-free mice (11), whereas transfer of cecal
contents from aged conventional mice to germ-free mice results in
elevation of specific Th subsets consistent with inflammaging (12).
Importantly, there is also evidence of bidirectionality in relationships
between immune and metabolic health and the murine gut micro-
biota—for example, both genetically determined obesity (13) and
immunodeficiency (14) can alter gut commensal composition.

In humans, there is preliminary evidence to support the role of
gut bacteria in immune and metabolic function. A small randomized
study showed that antibiotic exposure can alter response to influ-
enza vaccine—causing decreased antibody production and raised
systemic inflammation—a response echoing immunosenescence
(15). Another randomized study found that a probiotic blend of
Lactobacillus, Streptococcus, and Bifidobacterium spp. can decrease
inflammatory markers in overweight adults (16). Moreover, an ac-
cumulating body of human research has linked gut microbiota com-
position to metabolic disorders, including type 2 diabetes, obesity,
and associated systemic inflammation (17).

Thus far, most human research on how the microbiota affect
physiologic aging and age-related disease has been conducted in
older adults (18,19). However, biological aging likely begins early in
the life course, with immune and metabolic signals of aging emerging
as carly as the 30s (20). Detailing relationships between gut micro-
biota and markers of immune and metabolic aging processes in
younger populations is, therefore, an important step towards under-
standing how age-related changes in disease status and microbiota
interact over the life course, ultimately influencing health status in
older age. This study examines early adult associations between the
gut microbiome and hallmarks of aging and immunity, including
biomarkers of inflammation, immunosenescence, oxidative stress,
and cardiometabolic health.

Methods

Study Design, Participants, Informed Consent

This analysis draws on data from the National Longitudinal Study
of Adolescent to Adult Health (Add Health), a nationally represen-
tative longitudinal cohort of more than 20,000 individuals who
were in grades 7-12 in 1994-1995, from 80 communities and 134
middle and high schools throughout the United States, with over-
sampling of highly educated African Americans and multiple Latinx
and Asian-American ethnic subgroups. Add Health has followed
participants through adolescence into adulthood in five waves; fur-
ther design details of Add Health are published (21). In each wave,

in-person interviews collected extensive information about demo-
graphics, the social environment, and health, with immune/inflam-
matory, cardiometabolic, and gene expression biomarker data added
in Waves IV and V. This study draws on data from Waves IV and V,
when participants were ages 24-32 and 32-42, respectively.

Wave V embedded an ancillary study to collect tongue and
stool microbiome specimens on a subsample of participants. Wave
V data collection was divided into four sampling groups (Samples
1, 2A, 2B, and 3); the eligible pool for the microbiome subsample
was nationally representative and included those who accepted the
microbiome pack from either the biomarker home visit in Sample 1
or the in-person interview in Sample 2B (7 = 2,341). In sum, 7 = 763
(response rate, 32.5%) returned their mail-in self-collection kits, and
n =706 (92.5%) provided sufficient fecal material for sequencing.
Both Add Health Wave V and the microbiome ancillary study were
approved by the Institutional Review Board of the University of
North Carolina-Chapel Hill, and all participants provided written
or digital informed consent.

Fecal Microbiome Sample Collection and

Processing

Stool specimens were collected via mail-in self-collection kit.
Respondents were asked to dab fecal material on the “first wipe”
toilet paper with dual cotton swabs (BBL CultureSwab EZ Sterile
Kits BD, New Jersey) simultaneously before placing them in the tube
containing desiccant and sealing with the supplied stopper. Specimen
tubes were shipped directly to CU Boulder (Krauter lab) with transit
times of <4 days and immediately stored frozen at -80°C. We used
PCR to amplify the V4 region of the 16S rDNA using universal pri-
mers. Amplicons were sequenced using the Illumina MiSeq Personal
Sequencer and amplicon sequence variants were determined using
the Deblur pipeline and clustered into operational taxonomic units
(OTUs) at 97% similarity, with closed-reference taxonomic as-
signment using GreenGenes. Further details of the microbial DNA
processing, storage, sequencing, and data management are given in
the Supplementary eMethods.

Measurement of Biomarkers and Medications

As part of Wave 1V, dried blood spots were assayed for glucose (mg/
dl), low-density lipoprotein (LDL), high-density lipoprotein (HDL),
and high-sensitivity c-reactive protein (CRP), and HbAlc (%). Self-
reported antidiabetic, antihyperlipidemic, and anti-inflammatory
(COX-2 inhibitors, NSAIDS, inhaled corticosteroids, corticotropins/
glucocorticoids, antirheumatic/antipsoriatics, or immunosuppres-
sives) medications taken in the past 4 weeks were recorded at the
same visit. Further details of the dried blood spot collection and as-
says are given in the Supplementary eMethods.

