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Metabolic modelling reveals the 
aging-associated decline of host–
microbiome metabolic interactions in mice
 

Lena Best    1, Thomas Dost1,15, Daniela Esser1,2,15, Stefano Flor1,15, 
Andy Mercado Gamarra    1,15, Madlen Haase3,15, A. Samer Kadibalban1,15, 
Georgios Marinos    1,4,15, Alesia Walker5,15, Johannes Zimmermann    1,6,7,15, 
Rowena Simon3, Silvio Schmidt    3, Jan Taubenheim    1, Sven Künzel8, 
Robert Häsler9,14, Sören Franzenburg    9, Marco Groth    10, Silvio Waschina11, 
Philip Rosenstiel    9, Felix Sommer    9, Otto W. Witte3, 
Philippe Schmitt-Kopplin    5,12, John F. Baines8,13, Christiane Frahm3,16 & 
Christoph Kaleta    1,16 

Aging is accompanied by considerable changes in the gut microbiome, yet 
the molecular mechanisms driving aging and the role of the microbiome 
remain unclear. Here we combined metagenomics, transcriptomics and 
metabolomics from aging mice with metabolic modelling to characterize 
host–microbiome interactions during aging. Reconstructing integrated 
metabolic models of host and 181 mouse gut microorganisms, we show 
a complex dependency of host metabolism on known and previously 
undescribed microbial interactions. We observed a pronounced reduction 
in metabolic activity within the aging microbiome accompanied by reduced 
beneficial interactions between bacterial species. These changes coincided 
with increased systemic inflammation and the downregulation of essential 
host pathways, particularly in nucleotide metabolism, predicted to rely on 
the microbiota and critical for preserving intestinal barrier function, cellular 
replication and homeostasis. Our results elucidate microbiome–host 
interactions that potentially influence host aging processes. These pathways 
could serve as future targets for the development of microbiome-based 
anti-aging therapies.

Aging and aging-related diseases are central contributors to morbid-
ity and mortality in Western societies1. Although research has iden-
tified specific hallmarks of aging2 and revealed the conservation of 
aging-associated changes across species and tissues3, the primary 
causative factors of aging remain elusive2. The microbiome, comprising 
a diverse bacterial community that resides within and on host organ-
isms, is gaining recognition for its interplay with host aging processes. 
It is implicated in many aging-associated physiological processes4, 

showing notable shifts in its composition as the host ages and strong 
correlations with aging-related phenotypes5. Microbiome transfer 
experiments revealed that introducing young microbiota to old hosts 
extends their lifespan6,7 and reverses specific aspects of aging in animal 
models8. However, some studies have also shown beneficial effects of 
aged microbiota9 or signatures specific to healthy aging in centenar-
ians6 that indicate that some aging-associated changes in the micro-
biota might also be compensatory by counteracting aging-associated 
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Notably, we used more stringent cut-offs (≥80% completeness and ≤10% 
contamination) than those suggested in ref. 23 for medium-quality 
MAGs to require less gap filling and thus obtain more reliable meta-
bolic models for downstream analysis (Fig. 1a). Most of the MAGs were 
attributed to the phyla Bacillota (previously Firmicutes; n = 97) and 
Bacteroidota (n = 65). The reconstructed genomes from rarer phyla 
included Pseudomonadota (previously Proteobacteria; n = 9), Cyano-
bacteriota (previously Cyanobacteria; n = 4), Campylobacterota (n = 3), 
Deferribacterota (n = 1), Desulfobacterota (n = 1) and Verrucomicro-
biota (n = 1). Regarding overall abundance, the most abundant MAGs, 
with a coverage depth >1%, belonged to Bacteroidota in the families 
Bacteroidaceae (n = 5) and Muribaculaceae (n = 12). The genome sizes 
of the MAGs ranged from 0.9 Mbp to 6.7 Mbp (Fig. 1a).

To functionally annotate the assembled MAGs, we used gapseq24 
to reconstruct their corresponding genome-scale metabolic networks. 
In a principal component analysis of the networks (Fig. 1b), principal 
component (PC) 1 mainly separated models by the completeness score 
(R2 = 0.15) of the underlying MAGs and the taxonomic rank ‘order’ 
(R2 = 0.87). The completeness of the MAGs significantly impacted 
the prevalence of pathway gaps within the models. Consequently, 
the occurrence of such gaps (R2 = 0.55) and the sizes of the models 
(R2 = 0.84) or genomes (R2 = 0.58) partially accounted for the observed 
differentiation along the first two PCs. PC2 separated the metabolic 
models by the phylum, GC content (R2 = 0.29) and contamination 
score (R2 = 0.06).

Microbiome functions correlate with host transcripts
After reconstructing the metabolic models of the bacterial species of 
the mice, we first determined host functions associated with microbi-
ome functions independent of age. Filtering by association strength 
and a false discovery rate (FDR)-adjusted P ≤ 0.1, we identified 12,732 
correlated microbiome reactions and host genes for the colon, 3,425 
for the liver and 2,499 for the brain. Enriching these features with 
gene ontology (GO)25 biological processes (host genes), and meta-
bolic subsystems (microbiome reactions), we obtained 1,377 pairs of 
host–microbiome-associated processes for the colon, 283 for the liver 
and 167 for the brain; we further summarized these with level 2 GO bio-
logical processes and MetaCyc26 superpathways (Fig. 2a–c, Extended 
Data Fig. 2a and Supplementary Tables 2.1–2.4).

