Journals of Gerontology: Biological Sciences
cite as: J Gerontol A Biol Sci Med Sci, 2017, Vol. 72, No. 11, 1474-1482

T& E RO NTO LOG | CA |_ doi:10.1093/gerona/glx042

Advance Access publication April 25, 2017
SOCIETY OF AMERICA®

X,

Original Article

Biological Aging and the Human Gut Microbiota

Vincent J. Maffei,' Sangkyu Kim,2 Eugene Blanchard IV,
S. Michal Jazwinski,? Christopher M. Taylor,"* and David A. Welsh'3*

Meng Luo,’

'Department of Microbiology, Immunology, and Parasitology, Louisiana State University Health Sciences Center — New Orleans. “Tulane
Center for Aging, Tulane University Health Sciences Center, New Orleans, Louisiana. *Department of Internal Medicine, Louisiana State
University Health Sciences Center — New Orleans.

Address correspondence to Christopher M. Taylor, PhD, Department of Microbiology, Immunology, and Parasitology, Louisiana State University
Health Sciences Center — New Orleans, 533 Bolivar Street, New Orleans, LA 70112. E-mail: ctay15@Isuhsc.edu

Received November 1, 2016; Editorial Decision Date February 21, 2017
*Christopher M. Taylor, PhD, and David A. Welsh, MD, are the co-senior authors.

Decision Editor: Rafael de Cabo, PhD

Abstract

The human gastrointestinal microbiota plays a key homeostatic role in normal functioning of physiologic processes commonly undermined
by aging. We used a previously validated 34-item frailty index (FL,,) to identify changes in gut microbiota community structure associated
with biological age of community-dwelling adults. Stool 16S rRNA c¢DNA libraries from 85 subjects ranging in age (43-79) and FI,, score
(0-0.365) were deep sequenced, denoised, and clustered using DADA2. Subject biological age but not chronological age correlated with a
decrease in stool microbial diversity. Specific microbial genera were differentially abundant in the lower, middle, and upper 33rd percentiles
of biological age. Using Sparse Inverse Covariance Estimation for Ecological Association and Statistical Inference (SPIEC-EASI) and Weighted
Gene Co-Expression Network Analysis (WGCNA), we identified modules of coabundant microbial genera that distinguished biological from
chronological aging. A biological age-associated module composed of Eggerthella, Ruminococcus, and Coprobacillus genera was robust to
correction for subject age, sex, body mass index, antibiotic usage, and other confounders. Subject FL,, score positively correlated with the
abundance of this module, which exhibited a distinct inferred metagenome as predicted by Phylogenetic Investigation of Communities by
Reconstruction of Unobserved States (PICRUSt). We conclude that increasing biological age in community-dwelling adults is associated with
gastrointestinal dysbiosis.
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Since 1950, the growth rate of the global population of persons aged 60
and older has exceeded that of the world population as a whole. This
global trend, due in part to worldwide decreases in fertility and mortal-
ity rates, toward a predominantly aged population is considered irre-
versible and unlikely to change (1). Widespread healthy human aging
may support the transition to an era of expanded elder health care.
Human aging is characterized by a progressive decline in
organ function and associated physical function. The term frailty
is regarded as one’s risk for age-related adverse health outcomes
including but not limited to falls, disability, institutionalization,
and mortality (2,3). Clinical characteristics of frailty are broadly
defined and include anorexia, sarcopenia, cognitive decline, rela-
tive immobility, and subsequent dependence in performing activities
of daily living (4,5). Frailty is not necessarily a function of one’s
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chronological age. Persons of a given age are not at equal risk for
adverse outcomes or shortened life expectancy (6). Frailty, related to
one’s “biological age,” is thus considered a distinct clinical syndrome
that may be specially monitored and addressed to promote healthy
aging in at-risk individuals (7).

The human gastrointestinal (GI) microbiota, comprising more
than 1 trillion organisms, has been shown to play a key homeo-
static role in normal functioning of physiologic processes commonly
undermined by aging. Germ-free and germ-attenuated animal mod-
els have implicated characteristic age-associated derangements such
as chronic inflammation, decreased bowel motility, altered locomo-
tion, and impaired cognition with changes in the gut microbiota
(8=11). Dysbiosis in older persons has been likewise attributed to
age-related changes in physiology and lifestyle such as diminished
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bowel enzymatic activity, barrier function, as well as changes in com-
munity residence, diet, and pharmacotherapy consistent with geriat-
ric conditions (12-14).

