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Abstract
Background: Aging is a progressive decline of cellular functions that ultimately affects whole-body
homeostasis. Alterations in the gut microbiota associated with aging have been reported, however the
molecular basis of the relationships between host aging and the gut microbiota is poorly understood.

Result: By using longitudinal microbiome and metabolome characterization, we show that the aging-
related alterations in the intestinal environment lead to gut dysbiosis with a potential to induce obesity in
mice. In middle-age mice, we observed more than a 2-fold increase in fecal carbohydrates derived from
dietary polysaccharides and a signi�cant reduction of gut microbial diversity resembling the microbiota
characteristic of obese mice. Consistently, fecal microbiota transplantation from middle-age speci�c
pathogen-free (SPF) mice into young germ-free (GF) mice resulted in increased weight gain and impaired
glucose tolerance.

Conclusion: Our �ndings provide new insights into the relationships between host aging and gut
dysbiosis and may contribute to the development of a possible solution to aging-related obesity.

Introduction
Aging is characterized by the progressive functional decline of cellular functions, hence of multiple
organs and tissues, which results in reduced resistance to stress, increased vulnerability to diseases and
eventually culminates in death[1, 2]. The aging process also seriously affects the human gut microbiota.
It is accompanied by a reduction in gastrointestinal functions including intestinal motility, digestive and
absorptive functions, as well as immune responses[3–9], in addition to changes in diet and lifestyle in the
elderly[10, 11]. Moreover, many recent studies have shown that compositional and functional
abnormalities of the human gut microbiota (dysbiosis) are correlated with in�ammatory disorders and
metabolic syndrome, including in�ammatory bowel disease[6], irritable bowel syndrome[12], type 2
diabetes (T2D)[13, 14] and obesity[15–17]. Notably, human studies have revealed that T2D and obesity
increase in the elderly, implicating a possible contribution of the alterations in gut microbiota to the onset
of age-associated diseases and their progression.

The composition of the gut microbiota is subject to a rapid change during early childhood, from breast-
feeding to the weaning period. This becomes relatively stable at the species level during adult life,
although this relative stability tends to be lost with aging[3, 11, 18–20]. Virtually all human studies
include probable confounding factors, i.e. different genetic backgrounds in combination with changes in
diet, medications and lifestyle. By contrast, animal studies, especially of mice, allow more controlled
experiments and analyses with pure genetic backgrounds and uniform diet and breeding
environments[21–23]. The average lifespan of mice is 24–30 months and their physiological state is
de�ned by a frailty index[24]. Previous reports have de�ned age groups as ‘young’ (less than 6 months),
‘middle’ (around 20 months) and ‘old’ (more than 30 months), which correlate with the frailty index and
body weight change[21, 24]. Body weight and fat mass increase until middle-age, despite a slight
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reduction of food intake, which is mostly due to the decrease in physical activity and muscle mass[21, 25,
26]. At older ages, body weight gradually decreases, probably because of appetite loss and reduced food
digestion and absorption, resulting in diminished energy intake with eventual weight loss[27].

Murine gut microbial composition is correlated with aging[20, 23, 24]; recent reports show that older mice
exhibit microbial dysbiosis, concomitantly with increased intestinal permeability (leaky gut), systemic
in�ammation, glucose intolerance and insulin resistance compared to younger mice [7, 28–30]. Fecal
microbiota transplantation from old donor mice to young germ-free mice promotes leaky gut-associated
low-grade systemic in�ammation[7], indicating that ageing-associated microbiota can directly in�uence
host physiology. Other reports showed that probiotic treatment could prevent aging-related leaky gut and
in�ammation in old mice [30] and that fecal microbiota transplantation from wild-type mice improved the
health and lifespan in progeroid murine models[31], suggesting that intervention of the gut microbiota in
old mice may improve host health and lifespan.