The most strongly correlated host functions for the colon involved 
innate and adaptive immune processes and protein processing (Fig. 2a, 
Extended Data Fig. 2a and Supplementary Table 2.1). These included 
a negative correlation between host immune system processes and 
microbial galactose and arabinose degradation pathways. Moreover, 
we observed strong positive correlations between microbial purine 
metabolism and mitochondrial respiration in the host. Furthermore, we 
found that microbial pathways involved in lipid metabolism were cor-
related with host processes involved in tissue homeostasis, such as DNA 
damage responses and cell death. By directly inferring functions from 
quality-controlled metagenomic read data (HUMAnN3)27, we found 
fewer, yet comparable, host–microbiome associations (Extended Data 
Fig. 2b and Supplementary Table 2.7). For the liver, we detected associa-
tions between central metabolic pathways of the microbiota and chro-
matin organization in the host as well as between T cell proliferation and 
microbial branched-chain amino acid metabolism (Fig. 2b, Extended 
Data Fig. 2a and Supplementary Table 2.2). For the brain, we found 
strong correlations between protein catabolic processes and microbial 
nucleotide metabolism (Fig. 2c, Extended Data Fig. 2a and Supplemen-
tary Table 2.3). To independently validate host genes associated with 
microbiome functions, we determined their regulation in response to 
microbial colonization. To this end, we generated transcriptomic data 
from five tissues (colon, liver, brain, gonadal white adipose tissue and 
quadriceps) of three groups of mice: conventionally raised wild-type 
mice (CONVR), germ-free (GF) mice and mice conventionalized with 
faecal material from WT mice (CONVD; n = 8 per group). Comparing 

changes in the host7. Pathological changes in the host’s gastroenteric 
system, such as obstipation, constipation and barrier dysfunction, 
are comorbidities of many aging-related diseases and often precede 
the manifestation of these diseases by many years8. Moreover, the 
aging-associated loss of intestinal barrier function, which facilitates 
the translocation of living bacteria and their products into the blood-
stream, is implicated as a driver of systemic inflammaging, a hallmark 
of aging characterized by a constant low-grade inflammation even 
without the presence of a detectable pathogen10,11.

However, it remains unclear which microbiome changes are 
causes of aging in the host and which are consequences12. The primary 
reasons for this uncertainty are the high plasticity and complexity 
of the microbiota, which comprise dozens to hundreds of species13, 
the low species-level conservation of microorganisms across human 
cohorts14 and the myriad of metabolites through which the microbiota 
and host can interact15. One approach to overcome this complexity 
is constraint-based metabolic modelling16. This method builds on in 
silico representations of the metabolic networks of individual species—
so-called genome-scale metabolic networks—and allows the prediction 
of metabolic fluxes in individual species or entire communities17. This 
approach enables the integration of different types of omics datasets 
to derive context-specific metabolic networks (that is, networks repre-
senting the metabolic state of particular tissues or cells)18. Therefore, 
several studies have used constraint-based metabolic modelling to 
investigate changes in microbiome–host interactions in various dis-
eases19 and identify specific microbial processes linked to therapeutic 
response17,20.

In this study, we used tissue transcriptomic, metagenomic and 
metabolomic data to elucidate the metabolic mechanisms through 
which the gut microbiota could contribute to host aging. We exten-
sively characterized microbiome–host interactions at the level of 
global associations between host transcript levels and microbiome 
functions and then focused on metabolic interactions using an inte-
grated metabolic model of the host and the microbiota. Our results 
revealed many known interactions between the host and the microbiota 
and postulated numerous hitherto unknown ones. Next we investigated 
how these interactions change in the context of aging. We observed a 
considerable reduction in microbiome metabolic activity with age, 
which seemed to be driven by substantial changes in within-microbiota 
ecological interactions. We subsequently connected aging-related 
changes in the host with alterations in the microbiota and discov-
ered that aging-regulated gene networks were significantly enriched 
for both microbiome-dependent genes and microbiota-dependent 
host functions, as predicted by our models. These functions showed a 
marked decline with age. Our findings indicate that the microbiome is a 
major contributor to aging-associated metabolic decline, which we also 
observe at the metabolome level and thereby pinpoints metabolic path-
ways through which the microbiome may influence aging in the host.

Results
Taxonomic and functional description of the mouse 
microbiome
We studied the effects of aging in 52 male wild-type C57BL/6J/Ukj mice, 
separated into 5 age groups between 2 months and 30 months old, repre
senting early adulthood until late age with ~5% survival21. We obtained 
transcriptome sequencing data for the colon, liver and brain, as well as 
shotgun (167 Gbp) and long-read sequencing data (13.7 Gbp) for faecal 
samples, which we used to reconstruct 181 metagenome-assembled 
genomes (MAGs; total 367 Mbp) of bacteria comprising their gut micro-
biome (Fig. 1a and Extended Data Fig. 1a–e). Taxonomic classification 
with the Genome Taxonomy Database Toolkit (GTDB-Tk)22 assigned 
175 MAGs to known taxa (with the prefix ‘GCA_’ or ‘GCF_’), whereas  
6 MAGs did not have a matching genome (prefixed ‘UNK_’). Of those  
181 MAGs, 25 were considered high-quality drafts according to estab-
lished criteria23, and the rest were considered medium-quality drafts. 
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Fig. 1 | Mouse microbiome and metabolic model characterization.  
a, Phylogenetic tree of the 181 MAGs. See Supplementary Table 1.2 for detailed 
metadata information. b, Principal component analysis of the metabolic models 

of the mouse microbiota. Metadata associations to PCs are overlaid as arrows; 
the shapes denote the taxonomic rank order; the colouring of the symbols are 
according to a.
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genes responsive to microbial colonization (comparison CONVR versus 
GF and CONVD versus GF; Supplementary Tables 2.8–2.12) and those 
associated with microbiome function, we found a highly significant 
overlap in colon and liver, but not in brain (Fig. 2d). The lack of signifi-
cant overlap with microbiome-responsive genes in the brain might be 
partially due to the relatively small number of microbiome-responsive 
genes in this tissue (Supplementary Table 2.12).