Measurement of Gene Expression

A separate random subsample of 5,000 participants in Wave V was
selected for whole-blood RNA-seq transcriptome analysis (currently,
n = 1,132 samples have been fully processed.) Details about the
venous blood sampling, RNA isolation, and sequencing are given in
the Supplementary eMethods. We created gene expression variables
based on nine Molecular Signature Database gene sets the Hallmark
sets for inflammation, reactive oxygen species (ROS), and DNA re-
pair (22); as well as immunological signatures for naive versus ef-
fector CD8+; CD4+ versus CD8+; Th1 versus naive CD4+; Treg
versus naive CD4+; naive versus KLRG1 high CD8+; and CD57+
versus CD57- NK (23). To construct these variables, we used the
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first principal component of the centered log-ratio transformed ex-
pression values of all genes in each expression set; a similar approach
has been used previously (24). Additionally, we computed a measure
of transcriptomic age, including 1,497 genes developed previously
based on a large meta-analysis (25). This measure is a model-based
prediction of the expected age of a person given their gene expres-
sion, which we computed using the linear regression coefficients pro-
vided in the supplementary data of the article by Peters et al. (25).
The final variable used in analyses was the difference between their
transcriptomic age and chronological age (hereafter, Aage).

Confounders

All models adjust for age, sex, and educational attainment (coded
categorically as high school degree or less, some college or voca-
tional/technical school, bachelor’s degree, or master’s/doctoral/pro-
fessional degree); models for HDL and LDL additionally adjust for
lipid medications in Wave IV; models for glucose and HbAlc add-
itionally adjust for glucose medications in Wave IV; models for log-
CRP additionally adjust for lipid and inflammation medications in
Wave IV; models for all gene expression markers additionally adjust
for medications for asthma, lipids, glucose, and psychiatric condi-
tions in Wave V.

Statistical Analysis

All statistical analyses were conducted in R v. 3.5.1 (26), and code
used to perform all analyses is available in a GitHub repository (27).
This analysis focused on estimating associations between taxonomic
abundances and biomarkers of immune and cardiometabolic aging,
which were HbAlc, glucose, HDL, LDL, log-CRP, and the selected
gene set principal component vectors, described above. Each bio-
marker was treated in a separate model. We implemented a Bayesian
hierarchical log-linear modeling approach, implemented in the R
packages “DESeq2” v 1.22.2 (28) and “ashr” v 2.2-32 (29). The
model for the i individual and j taxon can be written as:

yij ~ NegativeBinomial(mean = wjj, variance = W + a; uﬁ)
p—2
logy (kij) = logy (of fset) + o + BiXj; + ZijZijk
k=1

B ~ ZmNormal(O, )

=1
a; ~ LogNormal(f(e), 0',2)

The response variable y, is the observed count of bacterial taxon j
for person i, regressed on X, the biomarker of interest, and poten-
tial confounders, Z. Because we standardized all biomarkers to a
variance of one, the biomarker regressor coefficient 3 represents the
log, ratio change of a given taxon’s relative abundance that would
be expected for a standard deviation change in biomarker value
(hereafter, log,-fold change or logFC). Because the number of reads
varies between samples, we use an offset in the model to accom-
plish normalization. As offset, instead of DESeq2’s default, we use a
measure called the geometric mean of pairwise ratios (30), a function
of the number of reads that accounts for the compositional and zero-
inflated nature of microbiome sequencing data. Estimation of the
dispersion parameter ajis improved by sharing information across

samples; that is, each estimate is shrunken towards f(«;), a smooth
function of the mean normalized count of taxon j. Details of the esti-
mation procedure are given in references (28) and (29).

This is a Bayesian hierarchical model in the sense that a prior
probability distribution, estimated from the data, is placed on each
biomarker’s coefficient. Specifically, the prior on the vector f is the
best-fitting zero-mean Gaussian mixture estimated from the max-
imum likelihood estimates, "8 (29). Importantly, this prior accom-
plishes two goals: (a) it encodes our belief that few taxa are likely
to have strong associations with biomarkers, and (b) it strongly
regularizes noisy estimates to prevent undue confidence in discov-
eries. Figure 1 shows samples from priors for 3 for each biomarker,
illustrating that these are strongly regularizing priors: the range of
coefficients estimated using maximum likelihood is much wider (ap-
proximately -5 to 5) across taxonomic levels and biomarkers, with
priors contributing on average 7.5 times as much information as
the data.