However, these studies were mainly based on the simple comparison of young and old subjects, instead
of observing the same individuals repeatedly over time. In this study, we longitudinally analyzed fecal
microbial community composition, together with fecal and plasma metabolomes, in C57BL/6J mice over
a period of 72 weeks to explore the consequences of gut microbiota changes associated with aging and
their in�uences on the host. To eliminate possible perturbation of microbial composition by external
bacterial contamination, we took advantage of a radiation-sterilized diet and vinyl isolators to maintain
GF and SPF mice. We found aging-associated correlations among microbial composition and the fecal
and plasma metabolomes in middle-age mice. Fecal microbiota from the middle-age mice conferred an
obese phenotype upon association with “young” GF mice, suggesting that the aging-associated gut
microbial changes are not merely the consequence of host aging but rather could dictate aging-related
phenotypes. These approaches thus allow us to achieve a comprehensive understanding of the
relationships between host aging and the gut microbiota and may provide insights into the development
of a solution to aging-related obesity through manipulation of the intestinal microbiota.

Results
Aging in SPF mice is associated with an overall alteration in the structure of the gut microbiota

To characterize aging-associated gut microbiota and metabolic phenotype changes, fecal and plasma
samples are repetitively collected from GF and SPF mice at 3, 4, 6, 8, 12 weeks after birth, and every 4
weeks thereafter. We divided the experimental time course into 4 categories: 3 to 12 weeks (wean-young),
16 to 32 weeks (young), 36 to 52 weeks (early-middle) and 56 to 72 weeks (middle), respectively
(Supplementary Fig. 1), based on the age-related murine frailty index[24] and a report showing that the
murine gut microbiota changes signi�cantly during weaning[20]. The increase of body weight in SPF
mice during aging (Supplementary Fig. 2) is mostly due to an increase in fat mass, even though food
intake is slightly decreased[21, 25, 26]. Weight gain in middle-age GF mice compared to middle-age SPF
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mice is probably due to the gradual cecum enlargement characteristic of GF mice because of the
accumulation of hydrated dietary �ber components[32].

To assess the overall structures of the gut microbiota, we amplicon-sequenced the V1-V2 region of the
16S rRNA gene. Using 97% as the identity threshold from 118 samples with 10,000 reads per sample,
1,377 operational taxonomic units (OTUs) were identi�ed. Principal coordinate analysis (PCoA) of
weighted and unweighted UniFrac distances on fecal microbiome data revealed an alteration of the gut
microbial structure of individual SPF mice with aging (Fig. 1a and b). Mean relative abundance values of
multiple bacterial OTUs exhibited shifts with aging in SPF mice (Fig. 1c and Supplementary Fig. 3).
Notably, the gut microbiota in wean-young mice drastically changed between 3 and 8 weeks. Hierarchical
clustering analysis (HCA) of the 16S rRNA fecal microbiome datasets revealed that fecal microbes were
mainly separated into two clusters consisting of those decreased (Cluster O1) and increased (Cluster O2)
with aging (Supplementary Fig. 4). Alpha diversity (Shannon index) in early-middle and middle-age mice
declined slightly but signi�cantly compared to wean-young mice (Fig. 1d and Supplementary Fig. 5). The
microbial genera, Allobaculum, Turicibacter (now assigned as Erysipelotrichaceae family) and
unclassi�ed genus of the S24-7 family (Bacteroidales group) were signi�cantly increased, whereas
unclassi�ed genera of the Lachnospiraceae and Ruminococcaceae family were signi�cantly decreased
with aging (Fig. 1e and Supplementary Fig. 6).