Host–microbiome interactions in the metaorganism model
We next aimed to gain a more mechanistic understanding of the under-
lying metabolic pathways mediating host–microbiome associations 
with an integrated metabolic metamodel of the host and the micro-
biome. In this metamodel, the host is represented by three different 
tissues (colon, liver and brain) connected through the bloodstream and 
interacting with the microbiome through the gut lumen (Fig. 3a). Each 
host tissue is represented by a unique instance of the human metabolic 
reconstruction Recon 2.2 (ref. 28), whereas the microbiome is repre-
sented by a combined model including all the metabolic reactions 
occurring in at least one bacterial metabolic model reconstructed 
from the MAGs (Fig. 3a). Subsequently, context-specific metabolic 
metamodels representing the metabolic state of each mouse were built 
based on tissue transcriptomic and metagenomic data using fastcore29 
(Supplementary Table 3.1).

To explore the extent to which the metamodel could reconstitute 
known host–microbiome interactions, we used it to predict metabo-
lites exchanged between host and microbiota (Fig. 3b and Supplemen-
tary Table 3.2). In the colon, we observed many known interactions 
including a provision of the microbiome with bile acids as well as 
fucose, a part of mucins30, by the host and a microbial production of 
short-chain fatty acids. Moreover, we observed that the microbiota 
produced many nucleotides, including nucleotide derivatives such as 
NAD and coenzyme A. For the liver, we observed a provision of primary 
bile acids to the microbiota and microbial production of nucleotides 
and short-chain fatty acids. For the brain, we observed that the host was 
provided with the microbial fermentation product ethanol and several 
pyrimidines. The brain and colon provided the pyrimidine precursor 
orotate and the nucleotide degradation product uracil to the micro-
biota, while the microbiota provided uridine and deoxycytidine in 
return. Overall, we found that among the predicted interactions shown 
in Fig. 3b, 42 (51%) were already supported by previous experimental 
evidence across all three organs (Supplementary Table 3.9), thereby 
strongly supporting the ability of the metamodel to capture metabolic 
microbiome–host interactions.

To elucidate the underlying metabolic pathways connecting the 
host and microbiota that might mediate the extensive associations 
we have observed, we sampled elementary flux modes (EFMs)31 in the 
metamodel with the EFMSampler32. Each host reaction was defined as 
an indicator reaction through which EFMs were sampled. By record-
ing the frequency at which microbial reactions occurred in the EFMs 
of a host indicator reaction, we obtained an interaction matrix of the 
frequency at which microbiome reactions occurred in the pathways 
sampled for individual host indicator reactions. Using these interaction 
matrices, we found that correlated host gene–microbiome reaction 
pairs (see Fig. 2) had a higher frequency of model-predicted inter-
actions compared with randomly sampled pairs for liver and colon, 
but not for brain (Extended Data Fig. 3a). These findings suggest a 
coupling of host metabolic transcription and microbiome metabolic 
functionality, even though this might be biased by the utilization of 
the same data basis for determining host–microbiome correlations 
and reconstructing the metamodel.

To validate the metamodel’s ability to identify microbiome–host 
interactions, we examined how microbial colonization influenced 
predicted microbiome-dependent host reactions using gene expres-
sion data from our GF mouse cohort. In addition to the colon, liver 
and brain, we analysed gonadal white adipose tissue and quadriceps 

to assess whether microbiome dependency in one tissue could inform 
predictions for others. For each tissue, we identified upregulated, 
downregulated and unregulated genes, mapped them to reactions 
and evaluated their predicted microbiome dependency. Upregu-
lated reactions showed significantly higher microbiome dependency 
than unregulated reactions in seven comparisons, while downregu-
lated reactions showed higher dependency in three (Fig. 3c). Only 
two instances showed lower dependency in regulated reactions, 
strongly supporting the ability of the metamodel to capture func-
tional host–microbiome interactions. To show that these results were 
not due to modelling-inherent biases, we repeated the analysis with 
gene labels randomized and did not find a single case with a higher 
number of significant associations across 1,000 randomized repeti-
tions (Extended Data Fig. 3b). We further validated the metamodel by 
showing a strong correlation between model-predicted microbiome 
dependence of serum metabolites and microbiome-driven variance of 
those metabolites in an independent human metabolomics cohort33  
(Spearman’s ρ = 0.43, P = 1.5 × 10−3; Extended Data Fig. 3c and Supple-
mentary Table 3.10).

To  f u r t h e r  f u n c t i o n a l l y  c h a r a c t e r i z e  t h e  h o s t –
microbiome-interaction matrix, we performed enrichments for host 
and microbial metabolic subsystems (Fig. 3d–f). In the colon, we found 
host pathways associated with energy metabolism, nucleotide metabo-
lism, vitamin metabolism and amino acid metabolism (Fig. 3d) depend-
ing on fermentation products, nucleotide metabolism and vitamin 
biosynthesis pathways of the microbiota. In the liver, energy-producing 
pathways and bile acid synthesis were prominent on the host side and 
fermentation pathways on the microbiome side (Fig. 3e). In the brain, 
microbiome-dependent host reactions were enriched in nucleotide 
metabolism, folate metabolism and the metabolism of neurotransmit-
ter precursors, such as tryptophan and tyrosine (Fig. 3f). Although 
most host–microorganism interactions were relatively generic, rely-
ing on basic microbial metabolic functions (such as glycolysis and 
fermentation), we also identified specific interactions, such as colonic 
nucleotide interconversion dependent on microbial ATP synthesis 
and colonic coenzyme A catabolism reliant on microbial production 
of phosphopantothenate, a coenzyme A precursor.