We estimated these models for all taxa present in the dataset after
collapsing separately at the species, genus, family, and phylum levels,
and after filtering out low-prevalence taxa; in sum, we performed
3,645 statistical tests. We did not perform multiplicity correction.
Instead, we rely on the s-value, the posterior probability that the
sign of a coefficient is incorrect, as a continuous descriptive measure
corresponding to relative confidence in a discovery. This value is es-
timated directly from the posterior distribution and represents the
proportion of the probability mass lying on the same side of zero as
the posterior mean. Because of the strong shrinkage, this value does
not require multiplicity correction and is more conservative than the
Benjamini-Hochberg false discovery rate in our data (not shown).
In some cases, we use cutoff thresholds of the s-value and/or logFC,
which are selected arbitrarily to select a manageable number of
findings for discussion and/or highlighting in figures. As such, these
cutoffs should be understood as heuristic rather than confirmatory.

Bacteria / Blood Gene Expression Network

To estimate a co-occurrence network among bacterial taxa levels
and inflammation-related gene expression levels, we used Gaussian
graphical modeling (GGM), implemented in the R package “huge”
v 1.3.0 (31). GGMs have been used extensively to infer interaction
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Figure 1. Adaptive prior distributions for (3 for each phenotype, for models
estimated at the genus level, illustrating zero-centering and strong
regularization such that very low prior probability is placed on absolute values
greater than 0.01 for a standard deviation change in continuous variables.
Although only genus priors are shown, priors at other taxonomic levels are
nearly identical. Full color version is available within the online issue.



Journals of Gerontology: BIOLOGICAL SCIENCES, 2020, Vol. 75, No. 7 1261

networks in multi-omics data (32) and in microbiome data alone
(33), but to the best of our knowledge, this is the first study to apply
GGMs to combined 16S and RNA-Seq data. GGMs estimate pair-
wise covariances between nodes (genes and taxa), conditional on all
other nodes, using regularization to shrink noisy estimates towards
zero. To be as granular as possible, we considered only raw OTUs, not
higher levels of taxonomic classification. Given the small sample size
for this analysis (7 = 345), we selected a limited set of genes broadly
related to inflammation pathways by searching Gene Ontology for
acute or chronic inflammation, response to antigenic stimuli or
wounding, leukocyte activation & migration, neuroinflammation,
and mediators of cytokine, histamine, serotonin, nitric oxide, and
respiratory burst pathways (34). The search revealed 138 unique
genes, of which 122 were expressed in any of our samples; these 122
were used to estimate the network (see Supplementary Table S1, (27)
for the full list). Some covariate values were missing for between 3%
and 12% of participants, so we first performed single imputation
using fully conditional specification for age, sex, all medication vari-
ables, educational attainment, and all dried blood spot values used
in the main analysis, performed using the R package “mice” v. 3.1.0
(35). To further reduce the risk of chance discoveries, we randomly
split the data into a discovery set of 2 = 177 (used for initial estima-
tion) and a replication set of 7 = 168.

Before splitting, we transformed the data according to the cen-
tered log-ratio (log of the count, divided by the geometric mean
of counts in a sample), performed separately for OTUs and genes.
We then filtered out OTUs and genes present in fewer than 10 in-
dividuals in the full data set. We then applied the nonparanormal
transformation (a nonparametric transformation which relaxes the
multivariate Gaussian assumption in GGMs (36)) to the entire data
matrix. We adjusted for potential confounders by taking residuals
from a linear regression model for each nonparanormal, centered log
ratio-transformed OTU and gene regressed on age, sex, educational
attainment, medications for lipids, glucose, and inflammation in Wave
IV, and medications for lipids, glucose, asthma, and mental health in
Wave V. These residuals were the ultimate input into the model.

Model selection in GGMs requires selection of a penalty param-
eter denoted A, which controls the level of sparsity in the resulting
network. We performed model selection in the discovery set as fol-
lows: to select the GGM penalty A, we first selected the A values
for which the degree distribution fit to a scale-free topology had
R? greater than 0.6 (using the R package “WCGNA” v. 1.68 (37)).
This initial step restricts the set of biologically plausible networks.
Then we fit GGMs to a grid of A values in this range using the
Meinshausen-Buhlmann method and selected the model based on
the STARS criterion, which maximizes the edge stability under 100
bootstrap resamples. After model selection on the discovery set, we
fit a GGM to the replication data using the same value of A. We con-
sidered the final network to be only the replicated edges.