Aging-associated alterations in the fecal metabolome pro�les

We next performed metabolome analysis by capillary electrophoresis-time-of-�ight mass spectrometry
(CE-TOFMS) and liquid chromatography-tandem mass spectrometry (LC-MS/MS) to identify age-
associated fecal metabolite changes in GF and SPF mice. This analysis identi�ed a total of 204
metabolites in all murine feces, of which 183 and 195 metabolites were identi�ed in GF and SPF mice,
respectively. Principal component analysis (PCA) on the fecal metabolome data showed that the pro�les
were clustered into GF and SPF mice groups in Principal component 1 (PC1) (Fig 2a). PCA of GF and SPF
mice revealed age-related change in fecal metabolites in both groups (Fig 2b and c). To categorize the
metabolite patterns in aging, we performed k-means clustering using the z-score values calculated by
concentrations of metabolites in each type of mice (Fig 2d). Fecal metabolites of both SPF and GF mice
separated by the k-means cluster showed change with aging; however, most of metabolites had different
patterns with aging between SPF and GF mice. Comparison of the concentration of fecal metabolites
from GF and SPF mice (Fig. 2d, the rightmost yellow- and green- colored heatmap) showed the large
difference in the concentration of various metabolites between GF and SPF mice. Glucosamine,
argininosuccinate, glyoxylate and mucate were found only in GF (Fig 2e). In contrast, 20 metabolites
including butyrate were found only in SPF and gradually changed with aging (Fig 2f). The concentration
of short-chain fatty acids (SCFAs: propionate, butyrate and hexanoate), vitamin B6, aspartate, alanine,
lysine, cholate and sugars (maltose and maltotriose) was higher in SPF mice than in GF mice, whereas
the other 14 amino acids, derivatives of amino acids and monosaccharides were lower in SPF mice
(Supplementary Data 1). These results were mostly consistent with previous reports comparing fecal
metabolites in GF and SPF mice[2, 33, 34].
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The various fecal metabolites derived from SPF and GF mice changed gradually in association with
aging (Fig 2d). Cluster 1, which contains 12 amino acids and their related metabolites involved in amino
acid metabolism accumulated at 3 to 4 weeks and then decreased toward young age in SPF mice,
whereas those in GF mice were comparable throughout the observed period. Cluster 2 included sugars
and amino acids that accumulated at 4 to 12 weeks followed by a gradual reduction with aging in SPF
and GF mice. Cluster 3 included nucleotides that accumulated at 4 to 12 weeks in SPF mice, whereas
those in GF mice were tended to increase with aging. Clusters 4 and 5 gradually increased with aging in
SPF mice. In contrast, cluster 4 was comparable with aging and cluster 5 was slightly accumulated in 3
to 12 weeks in GF mice. Cluster 4 contained amino acids and derivatives of amino acids and vitamins,
whereas Cluster 5 included sugars and citrate, fumarate, malate, lactate, belonging to the citric acid cycle,
that were especially increased in middle-aged SPF mice. In summary, pro�les in SPF mice were clearly
changed with aging compared to those in GF mice, and the pattern of alteration in fecal metabolites with
aging was different between SPF mice and GF mice, implying that alterations in the intestinal
environment associated with aging are likely caused by changes in the gut microbiota with age.

In the gut microbial metabolism, the most prominent microbial activity is the fermentation of dietary or
host-derived components, in particular metabolism of non-digestible carbohydrates and host glycans into
SCFAs and organic acids[35, 36]. Butyrate and hexanoate were signi�cantly decreased (4- and 2-fold,
respectively) in middle-aged SPF mice compared to young ones, whereas lactate was signi�cantly
increased by 2-fold in middle-age SPF mice compared to wean-young and young mice (Fig 2g). Moreover,
sugars such as sucrose, maltose and maltotriose, thought to be derived from the diet, were also
signi�cantly increased more than 2-fold in middle-age SPF mice compared to younger mice (Fig 2h).
Notably, maltose and maltotriose were detected mainly in SPF, but not GF mice, suggesting that these
sugars might be derived from microbial digestion of dietary starch. We also found the concentration of
soluble starch in feces was signi�cantly increased in middle-age GF mice as compared to young GF mice,
but was comparable across all ages in SPF mice (Supplementary Fig. 7). Considering the fecal
metabolome pro�les of GF mice, these notable fecal metabolome alterations in SPF mice imply that the
aging-related phenotype of the intestinal environment is largely associated with modulation of the gut
microbiota together with host aging.

Aging-associated alterations of plasma metabolome pro�les

We further analyzed the plasma metabolome of these mice to capture age-associated plasma metabolic
dynamics. This analysis identi�ed 144 metabolites in total across all the murine plasma samples out of
which 134 and 142 metabolites are identi�ed in GF and SPF mice, respectively. PCA showed that the
plasma metabolome pro�les were roughly clustered into 2 groups of GF and SPF in the PC1 direction and
aging-associated changes of GF and SPF plasma metabolome pro�les were observed in the PC2
direction (Fig 3a). Furthermore, PCA calculated in each type of mouse showed aging-associated changes
in plasma metabolome pro�les in both GF and SPF mice (Fig 3b and c). K-means clustering of the
plasma metabolites showed similar aging-associated shifts from weaning to middle-age between SPF
and GF mice (Fig 3d). Argininosuccinate and 5-methoxy-3-indoleaceate were found in GF only (Fig 3e). In
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contrast, 10 metabolites including 5-aminovalerate and ectoine, which are thought to be mainly derived
from gut microbiota[37, 38], were found only in SPF mice and most of them were gradually accumulated
with aging (Fig 3f).