Aging is linked to reduced microbiome metabolic activity
We next explored functional and taxonomic changes in the aging micro-
biome. Consistent with previous reports in mice34,35, we observed that 
age was associated with a decrease in the abundance of Bacillota and 
an increase in Bacteroidota (Fig. 4a), also when inferring taxonomic 
changes from metagenomic data directly (Extended Data Fig. 4a and 
Supplementary Table 4.15). To obtain a better functional understand-
ing of these species-level changes, we used community flux balance 
analysis (FBA)17 to predict microbial metabolic activities (Supplemen-
tary Methods). In contrast to the metaorganism modelling approach 
used in the previous section, which does not differentiate between 
individual microbial species owing to computational limitations, 
community FBA models each microbial species individually. Sum-
marizing age-associated reactions on the pathway level, we mainly 
observed negative associations (Fig. 4b) involving many biosynthetic 
pathways essential for bacterial replication, such as synthesis of amino 
acids, nucleotides, vitamins and cell wall components. Similarly, for 
metabolic interactions between the microbiota and the host as well 
as within the microbiota, we mainly observed strong reductions in 
both the consumption and production of metabolites (Fig. 4c and 
Extended Data Fig. 4b), including the production of the short-chain 
fatty acid butyrate, and increased production of few metabolites, 
including pro-inflammatory succinate36. Consistent with a generally 
reduced microbial metabolism, we also found that model-predicted and 
metagenomics-derived microbial growth rates decreased considerably 
with age (Fig. 4d) and were strongly correlated (Extended Data Fig. 4c). 
Furthermore, we evaluated the change of FBA-predicted community 
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growth upon removal of single bacterial members, and observed that 
MAGs suppressed in aging had a beneficial effect on community pro-
ductivity and growth, while MAGs which were enriched in old mice 
showed a negative impact (Extended Data Fig. 4d,e).

To gain insight into the potential microbiome-intrinsic causes of 
the observed aging-associated suppression of metabolism, we used 
community FBA17 to predict the frequencies of ecological interactions 
(Methods). We observed a significant decrease in amensal, commen-
sal and neutral interactions at the expense of increased competitive 
interactions (Fig. 4e). These shifts in community interactions were 
also observed at the level of individual microbial ecological strategies 
derived from the universal adaptive strategies theory framework37,38, 
indicating a shift in the community towards the dominance of ruderals, 
which are first colonizers of niches and poor interaction partners owing 
to reduced catabolic diversity37 (Extended Data Fig. 4f).

To further explore the predicted loss of microbiome metabolic 
activity and metabolic cooperativity with age, we performed an untar-
geted metabolomics analysis of faecal samples from an independent 
cohort of 82 mice across all age groups. We determined the corre-
lation between the abundance of identified metabolomic features 
and age and found that 374 of 561 features (67%) showed significant 
downregulation (FDR-adjusted P ≤ 0.1; Fig. 4f). Within this dataset, we 
specifically annotated bile acids using reference standards because 
of their previously documented role in host aging39. Consistent with 
the reduction in microbiome metabolic activity with age, we found 
that the concentrations of host-regulated bile acids were significantly 
increased (four out of six features). By contrast, the concentrations 
of microbiome-regulated bile acids were mostly reduced (seven out 
of eight features). Intriguingly, metabolomic features annotated as 
cholic acid-7-sulfate, which is produced by the host but regulated 
by the microbiota40, were exclusively downregulated with age. Also, 
further microbiome-regulated metabolites, including valine, betaine, 
nicotinamide, enterolactone and 3-hydroxykynurenine, were down-
regulated with age (Supplementary Table 4.12). Moreover, we found an 
increase in the pro-inflammatory microbial metabolite d-galactose, for 
which we observed a strong association with host immune processes 
in the colon (Fig. 2b), although only significant before FDR correction 
(Extended Data Fig. 4g).

Aging decline of microbial metabolism impacts host functions
Next, we investigated how the aging-associated loss of microbiome 
metabolic function potentially impacted host functions. To this end, we 
used differential gene expression analysis and GO term enrichment to 
identify aging-regulated genes and processes. Consistent with our pre-
vious work, we found a considerable conservation of aging-regulated 
genes across tissues3 including 157 transcripts that were consistently 
downregulated and 526 genes that were consistently upregulated. 
Upregulated genes were mostly enriched for immune-associated 
processes and downregulated genes in cellular maintenance and 
tissue regeneration processes (Fig. 5, Extended Data Fig. 5a–d and 
Supplementary Tables 5.1‒5.9). Exploring connections between 
aging and the microbiome, we found a highly significant enrichment 
of microbiome-correlated transcripts among aging-regulated genes 
across all tissues (Fig. 6a). Along with the loss of microbiome meta-
bolic function with age (see Fig. 4), we also found a pronounced loss of 
host–microbiome associations with age (Extended Data Fig. 6a–e). We 
found a higher number of GO biological processes for both aging and 
microbiome-associated genes in the colon than in the liver and brain 
(Fig. 6b, Extended Data Fig. 6f,g and Supplementary Tables 6.1–6.4). 
Notably, tissue homeostasis and organ regeneration processes were 
downregulated in the colon with age but positively correlated with 
microbial metabolic pathways. Conversely, aging-induced processes, 
primarily defence, inflammatory and immune responses, were nega-
tively associated with microbial metabolism (Fig. 6b). Brain devel-
opment was negatively correlated with microbial metabolism and 

downregulated with aging (Extended Data Fig. 6g). On the microbial 
side, glycolysis, nucleotide synthesis and d-galactose degradation 
were suppressed with age and mostly negatively correlated with host 
gene expression (Fig. 6c). In connection with the aging-associated 
increase in microbial production of the pro-inflammatory metabolite 
succinate, observed in community modelling (see Fig. 4c), we also 
identified many aging-associated changes in succinate-metabolizing 
microbial pathways correlated with host gene expression (for example, 
oxalate and itaconate degradation).