Results

Descriptive Statistics

The complete microbiome subsample of Add Health Wave V includes
fecal samples from 7 = 706 participants, and 7 = 668 after removing
38 samples with less than 1,000 reads. Of these, 7 = 345 also over-
lapped with the peripheral blood gene expression subsample. Because
some participants were missing covariate data, final analytic sample
sizes range from 7 = 565-632 for dried blood spot and n = 342
for gene expression measures. Although Add Health is nationally

representative, the microbiome subsample has a higher proportion
female (65% vs. 50%), non-Hispanic White (69% vs. 53%), and col-
lege graduates (46 vs. 31%) compared to the total sample. Restricting
attention to the microbiome subsample, a substantial number (30%)
had HbAlc > 5.6%, indicating higher than average diabetes risk
(mean = 5.6, SD = 0.8), and a large percentage (44%) had elevated
(>3 mg/L) CRP (geometric mean = 2.1, SD = 4.2). Because Aage (25)
is scaled to the age distribution in the sample, the mean of Aage was
0; 95% of the sample fell in the range (-3.8, +5.7).

Correlations between biomarkers and the general marker of
Shannon diversity (adjusted for confounders) were small (all with
absolute value < 0.05 or with large standard errors), and we did not
observe large shifts in compositionally robust distances for any of the
aging/disease biomarkers (R* < 0.35%, distance-based redundancy
analysis on Aitchison distances, also adjusted for confounders).

Differential Abundance

After removing samples with <1,000 reads, samples had a mean =
SD 11,543 = 13,216 reads, with an average of 173 unique taxa de-
tected per sample. After filtering taxa to keep only those with a count
greater than 3 in 7 = 25 or more samples, we detected a total of 11
phyla, 59 families, 95 genera, and 72 species. We applied this same
filter before calculating all the results that follow.

Figure 2 shows a Manhattan plot of the negative logl0-
transformed s-value (posterior probability of sign error), for reads
collapsed at the species, genus, family, and phylum level, arranged
according to the phylogenetic tree to illustrate the phylogenetic
distribution of estimates. Focusing on the s-value (vs. the log,-fold
change estimate) highlights the associations for which we have the
highest level of confidence in the sign (direction of association)—this
does not suggest these are large associations, only that they are esti-
mated with precision. Overall, we have high confidence in the sign
for many taxa—for example, there are 47 taxon-biomarker asso-
ciations for which we are more than 99% certain of the sign (ie,
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Figure 2. Phylogenetic distribution of posterior sign confidence for log-linear
model coefficients for all phenotypes and at all taxonomic levels. A large
-log10 S-value (y-axis) indicates low posterior probability of incorrectly
declaring an association to be positive or negative. A non-random distribution
across the phylogenetic tree is evident, with most high-confidence estimates
in Firmicutes and Proteobacteria. To maximize figure readability, we labeled
taxa with -log10(S-value) greater than 3 (less than 1 in 1,000 chance of
sign error). The direction of association is indicated by + or — in the label.
Full color version is available within the online issue.
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direction of association), given our modeling assumptions hold. The
majority of confidently estimated associations are for taxa that be-
long to the phylum Firmicutes (followed by Proteobacteria) and the
majority are at the genus level (eg, 55% of those with s-values less
than 5% are genus-level associations, but the same pattern holds
regardless of the threshold). Most of the highly confident associ-
ations are for HbAlc, glucose, LDL, HDL, and CRP (all measured in
Wave IV), although a few are for the ROS and CD57+ versus - NK
gene sets (measured in Wave V). Notably, confidence in the asso-
ciations with most Wave 5 immunological gene expression signa-
tures is much lower (Th1 vs. naive CD4+, Treg vs. naive CD4+, and
CD4+ vs. CD8+ each had all s-values greater than 23%), which may
suggest these are noisy measures in this dataset, or may reflect the
sample size available for gene expression.

Figure 3 shows volcano plots, where strength of association
(log,-fold change [logFC]) is elucidated. For figure readability, atten-
tion is restricted to associations with relatively large magnitude and
precision; defined as those with an estimated logFC with an absolute
value greater than 0.8 and s-value less than 0.01. That is, these are
taxa for which we are 99% sure of the direction (given assumptions),
and where a standard deviation change in the blood biomarker is
estimated to be associated with at least 2°% = 1.75 times greater or
lesser relative abundance of the taxon.