Recent studies conducted in the United Kingdom suggest that
frailty as measured by the accumulated health deficit (Rockwood)
model is associated with decreased GI microbiota alpha-diversity in
community-dwelling adults (15). In this same population, changes
in GI microbiota have been suggested to more closely correlate with
biological age than chronological age (16). Specific determinants of
these observations and their potential significance in the frailty process
remain to be fully explored. Moreover, geographic location has been
shown to influence various properties of the GI microbiota (17). Using
a 34-item frailty index (FI,,) previously validated to predict mortality
(18), we hypothesized that diversity in the gut microflora changes with
biological aging in community-dwelling adults. We further hypothe-
sized that these changes are more specifically related to one’s estimated
biological age rather than chronological age and that changes in the
gut microbiota differentiate biological from chronological aging.

Methods

Participant Recruitment and Sample Collection

A total of 85 subjects living in the Greater Metropolitan Area of
New Orleans, Louisiana, enrolled in the Healthy Aging Family Study
(HAFS) (18) volunteered to additionally participate in the study
described herein. These subjects represent a subset of the full HAFS
cohort, which is composed of randomly sampled offspring of nonage-
narians. Subject age ranged from 43 to 79, FI,, score from 0 to 0.365,
and body mass index (BMI) from 18.6 to 41.9 (Table 1). A subset of
participants (8%) reported antibiotic usage in the 6 months prior to
participation. Information on antibiotic usage was not available for
13 of 85 subjects (15%). The remaining participants (76 %) reported
no recent history of antibiotic usage. Standardized, freezer-safe stool
collection kits were distributed to participants. Samples were collected
at home (immediately stored at ~20°C) within 24 hours of the testing
visit then transferred to —-80°C for longer-term storage. The activities
of this study and the parent study were approved by local Institutional
Review Boards. All participants provided written informed consent
prior to enrollment into both studies.

Frailty Index

Frailty was estimated using a FL,, of lifetime health history and func-
tion variables previously validated to predict time to death (18).
Questionnaire items have been previously published (18).

DNA Purification and 16S rRNA Sequencing

DNA was extracted from 200 mg of bead-homogenized stool using
the Qiagen QIAamp DNA Stool MiniKit (Germantown, MD).
Purified DNA was subjected to polymerase chain reaction amplifica-
tion using previously published universal primers for the 16S rRNA
hypervariable region V3-V4 (19). Sequencing was performed on an
Illumina MiSeq. A minimum sample sequencing depth of 9,097 reads
was achieved. Data in this study are derived from a single sequencing
run. See Supplementary Methods for further details.

Sequence Variants, Operational Taxonomic Units,

and Sample Library Normalization

Raw sequences were truncated to 250 base pairs, denoised, chimera fil-
tered, and clustered into sequence variants using DADA2 v1.1.5 (20). For
taxonomically informed analyses, operational taxonomic units (OTU)
were generated in DADA2 by taxonomic classification of sequence

Table 1. Cohort demographics and clinical data

Cohort Female Male
Demographics

n 53 32

Age (y) 63+6 64 =8

FL;? 0.12 = 0.1 0.13 0.1

Body mass index (kg/m?) 265 29+5

White 53 (100%) 32 (100%)
Nonagenarian parent

None 2 (4%) 0(0%)

One 44 (83%) 28 (88%)

Both 7 (13%) 4(12%)
Medical history

Obstructive pulmonary disease 15 (28%) 5(16%)

Cardiovascular disease 24 (45%) 20 (62%)

Cerebrovascular disease 2 (4%) 2 (6%)

Diabetes 4 (8%) 2 (6%)

Neurodegenerative disease 0(0%) 0(0%)
Labs

Triglycerides 121 + 66 133 =68

Cholesterol 200 = 38 184 = 30
Hospital nights past 12 mo

None 1(2%) 4(12%)

1 47 (89%) 25 (78%)

2-3 2 (4%) 2 (6%)

4-6 3(6%) 1(3%)
Antibiotics past 6 mo

Yes 4 (8%) 3(9%)

No 40 (75%) 25 (78%)

Unknown 9 (17%) 4(13%)

Note: Eighty-five subjects participated in this study. All subjects were com-
munity-dwelling adults recruited from the greater metropolitan area of New
Orleans, Louisiana.

“Dimensionless ratio.

variants using the Greengenes 97 % reference database v13.8 and a mini-
mum bootstrap confidence level of 80. OTUs with matching Greengenes
database identifiers were clustered to single OTUs prior to OTU-based
analyses. OTUs unresolved for taxonomy were omitted from analyses.
Where indicated in the text, variance-stabilized OTU counts were gen-
erated using DESeq2. For a more detailed description of the analytical
methods used in this study, refer to the Supplementary Methods.

Data Analyses and Statistics

All analyses were performed using the R platform. Beta-diversity
p values were generated via distance-based redundancy analy-
sis (dbRDA) and permutational multivariate analysis of variance.
Taxon differential abundance p values were generated by the Wald
test between levels of age or FI,, in DESeq2. All other p values
were generated via multivariate linear mixed-effects modeling in
R. Model variables included age, FI,,, sex, BMI, antibiotic usage
in the past 6 months, sample read count, and subject family mem-
bership. Family membership was modeled as a random effect. See
Supplementary Methods for a more detailed description of analyti-
cal methods used in this study.