Given the observed reduction in microbiome–host associa-
tions, we next aimed to identify the underlying metabolic pathways 
potentially mediating those changes. To achieve this, we defined 
aging-regulated metabolic modules among the metamodel’s metabolic 
reactions using the host–microbiome-interaction matrix obtained 
from EFM sampling. Metabolic modules were determined accord-
ing to sampled EFMs (compare with Fig. 3d–f), selecting reactions 
present in at least 20% of the EFMs for each indicator reaction (Meth-
ods). Aging regulation of those modules was then inferred from the 
over-representation of aging-regulated reactions in each module. 
In the colon, liver and brain, we identified aging-induced (51, 88 and 
99, respectively) and aging-repressed (2,509, 1,702 and 524, respec-
tively) metabolic modules (Supplementary Tables 6.5–6.7), with 
aging-repressed modules being significantly more dependent on 
the microbiome across all tissues (Fig. 6d). These modules revealed 
downregulation of colon metabolic pathways linked to fatty acid oxi-
dation, N-glycan synthesis and sphingolipid metabolism, which are 
central to cellular homeostasis. In the liver, downregulated modules 
were enriched in bile acid synthesis and triacylglycerol synthesis, 
aligning with age-related shifts in bile acid profiles (see Fig. 4f). In the 
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brain, aging-regulated modules were enriched in nucleotide as well 
as sphingolipid metabolism and transport pathways (Fig. 6e and Sup-
plementary Table 6.8). Given the strong effect of aging-suppressed 
microbiome metabolism on the brain (Fig. 6d,e), we analysed its impact 
on the brain metabolome using a public mouse dataset41. Correlations 
between metabolite concentrations and mouse age revealed that 
metabolites provided from host to microbiota accumulated with age, 
while microbiota-derived metabolites were depleted (Fig. 6f). This 
included accumulation of nucleotide precursors such as orotate and 
uracil, and depletion of salvage pathway products such as adenosine, 
2-deoxycytidine and uridine (Fig. 6g).

Discussion
In this study, we performed a model-based analysis of aging-associated 
alterations in host–microbiota interactions in mice. We reconstructed 
181 MAGs using shotgun and long-read sequencing, converting them 
into constraint-based metabolic networks. Our investigation revealed 
extensive associations between microbiome functions and the host’s 
colon, liver and brain transcriptome. Many correlations involved host 
immune processes, mitochondrial function and chromatin modifica-
tion, alongside microbiome-derived metabolites such as d-galactose, 
known to promote neurodegeneration and inflammation42, and leu-
cine, a regulator of T cell function43. Associations also highlighted 
microbial fermentation and nucleotide metabolism, consistent with 
the roles of microorganism-produced short-chain fatty acids and 
nucleotides in colonic energy balance44 and intestinal barrier func-
tion45 (Extended Data Fig. 7).

A key aspect of our analysis was the reconstruction of metabolic 
metaorganism models, adapted from whole-body metabolic models 
for humans46. These models successfully recovered well-documented 
microbiome–host interactions involving short-chain fatty acids, bile 
acids and other microbial metabolites. Notably, 51% of the predicted 
high-confidence interactions were corroborated by existing literature. 
Furthermore, genes found to be regulated by microbial colonization 
also showed a higher microbiome dependence in the metamodels, 
underscoring the metamodel’s ability to infer host–microbiome inter-
actions accurately.

Examining reaction-level dependencies via EFM analysis revealed 
that the host most often depended on central metabolic reactions of 
the microbiome. This strategy may reduce reliance on specific bacte-
rial species, broadening the potential pool of interaction partners47, 
consistent with conserved gut microbiome functions across human 
cohorts48. However, the focus on central pathways might also reflect 
biases in the model’s representation of bacterial metabolism.

Another interesting aspect of the predicted microbiome–host 
exchanges are metabolites that the host can produce itself, such as 
nucleotides. The reasons for the existence of such exchanges could 
include advantages from a division of labour, as frequently observed 
within microbial communities49, a reliance of the host on the microbiota 
as a metabolic backup system to increase phenotypic plasticity50, 
or evolutionary addiction, whereby mutual dependencies develop 
owing to the constant exposure of the host to microbially produced 
metabolites51.

Aging-associated changes of the microbiome communities 
revealed increases in Bacteroidota and decreases in Bacillota species, 
reflecting human studies linking Bacteroidota persistence to poorer 
health and Bacillota enrichment to healthier aging5. Furthermore, we 
observed reduced microbiome growth and metabolic activity, spe-
cifically for the production of butyrate as key changes in aging. This 
aligns with findings of decreased serum butyrate levels in aged mice 
and humans35,52. By contrast, metabolic modelling predicted increased 
production of the pro-inflammatory metabolite succinate53, a known 
indicator of a dysbiotic gut environment54, which we found to be 
associated with key processes deregulated in aging on the host side 
including, as previously reported, DNA damage response55 and protein 

homeostasis56. Reduced microbial growth could underlie increased 
constipation risk57 and longer colonic transit times58 observed during 
aging. Reduced microbial growth and a decreased capacity to turn nutri-
ents into biomass have previously also been observed as a direct effect 
of increased transit times in a bioreactor setup mimicking the colon59.

Our analysis suggested that age-related changes in gut ecol-
ogy involved increased competition and decreased cross-feeding, 
reducing dietary resource utilization efficiency. These trends were 
reflected in faecal metabolomics, in which most metabolic fea-
tures decreased with age. Host-regulated bile acids increased, while 
microbiome-regulated bile acids declined. Anti-inflammatory metabo-
lites such as valine, betaine and 3-hydroxykynurenine60–62 decreased, 
while pro-inflammatory metabolites such as d-galactose increased63.