An overall pattern in Figure 3 is that all strong associations
between gut bacteria and DNA repair- and ROS-related gene ex-
pression signatures in Wave V are negative, suggesting many gut
bacteria may be specifically associated with reduced cellular aging.
In contrast, there are many gut bacteria positively and negatively
associated with Wave IV HbA1c, LDL, glucose, and CRP, suggesting
some harmful and some beneficial associations of certain common
gut commensals with metabolic health. Another pattern evident in
Figure 3 is that nearly every clade that demonstrates a strong asso-
ciation with more than one biomarker points to potential contra-
dictory effects. For example, Pseudomonas and Pseudomonadaceae
correlate with healthier CRP and CD57+ profiles, but worse lipid
and glucose measures. A similar pattern is visible for S. infantis and
Peptoniphilus.

Here, we report associations as logFC estimate (posterior
mode) and a 90% highest posterior density interval in brackets.
Several short-chain fatty acid-producing clades in Firmicutes show
substantial associations with several biomarkers. For example,
Streptococcus infantis is a prevalent (35%), low abundance (<1%
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Figure 3. Volcano plots, showing beta estimates (posterior mode of log,-
fold change) on the x-axis and posterior sign confidence (-log10(s-value)) on
the y axis, for (A) immune and gene expression markers, and (B) metabolic
markers. We required an absolute value of beta greater than 1 and a sign
error probability less than 0.01 in order to be labeled. These cutoffs are
selected to maximize figure readability. *HDL has been inverse coded so that
higher values indicate lower HDL, to ease interpretation of taxa as related to
health versus disease. Full color version is available within the online issue.

average) acetate producer that is associated with higher HbAlc
(1.6 [1.2, 2.0]) and CRP (0.9 [0.6, 1.3]), but lower LDL (-1.1
[-1.5, -0.8]) and ROS (-1.1 [-1.4, -0.7]). Peptoniphilus is also a
common (54%) low abundance (<1% average) butyrate-producing
Firmicutes member associated with lower glucose (-0.9 [-1.2, -0.6])
and higher CRP (0.9 [0.6, 1.1]). Additionally, several Proteobacteria
clades appear. Pseudomonas, its family Pseudomonadaceae, or the
species P. veronii have associations with healthier profiles of CRP
(Pseudomonas: -1.5 [-2.2, -0.9]; Pseudomonadaceae: -1.2 [-2.0,
-0.6]) and CD57+ versus - NK (P. veronii: =2.6 [-3.5, -1.8]), but
worse profiles of naive versus KLRG1 high CD8+ (P. veronii: -1.9
[-3.0, -0.9]), hallmark inflammation gene expression (P. veromii:
1.6 [0.6, 2.6]), glucose (Pseudomonas: 2.1 [1.4, 2.7]), and HDL
(Pseudomonadaceae: -1.4 [-2.2, -0.8], Pseudomonas: -1.2 [-1.8,
0.0]). Serratia and its family Enterobacteriaceae appear associated
with higher LDL (Serratia: 1.0 [0.0, 2.4]; Enterobacteriaceae: 0.9
[0.4, 1.4]) and glucose (Serratia: 2.1 [0.7, 3.5]), but lower Aage (-3.5
[-5.0, =2.2]). Pseudomonas and Serratia are both relatively rare
(<14%) members of Proteobacteria, which is indeed the only confi-
dently estimated phylum-level association (not labeled in Figure 3)—
this phylum correlates with healthier profiles of HbAlc (-0.7 [-0.9,
-0.5]), LDL (0.5 [-0.7, ~0.4]) and HDL (0.5 [0.3, 0.7]), and is
also weakly related to lower Aage (0.2 [-0.3, 0.0]). Notably ab-
sent from this list are well-studied butyrate-producing anaerobes in
Clostridium clusters IV and XIVa making up significant portions of
individuals’ microbiomes, such as Faecalibacterium, Ruminococcus,
Roseburia, Blautia, and Coprocuccus, all of which have logFC esti-
mates close to zero and narrow posterior intervals for all biomarkers
(Supplementary Table S2, (27)). Also notably, many immunological
gene expression markers (CD4+ vs. CD8+, Th1 vs. naive CD4+, and
Treg vs. naive CD4) did not demonstrate associations with sufficient
confidence or size to be highlighted in either figure, although their
microbiome signatures frequently correlated strongly with other
markers in expected directions (Supplementary eFigure 1). All taxon-
biomarker associations are listed in Supplementary Table S2, (27).