Results

Biological Age, Not Chronological Age, Is Associated
With Changes in Gut Microbiota Diversity

Alpha- and beta-diversity model two distinct but related aspects of
ecological diversity: “within-sample” diversity and “between-sample”
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diversity. Sample alpha-diversity may be subdivided into two prop-
erties: (a) richness and (b) evenness. Sample richness is the number
of unique denoised sequenced read clusters known as “sequence
variants” present in a single biological sample. Sample evenness is
a measure of the uniformity in relative abundance of sequence vari-
ants within a sample. Sample richness and evenness were evaluated
separately using indices tailored to either property.

Biological Age Correlates With Decreased Subject Stool Richness

or Within-Sample Diversity

Observed sample richness was calculated on sequence variants gen-
erated from subject stool. Subject biological age as measured by
the FI,, significantly correlated with decreased observed richness
(Figure 1A) after correction for BMI, sex, antibiotic usage, chrono-
logical age, sample read count, and family membership modeled as
a random effect (p = .03). Subject chronological age failed to cor-
relate with changes in richness after similar correction for clinical
and technical covariates (Figure 1B). Correlation statistics between
observed richness and FI, or chronological age (rho = -0.33 and
-0.02, respectively) were significantly different by co-correlation
analysis (p < .05) (21). Removal of a potential outlying subject
(FI,, = 0.365, Figure 1A) yielded no change in findings (p < .05,
data not shown).

In contrast to observed richness, true richness requires infinitely
large sequencing depth. Richness indices such as the objective Bayes
negative binomial (OBNB) estimate the observed and unobserved
sample richness, providing for a closer approximation of true rich-
ness in the absence of exhaustive sampling. Like observed richness,
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Figure 1. Fl,, score negatively correlates with stool sample richness.The total
number of observed unique sequence variants (denoised sequenced read
clusters) in each sample (observed richness) and the evenness of sequence
variants in each sample based on the inverse Simpson evenness index were
calculated and plotted against Fl,, scores and chronological age (A-B and
C-D, respectively). Biological age (A and C) and chronological age (B and D)
p values are corrected for subject body mass index, sex, sample read depth,
family membership, antibiotic usage, and chronological age or Fl,,. Data
are derived from raw sequence variant counts. Spearman rho correlation
statistics are additionally provided as indicated. Linear best-fit lines are
plotted with shaded 95% confidence intervals.

OBNB richness inversely correlated with biological age after correc-
tion for covariates (p = .03; Supplementary Figure 1A). OBNB did
not correlate with subject chronological age before or after correc-
tion for covariates (Supplementary Figure 1B). Correlation statistics
between OBNB richness and FL,, as well as OBNB and chronological
age were significantly different (p <.05).

Two indices of evenness were evaluated and compared for their
potential association with chronological or biological age. Neither
the Pielou (data not shown) nor the inverse Simpson evenness index
(Figure 1C and D) correlated with FI,, or chronological age after
correction for clinical and technical covariates. Additional correc-
tion for observed sample richness did not alter these findings on
evenness, which may be confounded by richness in some indices for
purely mathematical reasons (22).

Previous studies have explored the relationship between stool
alpha-diversity and frailty with combined measures of richness
and evenness (15). We likewise confirmed this observation in our
cohort using the same mixed-methodology. Shannon’s diversity
index in subject stool samples significantly and inversely correlated
with biological age but not chronological age (Supplementary
Figure 1C and D).

Lastly, these analyses were repeated to compare random- and
fixed-effect modeling of family membership. Fixed-effect modeling
yielded identical findings to random-effect modeling (Supplementary
File 1A). Family membership in our cohort failed to significantly cor-
relate with stool alpha-diversity in both random- and fixed-effect
models (p > .05, data not shown). In addition, subject BMI, sex, and
antibiotic usage failed to correlate with alpha-diversity (p > .05, data
not shown). Sample read counts significantly correlated with alpha-
diversity (p < .05, data not shown).