Amino acids and their related metabolites categorized into clusters 1, 4 and 5 were accumulated in both
GF and SPF middle-aged mice (Fig 3d). The average total amino acid concentration in middle-age mice
was signi�cantly higher than that in both GF and SPF young mice (Fig 3g). Although most of the aging-
associated amino acid pro�les were similar between GF and SPF mice, the concentrations of glycine,
serine and threonine were signi�cantly lower in SPF mice than in GF mice almost throughout life
(Supplementary Fig 8), whereas glutamine was higher in SPF mice across all ages (Fig 3h). The
concentrations of pyruvate, an intermediate metabolite of glycolysis, were also signi�cantly higher in SPF
mice than in GF mice across all ages. Notably, however, the glutamate levels were comparable from
young to early-middle between GF and SPF mice, and only higher in the middle-age SPF mice (Fig 3h).
Cluster 2 included various types of metabolites decreasing with aging in both GF and SPF mice.
Metabolites of cluster 3 were dispersed, with no change with aging.

Correlation between metabolites and microbes and transition time point analyses of SPF mice with aging

To examine aging-associated correlations among the fecal microbes, fecal metabolites and plasma
metabolites in SPF mice, we calculated Spearman’s rank correlation coe�cients among fecal microbe-
fecal metabolite and fecal microbe-plasma metabolite pairs in a total of 119 samples (Supplementary Fig
9 and 10). Turicibacter, Allobaculum, Bi�dobacterium, unclassi�ed S24-7 and Sutterella, categorized as
cluster O2, increased with aging (Supplementary Fig. 4), whereas unclassi�ed Lachnospiraceae,
Oscillospira, unclassi�ed Clostridiales, Ruminococcus and unclassi�ed Ruminococcaceae, categorized
cluster O1, decreased and were highly and signi�cantly correlated to fecal metabolites. In the correlations
of fecal microbes and plasma metabolites, Turicibacter was highly and signi�cantly correlated. Moreover,
Procrustes analysis between the fecal metabolome and the fecal microbiome pro�les of weighted
UniFrac or unweighted UniFrac showed that the aging pro�les in fecal metabolome and fecal microbiome
are close (Supplementary Fig 11a and b). Therefore, the aging-related phenotype in the fecal metabolome
might be related to taxonomic and structural changes in the gut microbiota. Although the fecal
microbiome and fecal metabolome appear to be linked, changes in plasma and fecal metabolites were
not similar (Supplementary Fig 11c).

We further conducted an estimation of the cluster of intestinal environment matching with age using
change point analysis (CPA) based on the Bayesian Information Criterion (BIC)[39]. CPA of fecal
microbiome pro�les showed that principal coordinate 1 (PCo1) of unweighted and weighted UniFrac was
divided into 3 clusters (unweighted) including 3 to 8 weeks, 12 to 36 weeks and 40 to 72 weeks and 3
clusters (weighted) including 3 to 6 weeks, 8 to 48 weeks and 52 to 72 weeks (Supplementary Fig 12a
and b). The fecal metabolome pro�les of PC1 were categorized into 2 clusters, including 3 to 36 weeks
and 40 to 72 weeks (Supplementary Fig 12c), which contain common gaps of 36 to 40 weeks between
fecal metabolome and unweighted fecal microbiome. These data suggest that 36 to 40 weeks might be
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the critical period for the gut microbial and metabolic transition into the middle age phenotype.
Interestingly, CPA of the plasma metabolome showed no PC1 gap (Supplementary Fig 12d), implying that
the transition toward host aging might occur gradually and continuously, which is different from the
intestinal environment. To identify which metabolites and bacteria contribute to this grouping by random
forest, we set two groups, 3 to 36 weeks and 40 to 72 weeks, which were determined by a common gap of
36 to 40 of PC1 scores of the fecal metabolome and PCo1 scores of unweighted UniFrac of the fecal
microbiome (Supplementary Fig 13). Since fecal metabolites with a large contribution in the random
forest contained metabolites mainly produced by gut microbiota, such as spermidine and ectoine [2, 37],
the changes in the fecal metabolome pro�le are linked to the changes in fecal microbiota, which might
construct this common gap. Also, Turicibacter is at the top of the contributors of random forest and
highly correlated with plasma metabolites (Supplementary Fig 10), which might in�uence host aging.
Turicibacter has already been reported as one of the bacteria increasing with aging[29]. Another report
showed that the Erysipelotrichaceae family, including Turicibacter, increased in Western-type diet-induced
obese mice [40-42].