Bacteria / Gene Expression Network

The network fit to the discovery data (n = 177) revealed a sparse
(edge density = 2.2%, average degree = 7.8) network with 1364
total edges, 149 of which were between OTUs and genes. The final
network (discovery n replication) had 575 edges and 53 OTU-gene
edges, for an overall replication rate of 42% and an OTU-gene
edge replication rate of 36 %, with greater sparsity as a result (edge
density = 1.7%, average degree=4.4), and strong modularity (68%,
Louvain’s community detection). Of 10 clusters identified with more
than two nodes, five clusters (A1-AS) contained both OTUs and
genes, four (B1-B4) contained only OTUs, and two (C1-C2) con-
tained only genes. Note that these clusters are not truly separate;
clusters A1-AS5 each share between 1 and 13 edges with one an-
other (A1 and A2 are especially well connected), suggesting many
biological processes in common. Because primary interest is in gene-
bacteria interconnectedness, we focus attention on clusters A1-AS
containing both OTUs and genes, which are illustrated in Figure 4
(the entire network is shown in Supplementary eFigure 2, and all
members are listed in Supplementary eTables 3 and 4, (27)).

Cluster A1 highlights several important regulators of intestinal
metabolism and type 1 inflammatory response. These include NLRP6
and PPARG, both of which are involved in regulating gut homeostasis,
and which directly correlate with Desulfovibrio sp. and Bilophila
sp., respectively. NPPA and NPYS5R both suppress inflammatory
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Figure 4. Estimated conditional correlation network between OTUs and
a curated set of inflammation-related genes expressed in whole blood,
estimated using a penalized Gaussian graphical model and adjusting for age,
sex, and medications by residualizing. Colors correspond to clusters flagged
by Levain’s community detection algorithm. Cluster identifiers indicated in
large text are also referenced in Supplementary eTables 3 and 4, (27). Size
of nodes corresponds to degree—larger nodes have more connections than
smaller nodes. Square nodes are genes, circular nodes are bacterial taxa.
Full color version is available within the online issue.

cytokines and are involved in cardiovascular regulation; these ap-
pear positively related to Sutterella sp. and Bifidobacterium sp. This
cluster also includes two inducers of the acute phase response, C3
and LBP, the latter of which is the pro-inflammatory receptor of the
gram-negative surface glycoprotein lipopolysaccharide, which con-
nects directly to Butyricimonas sp.

Similarly, cluster A3 includes GPR17, a negative regulator of Th2
response, and SELE, a neutrophil adhesion mediator activated by
IL-1 and TNF-a. These two genes are positively correlated, as ex-
pected, and also negatively correlated with a large group of bac-
terial taxa, predominantly members of Bacteroides, Parabacteroides,
Prevotella, and Ruminococcus. Relatedly, cluster A4 highlights
several Clostridiales sp., Ruminococcaceae sp., Ruminococcus
sp, Dialister, and Butyrivibrio crossotus, and a member of Order
ML615]J-28. These taxa potentially represent a cluster of major im-
mune activity—the group correlates either directly or indirectly with
downregulation of IL12B and upregulation of IL-4, major upstream
inducers of Th1 and Th2 cell differentiation, respectively. Cluster A4
and A5 contain the orthologous C2CD4A and C2CD4B, which are
induced by IL-1b and likely involved in type 2 diabetes; both clusters
also contain members of Order ML615]-28, suggesting its common
involvement in this pathway.

In contrast, cluster A2 includes OSMR, SLC7A2, and TNFSF11,
all of which are upregulated in the type 2 inflammation associated
with IgE-mediated hypersensitivities. OSMR and TNFSF11, in par-
ticular, have been implicated in inflammatory bowel disease (38).
Prevotella copri appears to be a central player in this group, with
Megasphaera sp., Desulfovibrio sp, and Ruminococcaceae sp. closely
involved. The large number of negative covariance estimates in

cluster A2 suggests that several of these taxa are in competition and
may be involved in downregulating IgE-mediated pro-inflammatory
activity. In short, clusters A3-AS highlight potential microbial mech-
anisms of balance between type 1 and type 2 inflammation response,
whereas cluster A2 highlights taxa potentially relevant to allergic
and atopic activation.