Biological Age Correlates With Subject Stool Beta-Diversity or
Between-Sample Diversity
The UniFrac index estimates the phylogenetic similarity of OTUs
between a pair of samples (23). Relative similarities are calculated
for all sample pairs and then plotted as distances in a co-ordinate
plane to identify clusters of samples. These distances may be addi-
tionally weighted for similarity in OTU abundance between samples.
OTUs were generated by assigning taxonomy to sequence vari-
ants. OTUs with identical taxonomic assignments were clustered
prior to analysis. Both unweighted and weighted UniFrac distances
were calculated and tested for association with subject FI,, score or
chronological age via dbRDA and permutational multivariate analy-
sis of variance. Biological age significantly correlated with unweighted
UniFrac distances after correction for confounders including sample
total read counts (p = .04; Figure 2A). Weighted UniFrac distances
failed to correlate with biological age in both raw OTU counts and
OTU counts normalized to equal variance after corrections (p = .43
and .14, respectively, data not shown). Chronological age failed to
correlate with both unweighted (Figure 2B) and weighted (data not
shown) UniFrac distances before and after correction for confound-
ers. The effect of biological age on between-subject diversity was
similar in direction but greater in magnitude than chronological age
as indicated by the dbRDA vectors (black arrows, Figure 2A and
B). Subject BMI exhibited a strong but statistically insignificant
effect (p > .05; Supplementary Figure 2). Subject sex and antibi-
otic usage history effects were weak and statistically insignificant
(p > .05; Supplementary Figure 2). Sample read count exhibited a
modest significant effect (p = .02; Supplementary Figure 2). Overall,
these data suggest the relative phylogenetic similarity of stool
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microbial communities based on subject biological age but not
chronological age.

Taxon Correlates Distinguish Biological From
Chronological Age

Subject FI,, and chronological age were assigned to low, middle,
and high tertiles for OTU differential abundance analysis. Low,
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Figure 2. Fl,, score correlates with between-subject similarity in stool
taxonomy. Unweighted UniFrac taxonomic similarities were calculated on
raw OTU counts between all pairwise comparisons of subject stool samples.
Between-subject similarities are plotted via distance-based redundancy
analysis (dbRDA). Each point represents a single subject sample. Between-
point distances indicate relative taxonomic similarity of subject stool
samples. Point colors indicate subject Fl,, or chronological age groups
separated into low (blue), middle (gray), or upper (red) 33rd percentiles of
the full (A) Fl,, or (B) chronological age range. Arrows show the magnitude
and direction of Fl,, or chronological age correlation. Correlation significance
(p) is corrected for subject body mass index, sex, antibiotic usage, sample
read depth, family membership, and chronological age or Fl,,. Dashed ovals
indicate the 95% confidence interval about the midpoints of low, middle,
and high Fl,, or chronological age. Midpoints within confidence intervals are
indicated by “X" Supplementary Figure 2 contains dbRDA results of all tested
study variables and confounders. Only the Fl,, score and sample read count
variables significantly correlated with between-subject diversity (p < .05).
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middle, and high levels contained the lower, middle, and upper
33rd percentiles, respectively, of subject FI,, (low: 0-0.083; middle:
0.091-0.137; high: 0.142-0.365) or chronological age (low: 43-61;
middle: 62-66; or high: 67-79) to ensure even group sample sizes for
comparison between FI, and chronological age as correlates of OTU
abundance. Change in abundance of genera between low, middle,
and high FL, and chronological age were calculated.

Significant, differentially abundant genera between high and low
(Figure 3) and middle and low FI,, scores were identified. Subjects
with high FI,, scores, compared with those with low FI,,, exhib-
ited increased abundance of Coprobacillus (q = 0.08), Dialister
(g = 0.08), and a TM7 candidate-phylum OTU (false-discovery rate
q = 0.04; Figure 3A). High FI, was also associated with decreased
Paraprevotella (q = 0.02), Sutterella (g = 0.08), and a Rikenellaceae
family OTU (g = 0.08). Middle FI,,, compared with low FI,, was
associated with greater TM7 candidate-phylum OTU abundance
(g = 0.04, log, fold-change = 3.06). In contrast to FI,, score, all com-
parisons between levels of chronological age failed to significantly
associate with the abundances of individual genera (Figure 3B). The
remaining genus-level OTUs failed to significantly correlate in abun-
dance with FI, score or chronological age (Supplementary Figures
3 and 4).