Middle-age gut microbiota induces an obese phenotype in a transplanted host.

Our network analysis highlighted the features of a middle-age murine intestinal environment, such as the
increase in fecal amino acids, sugars, Erysipelotrichaceae family, and the decrease in Lachnospiraceae
and Ruminococcaceae families. These features are somewhat similar to the intestinal environment of an
obese phenotype[19, 40, 41]. To directly ask whether the middle-age gut microbiota contributes to the
obese phenotype, we orally transferred fecal microbiota from young or middle-age SPF mice into 8-week-
old GF mice (Fig 4a). As expected, when placed on a high-fat diet (HFD), mice gavaged with middle-age
SPF fecal microbiota displayed enhanced weight gain and higher blood glucose levels after oral glucose
challenge compared to those colonized with a young SPF fecal microbiota (Fig 4b-d), although these
parameters were comparable on a normal diet (Supplementary Fig. 14). Alpha diversity of the gut
microbiota in the ex-GF mice gavaged with a middle-age fecal microbiota was signi�cantly decreased
after 4 weeks on a HFD (Fig 4e) and the composition of the fecal microbiota was also altered (Fig 4f).
Blood insulin levels and the weight of epididymal white adipose tissue (WAT) were relatively higher but
not signi�cant, in recipients of middle-age compared to young fecal microbiota (Supplementary Fig 15).
Besides, we assessed the in�ammatory state of the liver, WAT and small intestine, because it was recently
reported that aged gut microbiota increases intestinal permeability and promotes age-associated
in�ammation[7]. The expression of tumor necrosis factor α mRNA in the small intestine was signi�cantly
higher in recipients of middle-age compared to young fecal microbiota, however there was no signi�cant
difference in the expression of cytokines in the liver and WAT (Supplementary Fig 16). Taken together,
these data indicate that the middle-age SPF gut microbiota has the potential to induce an obese
phenotype upon high caloric intake.

Discussion
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In this study, we repetitively interrogated fecal microbiome and fecal and plasma metabolome pro�les
from weaning to middle-age in the same mice over 72 weeks, to understand the aging-associated
alterations in the gut environment. The fecal microbiome changed dynamically from weaning to young
periods and then changed gradually in later periods, consistent with previous reports [20, 23]. From the
results of CPA, the early changing point in the fecal microbiome was at ~ 8 weeks; in older age, the fecal
microbiome in the unweighted UniFrac data and fecal metabolome have a common gap at 36 to 40
weeks. Besides, fecal microbiome pro�les were highly and signi�cantly correlated to fecal metabolome
pro�les. These data indicate that the transition time point of the intestinal environment toward aging is
around 36 to 40 weeks. On the other hand, the CPA of the plasma metabolome had no gap, and
Procrustes analysis showed that the overall pro�le of plasma metabolome and fecal metabolome pro�les
is different, suggesting that age-related changes in the intestinal environment are not correlated with that
in plasma. Previous studies have reported that in�ammatory cytokines in the blood are correlated with
aging in mice and humans[7, 10]. Plasma metabolome pro�les are also thought to re�ect the host
physiological changes with aging. Thus, our correlation analysis between fecal microbes and plasma
metabolites shows that Turicibacter has a strong correlation with plasma metabolites, implying that
Turicibacter may have a great impact on host physiological aging.