Discussion

To the best of our knowledge, this study is the first to explore rela-
tions between biomarkers of physiologic aging and gut microbiota
composition in a population-based sample of young or middle-aged
adults. We found that multiple taxa show strong and consistent as-
sociations with multiple biomarkers of interconnected aging mechan-
isms, suggesting that microbiota are linked to aging earlier in the life
course. Alpha- or beta-diversity-based shifts in composition according
to biomarker levels were not evident, which suggests that shifts in the
gut microbiota influencing (or influenced by) physiologic aging at this
life stage are on the level of specific taxa rather than broad ecosystem-
wide changes. Generally, the taxa showing the strongest relationships
with metabolic, inflammation, and macromolecular damage markers
(S. infantis, Pseudomonadaceae, Veillonella, Serratia) were not core
members classically associated with central ecosystem services (such
as Clostridium clusters VI and XVIa), but rarer groups that have
been less studied in the context of intestinal ecosystems. In con-
trast, bacteria highlighted in our estimated bacteria-gene expression
network do include members of these core groups, many of which
have previously shown markedly lower abundance in older versus
younger adults, including Prevotella, Bacteroides, Ruminococcaceae,
Lachnospiraceae (39), as well as Bifidobacterium, which has been as-
sociated with extreme longevity (40).

One contribution of our study is simultaneous examination of bio-
markers related to interconnected aging mechanisms of metabolism,
macromolecular damage, inflammation, and immunosenescence, as
well as an overall transcriptomic marker of aging. The general cor-
respondence between the most strongly associated taxa for nearly
all these systems, and between gene expression and more conven-
tional markers, allows us to highlight taxa potentially involved in
cellular aging processes, and thus age-related disease, with relative
confidence. Specifically, Veillonella and S. infantis are each associ-
ated with markers of inflammation, macromolecular damage, and
metabolism; Peptoniphilus with the latter two; and Serratia with
Aage and metabolic markers. Of note, some of these associations
contradict one another: for example, S. infantis appears protective
for LDL and hallmark inflammation gene expression, but poten-
tially harmful for CRP and HbA1c¢; many taxa follow a similar pat-
tern. Similarly, our finding of the phylum Proteobacteria associated
with salutary parameters of LDL, HDL, and HbAlc¢ is inconsistent
with the hypothesis that this pathobiont-enriched clade upregulates
inflammaging (12,18), possibly reflecting functional diversity within
this phylum or different effects at varying life stages. Additionally,
network results at the level of specific genes and specific OTUs, in-
tended to be as granular as possible, highlight strikingly different
taxa than the analysis collapsed at clade and pathway levels.
This may again reflect functional diversity of such core clades as
Ruminococcus, Prevotella, and Lachnospiraceae, which, when col-
lapsed, may attenuate the respective associations of their specific,
unclassified OTUs. This may highlight a limitation of 16S taxonomic
assignment, which can be addressed by more granular methods such
as shotgun sequencing.
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We were unsurprised to find many taxonomic associations
with conventional markers of lipid and glucose homeostasis, as
a growing body of literature suggests there are causal links there
(17,41). However, immune and inflammation pathways have been
consistently observed in animal models but less examined in hu-
mans, particularly in younger adults. Strong associations with CRP
and inflammation gene expression that echo those with metabolic
markers support the hypothesis that inflammation is a central mech-
anism of the effect of microbiota on metabolism (6). Moreover, a few
taxa (primarily Pseudomonas veronii, whose role in the human gut
is largely uncharacterized, and Succinivibrio spp., producers of pro-
inflammatory succinate) appear associated with genes upregulated
in lymphoid cell markers of immunosenescence, CD57+ NK, and
KLRG1, markers which are known to be associated with CMV ac-
tivation (42). Of note, among markers of T-cell senescence exam-
ined, these two markers appeared most strongly associated with
the bacterial taxa assessed here. These findings are salient because
CD57+NK and KLRG1 are key markers of immunosenescence and
associated with terminal differentiation, suggesting that certain
microbiota may drive cellular mechanisms of aging even in middle
adulthood. As animal research has shown effects of commensal me-
tabolites on T cell populations (43), future studies directly measuring
immune cell populations are warranted to continue to examine this
pathway in humans.