Aging-associated inflammation and suppressed cellular repli-
cation across host tissues were consistent with our previous find-
ings on conserved aging signatures3. Colon-specific changes in the 
transcriptome, supported by previous studies, included altered gut 
motility64, reduced colonic barrier function65 and proliferation66, while 
the liver showed a decrease in mitochondrial biogenesis, as previously 
observed67.

Aging also considerably affected host–microbiome interactions. 
Aging-regulated host genes were enriched for those correlated with 
microbiome functions, particularly in downregulated metabolic mod-
ules central to cellular homeostasis, such as fatty acid oxidation and 
nucleotide uptake. These findings align with our correlation analyses 
showing positive associations between microbial metabolism and 
host homeostasis and negative associations with inflammation. We 
previously observed a similar loss of microbiome–host interactions 
as a key component of pathology in inflammatory bowel disease20. 
The observed loss of host–microbiome interactions across all organs 
indicates that the microbiome might contribute to crucial aspects of 
the systemic aging process, such as metabolic decline68,69 and the loss 
of cellular proliferation, along with stem cell exhaustion2.

Microbially produced nucleotides emerged as a key metabolic 
exchange, with model predictions indicating host provision of pre-
cursors (for example, orotate) and degradation products (for exam-
ple, uracil) to the microbiota, which provided nucleotides in return. 
This exchange aligns with our observation of widespread correlations 
across all tissues between host gene expression and microbial nucleotide 
metabolism. Despite host capability for de novo nucleotide synthesis, 
recent studies emphasize the microbiota’s contributing role, particularly 
in the colon45,70. Bacterial species such as Escherichia coli and Bacteroides 
spp. actively excrete ATP, non-lyticly, during growth71,72, and bacterial ATP 
contributes to intestinal barrier function45 as well as immune modulation 
via purinergic receptors70. An aging-associated decline in nucleotide 
co-metabolism could underlie diminished intestinal barrier integrity45, 
linked to age-related diseases73,74, reduced systemic proliferative capac-
ity75 and impaired mitochondrial function76. Furthermore, microbiome 
involvement in brain nucleotide salvage, crucial for DNA repair and cel-
lular homeostasis77, might relate to neurodegeneration78.

In summary, we identified pronounced aging-associated changes 
in microbiome–host interactions, largely driven by reduced microbial 
metabolic activity. Although limited by its reliance on modelling, 
our study validated many interactions through independent analy-
sis and literature, offering insights into the systemic aging process. 
Notably, while metabolic metamodels identify specific metabolite 
exchanges, transporter promiscuity and modelling limitations may 
imply the exchange of structurally related compounds in vivo. A fur-
ther limitation of our study was the exclusive use of male mice, as the 
logistical challenges of establishing a separate aging cohort for females 
precluded the inclusion of both sexes. Focusing initially on males 
ensured consistency by avoiding sex-specific variability. Consequently, 
sex-specific changes were not investigated in this study but will be 
considered in future research. Besides chronological age, future work 
should also incorporate epigenetic clocks and biological age markers 
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such as frailty, loss of motor function and cognitive decline79. Finally, 
our identification of a loss of microbiome metabolic activity indicates 
a potentially crucial aging-associated change that could contribute to 
many aging-associated pathologies in the host. Therefore, microbiome 
metabolic activity could be a target for future microbiome-based 
therapies. Our modelling approach could play a crucial role in design-
ing targeted interventions aimed at mitigating microbiome-driven 
aspects of aging.

Methods
Mouse strains
Main study and metabolomics cohorts. The mice used for the aging 
study were an in-house strain derived from the C57BL/6J strain (The 
Jackson Laboratory). These C57BL/6J/Ukj mice lack two common muta-
tions found in the C57BL/6J strain: the DIP686 mutation in the crumbs 
family member 1 (Crb1) gene, which is vital for eyesight in aging mice, 
and a mutation in the nicotinamide nucleotide transhydrogenase 
(Nnt) gene, which encodes mitochondrial NAD(P) transhydrogenase, 
protecting against oxidative stress. Preserving both these genes is 
advantageous for metabolic and aging studies in mice.

GF mice cohort. The GF mice used for the analysis of host responses 
to microbial colonization were rederived axenic conventional Jackson 
Laboratory C57BL/6J, strain 000664 mice (The Jackson Laboratory). 
The mice were housed in the Experimental Biomedicine facility at the 
University of Gothenburg, Sweden.

Animal handling
Main study cohort. Male C57BL/6J/Ukj mice were bred in the Central 
Experimental Animal Facility at Jena University Hospital ( Jena, Ger-
many). The mice were housed at 22 ± 2 °C with a 14:10 h day–night cycle 
and a relative humidity of 55% ± 10%. They were co-housed accord-
ing to their birth cohort (similar ages) in standard cages (GM500, 
Type III; Tecniplast Deutschland), and a maximum of two mice from 
the same cage were used for experiments. The mice had unlimited 
access to water and food (mouse V1534-300, ssniff Spezialdiäten). 
Next-generation RNA sequencing of host tissues and metagenomics 
of faecal samples were conducted in 52 mice of different ages span-
ning the mouse’s adult lifespan (2–3 months (mean = 2.5 months), 
9–10 months (mean = 9.8 months), 15–17 months (mean = 15.9 months), 
24–2 5 months (mean = 24.8 months) and 28–31 months 
(mean = 29.1 months)). For simplicity, the five age groups are referred 
to as 2 months (n = 10), 9 months (n = 10), 15 months (n = 10), 24 months 
(n = 10) and 30 months (n = 12) throughout the paper (Supplementary 
Table 1.1). In our study, we focused exclusively on male mice for two 
primary reasons. First, we aimed to minimize potential confounding 
factors arising from fluctuations in sex hormones in female mice, 
which are known to influence metabolic processes across tissues dur-
ing aging80. Second, addressing sex differences in aging would have 
required a fully stratified experimental design3 and, consequently, 
a separate cohort of female mice. Given that only 10–15% of animals 
typically reach the age of 30 months, achieving comparable sample 
sizes and statistical power for the oldest age group alone would have 
necessitated approximately 100 female mice.