We found that aging modestly decreased the diversity and altered the composition of the gut microbiota.
Recent metagenome studies have shown that a low fecal microbiome diversity, or dysbiosis, is
associated with a variety of pathological conditions including adiposity[15–17], T2D[13, 14], colonic
diseases[6, 12] and allergic diseases[43]. Alterations of the microbial composition in middle-age SPF
mice were characterized by an increase in the relative abundance of the S24-7 family belonging to
Bacteroidetes and Erysipelotrichaceae containing the microbial genera, Allobaculum and Turicibacter.
The increase in Bacteroidetes and Turicibacter associated with aging was also observed in mouse and
human studies[18, 29], and the increase in Erysipelotrichaceae is in agreement with previous reports of
Western-type diet-induced obese mice[40–42]. Conversely, Ruminococcaceae and Lachnospiraceae were
signi�cantly decreased with aging and were highly and positively correlated with concentrations of fecal
SCFA such as butyrate. Ruminococcaceae and Lachnospiraceae are members of the Clostridium cluster
IV and XIVa and are known as butyrate-producing bacteria[2]. Fecal metabolome analysis showed a
reduction in SCFA concentrations in the middle-age period as compared to the wean-young stage
(Fig. 2g). The decrease of fecal SCFAs, in particular butyrate, has also been reported in obesity and T2D
studies[14, 16, 44]. SCFAs are considered to be an important energy source for host colonic epithelium
and act also as signaling molecules through the G protein–coupled receptors GPR41[45] and GPR43[46,
47] to regulate energy metabolism and/or triglyceride synthesis. It is, therefore, speculated that the
decrease in SCFAs in the middle-age intestinal lumen might suppress energy expenditure. Besides, recent
reports on gut microbiota-mucosal immune system interactions showed that Clostridiales-derived
butyrate enhances the differentiation of colonic regulatory T cells, which play an important role in the
suppression of immunological reactions leading to amelioration of in�ammatory disorders such as
allergy and colitis[48–50]. Therefore, the reduction in gut luminal butyrate due to the decrease of
Clostridiales microbes in the middle-age host might also contribute to triggering these immunological
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disorders. Correlation analysis among fecal microbes and fecal metabolites also revealed that fecal
glutamate and glutamine were positively and highly correlated with the Cluster O1-containing
Clostridiales cluster (Supplementary Fig. 9). The decline in fecal glutamate and glutamine has been
reported in previous metagenome studies in mammals including mice and humans[40],[51]. Metagenome
analysis of cecal contents from mice fed a Western-type diet has shown that genes assigned to
glutamate metabolic pathways were enriched[40]. In microbiome studies across mammals, glutamate
biosynthesis pathways are signi�cantly increased in herbivore microbiomes, whereas the catabolic
reactions to break down glutamate and glutamine are increased in carnivores[51]. One possibility is that
the reduction of fecal glutamine and glutamate might indicate a nutrition-rich status in the gut of middle-
age mice, resembling that of mice fed a Westernized diet.

Plasma metabolome analysis revealed that amino acids and their derivatives were altered with age in
both GF and SPF middle-age mice. Increased amino acids in human blood have been reported as a
signature biomarker for the development of diabetes[52]. Also, branched-chain amino acids (BCAA)
derived from food proteins contribute to the development of obesity-associated insulin resistance, as
reported in animal experiments where rats were fed with HFD supplemented with BCAA[53]. A high �ux
rate through BCAA catabolic pathways and accumulation of glutamate may increase the transamination
of pyruvate to alanine, and these highly gluconeogenic amino acids may contribute to the development
of glucose intolerance in obesity[53]. Our plasma metabolome data also showed that glutamate and
pyruvate concentrations were signi�cantly higher in SPF than in GF middle-aged mice (Fig. 3h),
suggesting that the changes in plasma metabolome pro�les of middle-aged SPF mice could be induced
by gut microbiota, which could in turn promote obesity-associated insulin resistance with aging.
Moreover, alterations in the gut microbial environment with aging resulted in dysbiosis, similar to that
observed in obesity and T2D. Indeed, fecal microbiota transplantation from middle-age SPF mice into
young GF mice resulted in enhanced weight gain and impaired glucose tolerance compared to mice
colonized with microbiota from young SPF mice, suggesting that the middle-age gut microbiota has the
potential to induce an obese-type phenotype. The ability of the host to degrade and absorb proteins, lipids
and polysaccharides declines with age[3–5]. This results in non-digested nutrients �owing into the lower
intestine[3, 4]. In fact, the concentration of soluble starch in feces was signi�cantly increased in middle-
age GF mice compared to young GF mice, as were food-derived sugars such as sucrose, maltose and
maltotriose in middle-age SPF mice (Fig. 2h). Therefore, the increase of these non-digested nutrients in
the lower gut of middle-age mice might lead to the nutrient-rich environment, as observed in mice fed with
a Western-type diet[40–42]. As the gut microbiota attempts to adapt to these environmental changes, the
result might be a decrease in microbial diversity and a higher concentration of functional metabolites
such as SCFAs, and this may induce the obese-type host phenotype.