Strengths and Limitations

Although this is an observational study, our underlying scientific
question is about causal effects of gut bacteria on physiological
aging. While never perfect in this regard, observational studies can
contribute information to causal questions, when certain assump-
tions are met (44). One assumption here, causal consistency (a.k.a.
well-defined intervention), is challenged in 16S taxonomy because
most taxa are only confidently classified at the genus level, while
bacteria are often extremely functionally diverse even below the
species level. This assumption can be relaxed by the addition of
shotgun metagenomics, metatranscriptomics, and/or metabolomics,
which come closer to relevant functional specificity. Moreover, a
major issue that has been largely ignored in microbiome research
(45) has been the compositional nature of sequencing data, for
which common statistical procedures produce associations which,
at best, correspond to effects that are likely not of interest (46).
Our work improves on this by using robust denominators devel-
oped under Aitchison’s framework of compositional data analysis
(30). To help meet the assumption of conditional exchangeability (ie,
no unmeasured confounding), we adjusted for a number of possible
confounders, but many likely remain. For example, we did not have
good measures for diet, which likely influences bacterial levels as
well as immune and metabolic parameters through pathways other
than bacteria. We may have partially addressed this by adjusting
for educational attainment, which is strongly correlated with diet
in the United States. Moreover, identifying causal effects of specific
bacteria (eg, for use as potential probiotics) is unrealistic in obser-
vational data because gut bacteria exhibit strong pairwise correl-
ations whose causal structure is typically unknown, and thus many
confounders (ie, other bacteria) cannot be controlled.

Another threat to conditional exchangeability is lack of clear
temporal ordering in our data: metabolic panel markers were meas-
ured roughly 10 years before the microbiome, and gene expression
was measured nearly concurrently; therefore, we cannot ascertain
the direction of association for these measures. Despite this, we have

some confidence that our data capture effects of the microbiota for
two reasons. (a) The powerful action of commensals in training the
immune system in the first several years of life is thought to lead to a
durable and homeostatic community that largely persists throughout
adulthood (47), except for environmental shocks such as major
dietary changes (48)—indeed, longitudinal evidence suggests that gut
microbial taxonomic composition is relatively stable within persons
in adulthood (49). (b) While findings from microbiome studies have
been difficult to compare because of differences in normalization
and analytic approaches, our findings are consistent with previous
results indicating that butyrate and acetate producers appear to play
major roles in metabolism and inflammation (19,41). Despite this,
there are known feedback loops between gut bacteria and metabolic
and immune processes (13,14); thus, our measures at best capture
both (a) effects of gut bacteria, and (b) alteration of the community
in response to human bodily processes, including immunity.

Lastly, several of our measurements have notable limitations.
Although our Gene Ontology search terms likely captured a large
portion of inflammation-related genes, given our limited sample size,
we were unable to capture the complete construct of immunity in
our network analysis, resulting in some simplifications and select-
ivity of immune markers we hypothesized to be most closely related
to aging. Additionally, glucose, LDL, and HDL are reported in Add
Health as deciles, and transcriptomic age is standardized to the
sample age distribution; therefore, these measurements contain only
relative (rather than absolute) information about any given indi-
vidual. Dried blood spot-based measures are highly reliable relative
to whole-blood analysis for HbAlc and CRP, although perhaps less
so for lipid homeostasis (50). Finally, high-throughput 16S rRNA
sequencing and RNA-seq are measurements known to contain error,
which may be compounded by large variation in library size typical
of these data (see Supplementary eFigure 3); we make the critical as-
sumption that this error is random and is thus less likely to produce
systematic bias in our effect estimates.

Conclusion

Our study adds to the evidence that gut bacteria may influence
physiologic mechanisms underlying a wide range of age-related
diseases and biological phenotypes. Of note, we present some of
the first data to characterize these associations far earlier in the
life course than the majority of age-related disease onset and age-
driven health declines. Our results, therefore, suggest that strategies
aimed at repairing or improving gut microbiome community dy-
namics at or before this life stage may be useful avenues to explore
for prevention of premature aging, whether through, for example,
probiotic supplementation, targeted diet changes, or vaccines.
Moreover, our results point to a few diverse groups of taxa po-
tentially warranting further investigation for the physiologic aging
potential of the microbiome in early to mid-adulthood. Replication
of these findings by future studies with richer confounder control,
larger sample sizes, longitudinal follow-up, and direct immuno-
logical measurements would build further support that gut micro-
biota could aid in the early detection and prevention of accelerated
aging and age-related disease.

Supplementary Material

Supplementary data are available at The Journals of Gerontology,
Series A: Biological Sciences and Medical Sciences online.
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