Genus-Level Subcommunities Correlate With

Biological Age

Dynamic host properties may alter the survival or clearance of
groups of interacting, inter-related intestinal microbiota (24).
Functional metabolic activities of microbial subcommunities may
encourage their formation and conservation in the host and in hosts
of similar frailty status (25). Microbial co-occurrence networks are
used to identify groups of coabundant organisms. Once identified,
the abundance of these groups may then be correlated with clinical
variables of interest (26).
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Figure 3. Divergent taxa correlate with Fl,, score and chronological age. DESeq2-normalized genus-level OTU abundances are expressed as a heatmap. Taxon
abundances are sorted along the x-axis by (A) increasing Fl,, score or (B) chronological age. Differential abundance of genus-level OTUs between lower (light
orange), middle (middle orange), and upper (dark orange) 33rd percentiles of Fl,, or chronological age was calculated using DESeq2. Log, fold-change (Log, fold
A) in abundance is expressed as a ratio of the taxon abundance in high-level over low-level Fl,, or chronological age. Shades of red fold-change indicate higher
abundance in the high group, whereas shades of blue indicate lower abundance in the high group. Group sizes were chosen to normalize sample size between
Fl,, and chronological age groups (Fl,,: low n =30, middle n = 27, high n = 28; Age: low n = 32, middle n = 29, high n = 24). OTUs were filtered for prevalence in
at least 25% of subjects. Significant differences in OTU abundances were observed between the lower and upper levels of Fl,, scores but not chronological age
after correction for multiple comparisons by false-discovery rate (FDR; g < 0.1 above horizontal red bar, p < .05 above the horizontal blue bar). Taxa are sorted
down the y-axis by increasing p values. Low Fl,, scores ranged from 0 to 0.083, middle scores ranged from 0.091 to 0.137, and high scores ranged from 0.142
to 0.365. Supplementary Figures 3 and 4 contain expanded heatmaps for the results of all tested genera sorted by increasing Fl,, score or chronological age,
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OTUs were collapsed to the genus level, filtered for at least 25%
prevalence, and subjected to Sparse Inverse Covariance Estimation
for Ecological Association and Statistical Inference (SPIEC-EASI).
Coabundant genera were identified by SPIEC-EASI ranging in correla-
tion strength from -0.24 to 0.22 (Supplementary File 1B). Follow-up
Weighted Gene Co-expression Network Analysis (WGCNA) on all
positive correlations detected seven subcommunities or modules of
co-occurring genera (represented as colors) numbering two to four
per module (Figure 4A, Supplementary Figure 5 and File 1C). Genera
that failed assignment to a module were given the color white and
disconnected from other genera (Figure 4A). FI,, significantly and
positively correlated with abundance of one module (turquoise;
Figure 4A and B, Supplementary Figure 6 and File 1D) after cor-
rection for clinical and technical covariates (p = 8 x 10°) as well as
false-discovery rate (g = 6 x 10~%). Omission of a potential outlying
subject (FL, = 0.365) yielded no change in findings (p = 3 x 10,
q =2 x 107). Chronological age positively correlated with one mod-
ule after similar correction for covariates (green, p = .02, ¢ = 0.17;
Figure 4A and B, Supplementary Figure 7 and File 1D). Comparable
results were observed when modeling subject family membership
as a random- or fixed-effect (Supplementary File 1A). Family mem-
bership as well as BMI, sex, and antibiotic usage failed to signifi-
cantly associate with turquoise or green module abundances (p >
.05, data not shown). Sample read count modestly correlated with
turquoise and green module abundances (g < 0.03). Spearman rho
correlation coefficients between turquoise module abundance and
FL,, as well as green module abundance and chronological age were
0.25 and 0.26, respectively. Turquoise module members consisted
of Eggerthella, Coprobacillus, and Lachnospiraceae-family (Lachn.)
Ruminococcus. The green module comprised Haemophilus and
Veillonella. Biological and chronological-aging-associated module
relative abundances were comparable (1.4% = 0.06% and 1.7% =
0.09%, respectively, p = .16). The prevalences of the turquoise mod-
ule genera approximated that of the green module genera (37% =
7% and 59% = 6%, respectively, p = .13).

Age-Associated Subcommunities Possess Distinct
Inferred Biochemical Functions

The collective genetic content or “metagenome” of module genera
was predicted via Phylogenetic Investigation of Communities by
Reconstruction of Unobserved States (PICRUSt; Supplementary
Figure 8A). Module biochemical pathways were inferred from the
annotated reference genomes in the Kyoto Encyclopedia of Genes
and Genomes (KEGG) (27). The presence or absence of 6,909 KEGG
protein-coding genes was examined in each module (Supplementary
Figure 8A). Clustering modules by similarity in KEGG gene content
revealed a high degree of variability between modules, suggesting
potential module-specific biological activities (vertical dendrogram,
Supplementary Figure 8A). Turquoise and green module predicted
metagenomes were directly compared. Turquoise and green shared
numerous KEGG genes that together made up 64% and 60% of
their respective inferred KEGG gene contents (Supplementary
Figure 8B). KEGG genes were grouped into canonical biochemical
pathways for assessment of higher functionality. Many genes shared
between the turquoise and green modules belonged to core biologi-
cal functions such as amino acid and nucleic acid metabolism, DNA
replication and repair, ribosome assembly, and protein translation
(Supplementary Figure 9). The remaining unshared genes differenti-
ated the turquoise and green modules (Supplementary Figure 8C).
Turquoise and green modules differed primarily in genes associated

with “metabolism” and “environmental information processing”
followed by “genetic information processing” and “cellular pro-
cesses” (Supplementary Figure 8C). Ninety-three percentage of
“inorganic ion transport and metabolism” genes that were observed
in either module were unshared between turquoise and green mod-
ules along with 88% of “two-component system,” 62% of “trans-
porters,” 58% of “ABC transporters,” 74% of “signal transduction
mechanisms,” 72% of “transcription factors,” and 92% of “protein
kinases,” suggesting differences in module sensitivity and response
to environmental factors that distinguish biological aging from
chronological aging.