Metabolomics cohort. An independent mouse cohort was used for 
the metabolomics analysis of faecal samples. This cohort comprised 
83 male mice in five age groups: 3 months (n = 16), 9 months (n = 16), 
15 months (n = 16), 24 months (n = 17) and 28 months (n = 18) (Sup-
plementary Table 4.11). These mice were bred and housed in the same 
mouse facility under the same conditions.

GF mice cohort. For the analysis of host responses to microbial colo-
nization, tissues of female C57BL/6J mice (n = 24) were obtained from 
the Experimental Biomedicine facility at the University of Gothenburg, 

Sweden. Throughout the experiment, the mice had ad libitum access 
to chow and water and were exposed to a 12:12 h light–dark cycle. The 
mice were divided into three treatment groups: GF (n = 8), conven-
tionally raised (CONVR, n = 8) and conventionalized (CONVD, n = 8). 
The mice within each group were not all littermates. A CONVR mouse, 
which was not part of the sampled CONVR group and was ~10 weeks 
old, served as the donor for the conventionalization process. GF mice 
were orally gavaged with gut microbiome at 10 weeks of age on aver-
age (Supplementary Table 1.1). The gut microbiome used for conven-
tionalization was extracted from the caecum and mixed with reduced 
phosphate-buffered saline to obtain a final volume of 200 μl.

Sample collection
Main study and metabolomics cohort. The mice were sacrificed by 
cervical dislocation in three cohorts (randomized by age) on three 
consecutive mornings. The left hemisphere of the brain was prepped 
on ice, transferred to liquid nitrogen for storage and used later for RNA 
extraction. Faeces were collected from the colon by squeezing the 
colon contents towards the distal end and snap-freezing one pellet in 
liquid nitrogen; the pellets were used later for metagenomic sequenc-
ing (for the first cohort) or metabolite measurement by hydrophilic 
interaction liquid chromatography ultrahigh-performance liquid 
chromatography–tandem mass spectrometry (for the second cohort). 
The colons were rinsed with sterile phosphate-buffered saline and cut 
longitudinally; a piece measuring the length of one-eighth of the left 
half of the mid colon was frozen in liquid nitrogen for later use in RNA 
extraction. A piece with a length of approximately 1 cm was cut from the 
end of the left lateral lobe of the liver and snap-frozen in liquid nitrogen 
for later use in RNA extraction. RNA was extracted from tissue samples 
of the liver, colon and left brain hemisphere using the phenol–chloro-
form extraction method with 1 ml of Qiazol Lysis Reagent (Qiagen)81.

All studies were performed in strict compliance with the recom-
mendations of the European Commission for the protection of animals 
used for scientific purposes and with the approval of the local govern-
ment (Thüringer Landesamt für Verbraucherschutz, Germany; license: 
02-024/15; TWZ-000-2017). Experiments were performed according 
to the ARRIVE guidelines82.

GF mouse cohort. At ~12 weeks of age, all mice were sacrificed for the 
extraction of brain, colon, liver, gonadal white adipose tissue (gWAT) 
and quadriceps tissues. RNA was isolated from the brain, colon, liver 
and quadriceps via the ‘RNeasy mini kit’ (Qiagen) according to the 
manufacturer’s protocol, while RNA from gonadal white adipose tissue 
was isolated using the TRIZOL method83. Briefly, 1 ml TRIzol was added 
to 50–75 mg pestle-homogenized tissue followed by vortexing, a 5-min 
incubation at room temperature and addition of 200 μl chloroform. 
After mixing, further incubation at room temperature for 2–3 min 
and centrifugation (12,000 g) at 4 °C for 5 min, the clear supernatant 
was mixed with 500 μl isopropanol followed by incubation at room 
temperature for 10 min. After further centrifugation (12,000 g) at 4 °C 
for 10 min, the supernatant was discarded and the pellet washed with 
1 ml cold 75% EtOH followed by vortexing and centrifugation (7,500 g, 
4 °C, 5 min). The pellet was dried and dissolved in RNase-free water. 
All animal protocols were approved by the Gothenburg Animal Ethics 
Committee (vote #2652-19).

Metagenomic sequencing
Microbial DNA was extracted from colon contents with the DNeasy 
PowerSoil Kit (Qiagen) following the manufacturer’s protocol. Next, the 
DNA was prepared at the Max Planck Institute for Evolutionary Biology 
(Plön, Germany) with the Illumina NexteraXT Library Kit. All 52 samples 
were pooled and sequenced for 2 × 150 cycles in paired-end mode on 
all four lanes of an Illumina NextSeq 500 machine. Demultiplexing 
was performed with one mismatch allowed in barcodes. The raw read 
data were merged sample-wise and subjected to quality control for 
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adaptor contamination and base call qualities. Adaptor sequences with 
an overlap of ≥3 bp and base calls with a Phred+33 quality score of <30 
were trimmed from the 3′ ends of reads using Cutadapt (version 1.12). 
Illumina’s Nextera transposon sequence and the reverse complement 
of TruSeq primer sequences were used as adaptor sequences.

Subsequently, reads were subjected to quality control using Prin-
seq lite (version 0.20.4) with a sliding window approach that applied a 
step size of 5 bp, a window size of 10 bp, a mean base quality of <30 and 
a minimum-length filter that discarded any reads shorter than 50 bp 
after all other quality control steps. To filter out host sequences, the 
remaining sequences were mapped to the mouse reference genome 
(GRCm38.99) with Bowtie (version 2.2.5). The remaining unmapped 
reads were then used for MAG assembly.