In the elderly, a reduction in intestinal mucus and α-defensin secretion in�uences gut microbial
composition and leads to easy entry of pathogens into the mucosal layers and generation of low-grade
in�ammation[54]. Recent reports have shown that age-associated microbial dysbiosis in mice promotes
intestinal barrier dysfunction and enhances leakage of in�ammatory bacterial components into the
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circulation, which may promote increased systemic in�ammation[7, 55]. These aging phenotypes are
similar to HFD-induced in�ammation and obesity. A HFD alters gut microbial composition and increases
intestinal permeability, which leads to colonic low-grade in�ammation and an increase in endotoxin levels
in the intestinal lumen as well as in the plasma[56, 57]. Excessive amounts of endotoxin are correlated
with gut, hepatic, and adipose tissue in�ammation and diabetes[56, 57].

Conclusion
In this study, we have revealed how the murine gut microbiota and their metabolites are altered with
aging. Our �ndings provide a mechanistic understanding of the changes associated with aging in
microbiome and metabolome pro�les, the insight that will be crucial to develop therapeutic strategies to
prevent or treat aging-associated pathologies such as obesity.

Materials & Methods
Animal experiments

 Six SPF male C57BL/6J mice (three weeks old) purchased from CLEA Japan, Inc. and three to six GF
male C57BL/6J mice (three weeks old) obtained from Central Institute for Experimental Animals (CIEA,
Kanagawa, Japan) were separately maintained in a vinyl isolator and fed sterilized normal diet (CA-1,
CLEA Japan) until 64 (GF) or 72 weeks of age (SPF). Three of 6 GF mice were excluded at 24 weeks due
to bacterial contamination of a vinyl isolator. One SPF mouse at 72 weeks and one GF mouse at 52
weeks were died (Supplementary Fig. 1). Fecal and plasma samples were collected from each mouse at
the time points indicated in Supplementary Fig. 1. Samples were snap-frozen with liquid nitrogen upon
collection and stored at −80 °C until further analysis. These long-term animal monitoring experiments
were performed at CIEA and were carried out in accordance with Institutional Guidelines for Experimental
Animal Welfare (09043).

Fecal transplantation experiments

GF C57BL/6N male mice (three weeks old) obtained from the RIKEN Center for Integrative Medical
Sciences (Yokohama, Japan) were maintained in a vinyl isolator and fed a sterilized normal diet. Twenty
milligrams of stool samples from wean-young SPF mice (3 weeks old to 12 weeks old) or middle-aged
SPF mice (52 weeks-old to 72 weeks-old) were resuspended in 1 ml of phosphate-buffered saline.
Recipient mice at 8 weeks-old were gavaged with 0.2 ml of the suspension and then separately
maintained in vinyl isolators and fed with a normal diet for a week. After that, recipient mice were fed a
high-fat (D12492, Research Diets) or a normal diet ad libitum for 4 weeks. We monitored body weight
twice every week and collected feces every week during high-fat feeding. After high fat feeding for 4
weeks, we performed oral glucose tolerance tests (OGTT) and plasma insulin measurements. Fecal
transplantation experiments were performed at Yokohama City University (Kanagawa, Japan) and were
carried out in accordance with their Institutional Guidelines for Experimental Animal Welfare (T-A-17-001).
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Microbiome analysis

Fecal microbial genomic DNA was extracted from about 10 mg of fresh feces as described
previously[58]. PCR ampli�cation of the 16S rRNA gene V1 to V2 region and analysis pipeline for 16S
data were performed using the protocol previously reported[59].