Turquoise module genera were enriched over green module genera
for the number of unique genes associated with metabolic pathways

» «

including “methane metabolism,” “pentose and glucuronate inter-

» « » «

galactose metabolism,” “glycolysis/gluconeogenesis,”

“glycerolipid metabolism,” and “fructose and mannose metabolism”

conversions,

(Supplementary Figure 8C). The turquoise module was further dis-
tinguished by genes associated with environmental persistence and
host virulence such as “sporulation” (Supplementary Figure 8C) as
well as “germination,” “bacterial motility proteins,” “Staphylococcus
aureus infection,” and “bacterial toxins” (Supplementary File 1E).
“Sporulation” pathway genes (Supplementary File 1F), including
the SpoOA master regulator (KEGG ID: K07699; Supplementary
File 1G), were enriched in Coprobacillus and Lachn. Ruminococcus
(Supplementary Figure 10), whereas threonine aldolase (KEGG ID:
K01620; Supplementary File 1G) a source of ethanol-independent
acetaldehyde production was found in all three genera. In contrast,
the green module was enriched for “nitrogen metabolism” in addi-
tion to “glycosyltransferase” genes and “lipopolysaccharide biosyn-
thesis proteins” (Supplementary Figure 8C). These data suggest that
biological and chronological age-associated module genera may pos-
sess divergent biochemical repertoires and activities.

Discussion

Many health deficits have been individually associated with changes
in the GI microbiota (28). The potential interaction between biologi-
cal aging and gut microbial ecology has been addressed in this study.
We have identified both global and specific changes in the GI micro-
biota that were closely associated with subject biological age but
not chronological age. These changes were robust to correction for
potential confounders of the gut microbiota that include BMI and
recent antibiotic usage. We additionally corrected for participant
family relatedness arising from the sampling methodology of this
study’s parent study, which has identified a genetic basis of aging and
longevity (18). We were unable to identify a relationship between
family membership and the gut microbiota in this study. However,
a separate, more thorough analysis is needed to draw conclusions
on the heritability of gut microbiota community structure within
families.

Increasing biological age was associated with pronounced altera-
tions in GI microbiota diversity that were unobserved with chron-
ological age, contributing to the growing body of literature that
asserts frailty as a distinct, measurable clinical syndrome that is not
otherwise a function solely of chronological age. Frailty has been
shown to outperform chronological age as an estimate of risk for
age-related adverse health outcomes. These may include GI dysbiosis
and subsequent loss of normal gut microbiota function (29).

We examined stool alpha-diversity in subjects with vary-
ing biological age and chronological age. We confirmed previ-
ously reported observations that frailty correlates with combined



Journals of Gerontology: BIOLOGICAL SCIENCES, 2017,Vol. 72, No. 11

1479

A Modular microbial coabundance network B Module abundance vs aging
0.31 Rho=0.25
o © %o p=8x10°
o O @) 0.2
(@) @) © O O §
©
8 O o O o o 5 % 0.1
© 0.0
© 5 © 0O 0 o i
O o O o -0.1
-0.2
o © o 00 0.1 03
o Biological age (FI34), n=85
O
o® 0, 0.4{ Rho =0.26 e
p=.02
q<0.05 | q<0.20 ° 0.3
p<.05 p<.05 ‘_:‘: 0.2
>
Flag Age £ 0.1
2
w 0.0
1. Lachn. [Ruminococcus] 4. Haemophilus 0.1
2. Eggerthella 5. Veillonella )
. 50 60 70 80
3. Coprobacillus Chronological age (y), n=85
C Blologlcalage[ Abundance
(] Eggerthella 10,000
3 Co robacillus
g [Rumagg?clflruss] _
(O] Veillonella
Subject
Chronological age | Abundance
(2] Eggerthella 10,000
3 o robacillus
§ e 100
O Veillonella
Subject 1

Figure 4. Fl,,

score correlates with the abundance of a microbial coabundance module. Genus-level OTUs were filtered for prevalence in at least 25% of

subjects and normalized by DESeq2 variance-stabilizing transformation. Correlation coefficients were calculated between all pairs of genera using the Sparse
Inverse Covariance Estimation for Ecological Association and Statistical Inference (SPIEC-EASI) algorithm. Positive correlation coefficients were retained
for downstream analysis. (A) A microbial coabundance network consisting of positively coabundant genera is plotted. Vertices or points represent a single
OTU genus. Edges or lines emanating from nodes connect significantly coabundant genera as inferred by SPIEC-EASI. Relative point positions were plotted
according to the competing strengths of their coabundance correlations (Fruchtermann-Reingold projection). Points with similar connectivity were grouped into
a module (indicated by color) using Weighted Gene Co-expression Network Analysis (WGCNA). Genera lacking significant coabundance are plotted as empty,
white points. Module abundances that correlated with Fl,, score or chronological age following correction for clinical and technical confounding (p < .05) and
false-discovery rate (FDR; g < 0.05 and g < 0.20) are highlighted in red or blue, respectively. (B) Turquoise and green module abundances (eigenvalue) are plotted
against Fl,,
best-fit lines are plotted in blue with shaded 95% confidence intervals. (C) DESeq2-normalized abundances of turquoise and green module OTUs are expressed

score or chronological age with respective Spearman rho correlation statistics and p values corrected for clinical and technical confounding. Linear

as heatmaps. OTU abundances are sorted along the x-axis by increasing Fl,

measures of richness and evenness in subject stool samples (15).
However, we then differentiated between the two domains of
alpha-diversity to clarify the impact of each in association with
biological aging. This is necessary as changes in microbial domi-
nance or abundance equitability (evenness) is biologically distinct
from the introduction or loss of whole species in the GI micro-
bial community (richness). Colonization of the GI tract by a wide
range of species may be key for normal GI resilience to changes in
environment, including new disability, hospitalization, institution-
alization, or other frailty-related complications. Our data suggest
that biological age, compared with chronological age, may more
accurately reflect the risk of community-dwelling adults for com-
plications due to decreased intestinal richness, which is associated
with commensal opportunism, chronic inflammation, and meta-
bolic dysregulation (9,30,31).

. score (top panel) or chronological age (bottom panel). Supplementary Figures 6 and
7 contain expanded heatmaps of all modules and member genera sorted by increasing Fl,,

score or chronological age, respectively.

Altered environmental and physiological factors associated with
aging may influence the selectivity of the gut for particular micro-
bial species. We thus explored how well biological age or chrono-
logical age predicted between-subject taxonomic relatedness in gut
microbiota. We found that FI,,
by microbiota phylogenetic similarity. Thus, gut microbial com-
scores and tends

scores significantly grouped subjects

munity structure varies according to subject FI,,
to be similar between subjects of similar FI,, score but not so for
those of similar chronological age. Repeating this analysis for
abundance-weighted between-sample differences in OTU taxonomy
abolished the correlation between biological age and beta-diversity.
This suggests that (a) biological aging more strongly influences the
taxonomic membership of intestinal microbial communities but not
member relative abundance or that (b) our sample size is insufficient
to identify a relationship between biological age and a composite
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index of abundance and taxonomic relatedness. We addressed (b)
by normalizing OTU counts to stabilize variance, which has been
shown to increase the sensitivity of detection of between-sample
differences (32). Variance-stabilized weighted differences improved
correlation significance; however, these differences still fell below the
threshold of significance for association with biological age.

Global changes in microbial diversity prompted us to investi-
gate specific OTU correlates of biological and chronological age.
Biological age but not chronological age was significantly associated
with changes in abundance of individual genera. Coprobacillus sig-
nificantly increased in abundance with increased FI,, as observed
via DESeq2 differential OTU abundance analysis. Coprobacillus was
additionally assigned to a WGCNA module that independently and
positively correlated with subject frailty. The WGCNA workflow
groups OTUs into modules based strictly on OTU coabundance pat-
terns unbiased to clinical variables. Modules are then later correlated
against clinical variables such as chronological age or FI,, score. This
suggests some degree of internal validation of results as obtained by
disparate methodologies. Results from both agree that chronological
and biological aging are distinguished by their association with the
abundances of individual genera and coabundant genera in the gut.

In total, seven coabundance modules were detected by WGCNA
topological overlap-clustering of a co-occurrence network gener-
ated by SPIEC-EASI. SPIEC-EASI as well as other related network
inference algorithms are specifically designed to suppress spurious,
false-positive relationships that arise out of artifact in compositional
data such as that collected in 16S microbial surveys (33). We addi-
tionally denoised sequenced reads using DADA2 and filtered OTUs
for at least 25% prevalence in our cohort to focus our analysis on
the more represented microbial genera. Together these measures
may reveal the most salient and robust coabundance relationships
between microbial organisms in human stool. In turn, we identified
a frailty-associated coabundance module consisting of Eggerthella,
Coprobacillus, and Lachn. Ruminococcus, all of which have been
previously reported as individual correlates of frailty (13,15). Our
findings suggest that these genera not only increase in abundance
with increased frailty but co-occur in the human gut and may co-
operate for survival in prefrail and frail individuals.