DNA sequence analyses and statistics

Sequences were analyzed with the software package Quantitative Insights into Microbial Ecology (QIIME)
[60]. The analysis removed low-quality sequences that did not perfectly match the PCR primer, were
shorter than 200 bp and longer than 400 bp, contained undetermined nucleotides (N), or did not match a
barcode. Sequences were binned by barcode and clustered into de novo OTUs using a 97% similarity.
Taxonomic categories were assigned using the CLASSIFIER program of the Ribosomal Database Project
(RDP)[61] within QIIME. The alpha-diversity and the beta-diversity calculated with the unweighted and
weighted Unifrac distance were analyzed using the QIIME software package.

Metabolome analysis

Extraction for plasma metabolites was as described previously with slight modi�cations[62]. A volume of
20 μl of plasma was added in 230 μl of methanol containing internal standards (20 μmol/l each of
methionine sulfone, camphor 10-sulfonic acid and 13C6-d-glucose) and mixed well. Then 100 μl of Milli-Q
water and 250 μl of chloroform were added, followed by centrifugation at 4,600 × g for 5 min at 4°C. The
aqueous layer was transferred to a 5-kDa cutoff centrifugal �lter tube (Millipore) to remove large
molecules. The �ltrate was centrifugally concentrated at 40°C and reconstituted with 100 μl of Milli-Q
water. Fecal metabolites were extracted from fresh fecal samples (about 10 mg) with 400 μl 50% MeOH
containing internal standards and about 100 mg of 0.1 mm and two 3 mm zirconia/silica beads (BioSpec
Products) with vigorous shaking for 3 min on a Micro Smash (TOMY). After centrifugation at 4,600 × g
for 15 min at room temperature, the supernatant was transferred to a 5-kDa cutoff centrifugal �lter tube.
The �ltrate was centrifugally concentrated at 40°C and reconstituted with 40 μl of Milli-Q water. The
extracted plasma and fecal samples were split into equal parts for analysis on the CE-TOFMS and LC-
MS/MS platforms. Ionic metabolites were analyzed using CE-TOFMS in both positive and negative
mode[62]. All CE-TOFMS experiments were performed using an Agilent CE capillary electrophoresis
system (Agilent Technologies, Inc.). To identify peak annotation and quanti�cation, the obtained data
were processed using in-house software (MasterHands)[63]. Concentrations of sugars in murine plasma
and fecal samples were determined by LC-MS/MS in negative multiple reaction monitoring (MRM) mode
on an API3000 triple quadrupole mass spectrometer (AB Sciex) as described previously[64]. All LC-
MS/MS data were acquired using Analyst Software (AB Sciex).

Starch assay

The concentrations of soluble starch in feces were measured by using an EnzyChrom™ Starch Assay Kit
(Funakoshi) on an In�nite M200 microplate reader (Tecan). The assays were performed following the
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manufacturer's instructions.

Glucose tolerance test and plasma insulin measurement

After 6 hr fasting, mice were orally administrated with glucose (1.5 g/kg b.w.). Blood glucose was
monitored for 120 min using a glucometer (GLUCOCARD G Black, Arkray). Plasma insulin concentrations
were determined using an ELISA kit (Morinaga) according to the manufacturer’s instructions.

Bioinformatics and statistics

All statistical analyses were performed with GraphPad Prism version 6.0 (GraphPad Software). P-values
<0.05 were considered statistically signi�cant. PCA on fecal and plasma metabolome datasets was
conducted by SIMCA-P 13.0.3. (Umetrics). Hierarchical clustering and illustrated heat map were carried
out using MeV TM4 software 4.7.4. Spearman's rank correlation coe�cients (r) for all fecal microbe-
plasma metabolite-fecal metabolite pairs in the data across the total 118 samples were calculated by
JMP version 11 (SAS Institute). Change point analysis (CPA) was performed by implementing a dynamic
programming algorithm to identify optimal partitions with varying numbers of segments[65] on
Mathematica 10.2. We set the minimum segment length as 2 and the maximum number of breaks as 10.
For each possible number of breaks smaller than 10, the optimal breakpoint locations were obtained by
minimizing the within-segment sums of squares. The partition achieving the lowest Bayesian information
criterion (BIC) was selected. All metabolites were categorized based on the metabolic pathways of the
Kyoto Encyclopedia of Genes and Genomes (KEGG) database (Supplementary Data 2).
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