In silico biochemical pathway reconstitution in microbial sub-
populations has been previously performed on cohorts with inflam-
matory bowel disease (26) but not specifically in those undergoing
biological aging. Although this analysis alone does not replace true
metagenomic deep-sequencing, it does offer hypotheses and poten-
tial targets to guide the design of future metagenome sequencing
studies. In our study, the biological age-associated turquoise module
was predicted to contain genes responsible for bacterial persistence
in the gut such as sporulation and germination and bacterial motility
(Supplementary File 1E). Bacterial motility proteins were particu-
larly present in Eggerthella (Supplementary Figure 10) and included
those for bacterial ciliary function, which is known to confer adher-
ence to epithelial surfaces in some species (34). Genes for sporula-
tion were sequestered in Coprobacillus and Lachn. Ruminococcus
(Supplementary Figure 10 and File 1F). Interestingly, the latter two
have been historically reported as nonspore formers based on find-
ings in insult-free, anaerobic, axenic cultures (35) despite the pres-
ence of major genetic determinants of sporulation including the
Spo0A master regulator (KEGG ID: K07699, Supplementary File
1G) (36). Recent work has found that culturing conditions favoring
sporulation are, however, critical to reveal this phenotype, and many
previous “nonspore formers” such as Lachn. Ruminococcus gnavus,
Blautia producta, and others observed in our cohort, indeed form

spores when (a) challenged with ethanol and atmospheric air and (b)
grown in polymicrobial culture (37). This study further concluded
that spore formation likely promotes survival of strictly anaerobic
bacteria in the human gut as well as their transmission between indi-
viduals in the environment (37). We speculate that these factors may
support microbial growth, transmission, and virulence in the gut of
individuals undergoing biological aging.

Knowledge of the pathways encoded in coabundant microbial
genomes may illuminate mechanisms of co-operation in potentially
virulent organisms. Recent work has revealed novel virulence fac-
tors in key species of Eggerthella and Lachn. family Ruminococcus.
Ruminococcus species including R. gnavus have been shown to
secrete mucolytic alpha- and beta-glucosidases that may sensitize
mucous sugars and mucin protein to degradation and consump-
tion by other, co-cultured microbial species (38). Eggerthella is
completely dependent on amino acid harvest for energy and may
benefit from the activity of Lachn. Ruminococcus (39). In addition,
Eggerthella is predicted to produce acetaldehyde from threonine
(KEGG ID: K01620, Supplementary File 1G), which is characteristi-
cally abundant in mucin proteins (40) and may serve as substrate
to increase gut barrier permeability (41). In turn, co-operation may
encourage growth, epithelial attachment, and invasion of Eggerthella
lenta, which has been recently shown to adhere to the surface of gut
epithelial Caco-2 cells in vitro (34) and has been reported in numer-
ous cases of elderly bacteremia (42,43). In our cohort, Eggerthella
and Lachn. family Ruminococcus genera were significantly coabun-
dant. One hundred percentage of Eggerthella OTUs were specifi-
cally assigned to E. lenta and 99% of Lachn. Ruminococcus were
assigned to R. gnavus. Whether Eggerthella spp. co-operate with
Lachn. Ruminococcus spp. to achieve virulence in the gut of frail
persons through mucolysis remains to be experimentally investi-
gated. If validated, co-operation between virulent symbionts may
drive chronic low-grade inflammation and subsequently the aging
process and frailty trajectory (44).

Additional activities of Eggerthella have been previously char-
acterized in the GI tract. Eggerthella is a common human GI com-
mensal that has similarly been reported to be increased in relative
abundance in prefrail subjects in the United Kingdom as well as
mouse models of aging (15,45). Previous studies have demonstrated
that Eggerthella directly inactivate cardiac glycosides such as digoxin
(46). Increased Eggerthella abundance in frail persons may yet prove
as an emerging biomarker of frailty as future studies further charac-
terize its role in frailty syndrome.

The findings in this study are based on microbial communities
in stool collected by participants at home. Custom designed stool
collection kits were provided to participants designed to minimize
variation in sampling effort. It is difficult to completely control for
subject-to-subject variation due to at-home sampling. In addition,
luminal microbial communities may differ from communities more
proximal to the gut epithelium such as those in the outer mucous
layer (47). How these differences translate physiologically for the
host is a question of on-going research. The outer mucous layer is
known to constitutively migrate into the luminal space throughout
the GI tract (48), and its accumulation and clearance in stool may
mitigate these differences to some degree.

Alternative clinical and molecular measures of biological aging
are available. These include the Fried Index (49) and leukocyte tel-
omere length (50), which may also prove informative when examin-
ing changes in gut microbial diversity and coabundance and may
provide additional understanding of the relationship between the
microbiota and aging.
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In summary, biological age as estimated by our FI,, was found
to be a better indicator of changing gut microbiota structure than
chronological age. Biological age correlated with the growth of spe-
cific, coabundant organisms in the gut lumen, which differentiated
biological from chronological age. Further study of these changes
and their role in aging physiology may open the field to the develop-
ment of novel therapy. Specific interventions reversing or slowing
these and other changes in the gut microbiota may promote healthy
aging in prefrail or frail persons.
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