No significant differences were detected in the total microbial read 
depth or host contamination between age groups (Kruskal–Wallis test 
with post hoc Dunn’s test and Benjamini–Hochberg multiple-testing 
correction conducted with the DunnTest function in the DescTools R 
package (version 0.99.50); Extended Data Fig. 1b,c).

Long-read sequencing was performed at the next-generation 
sequencing (NGS) core facility of the FLI Leibniz Institute on Aging ( Jena, 
Germany). The DNA quality was assessed with an Agilent Bioanalyzer 
2100 with a DNA 12000 Kit (Agilent Technologies) and quantified with an 
Invitrogen Quant-iT PicoGreen dsDNA Assay (Thermo Fisher Scientific). 
The sequencing library was prepared according to the Pacific Biosystems’ 
manual ‘Procedure & Checklist - 20 kb Template PreparationUsingBlue-
Pippin Size-SelectionSystem’ (version 10, January 2018) with the SMRT-
bell Template Prep Kit 1.0 (Pacific Biosciences). Specifically, DNA from 
age-matched samples was pooled, fragmented (75 kb) by a Megaruptor 
(Diagenode) and size selected for >6-kbp fragments with a BluePippin 
and 0.75% Gel Cassette (programme: 0.75% DF Marker S1 High-Pass 
6–10 kb vs3; Sage Science). Each pool was loaded onto a SMRTcell and 
sequenced on a Pacific Biosystems RSII machine with DNA-Sequencing 
Kit 4.0 v2, MagBeadBuffer Kit v2, MagBead Binding Buffer Kit v2 and 
DNA Polymerase Kit P6v2. The sequence output of these eight runs had 
an average read length of 7.8–9.7 kb with a minimum yield of 750 kbp per 
SMRTcell. The raw read data were subjected to quality control, processed 
into circular consensus sequences and subreads, and exported as FASTQ 
files via the SMRTportal (provided by Pacific Biosciences).

MAG assembly and annotation
MAGs were constructed as follows (outlined in Extended Data Fig. 1a). 
Pacific Biosystems circular consensus sequences and subreads were 
used as is, while Illumina shotgun reads were filtered for low read 
quality, adaptors and host contamination (Metagenomic Sequenc-
ing). A full cohort assembly was done in metaSPAdes (SPAdes version 
3.13.1) in hybrid mode with k-mer sizes of 21, 33, 55 and 77. Concat-
enated, quality-controlled, forward and reverse Illumina short read 
files of all samples were used as input. In addition, the assembly soft-
ware was informed with the eight Pacific Biosystems long read banks 
(hybrid mode) in the form of filtered subreads and circular consensus 
sequences.

The resulting scaffolds were filtered for a minimum length of 
1,000 bp and coverage ≥7.7815. The cut-offs were determined by 
scatter plotting coverage versus length, as described in ref. 84. The 
quality-controlled metagenomic reads were mapped back to the filtered 
scaffolds with Bowtie (version 2.2.5); the insert size was 0–1,000 bp 
in the very sensitive, non-deterministic, ‘fr’ stranded mode with 
end-to-end alignment. Non-unique mappings and unaligned reads 
were discarded. The scaffold coverage depth was determined with the 
jgi_summarize_bam_contig_depths script from MetaBAT (version 2.12.1). 
This coverage depth information was then used to sort the remaining 
scaffolds into bins, each representing single bacterial genomes, with 
the binning tools MetaBAT (version 2.12.1), CONCOCT (version 1.1.0) 
and MaxBin (version 2.2.4). For CONCOCT, the scaffolds were broken up 
into 10-kbp chunks. Bin refinement was conducted with the combined 

results of all three binners (252 bins) with DASTool (version 1.1.2); subse-
quently, quality metrics were calculated by CheckM (version 1.1.2). Bins 
with a quality estimate of >80% and a contamination estimate of <10% 
were considered for further analysis and are henceforth referred to as 
MAGs. In our reporting of medium- and high-quality MAG drafts, we 
referred to the standards and metrics laid out by The Genome Standards 
Consortium23. Accordingly, a MAG will be considered high quality with 
a completion >90%, contamination <5% and whether genes for 23S, 16S 
and 5S rRNA and at least 18 tRNAs are recovered. While 133 of our 181 
MAGs fulfil these very strict completion and contamination cut-offs, 
only 25 of those 133 could be considered true high-quality MAGs only 
due to some missing rRNA or tRNA genes. The lack of those genes, how-
ever, does not impact the quality of our MAG-derived metabolic models. 
Only 18 of our MAGs showed a contamination score greater than 5%, 
ranging from 5.1% to 9.8% with a mean of 6.7%, and only 2 of those 18 had 
a completeness score <90% (Supplementary Table 1.2). We used slightly 
less strict cut-offs for contamination and completeness to include a 
larger variety of MAGs in our study. While the metabolic model construc-
tion from MAGs can partially compensate for lack of completeness via 
gap filling and for contamination by pathway-completeness checks, 
our more loose contamination cut-offs might reduce the accuracy of 
taxonomic assignments.

The 181 final MAGs were taxonomically annotated with GTDB-Tk 
(version 2.1.1) and database version r214. The tRNA genes were char-
acterized using tRNAscan-SE (version 2.0.9). The 16S rRNA genes were 
detected by barrnap (version 0.9) in the ‘kingdom bacteria’ mode. A 
phylogenetic tree of the 181 MAGs (Fig. 1a) was created from a mul-
tiple sequence alignment created by GTDB-Tk (align/gtdbtk.bac120.
user_msa.fasta.gz) with the European Bioinformatics Institute’s online 
Simple Phylogeny tool (ClustalW version 2.1) and visualized with R 
statistical software. The complete characterization of the MAGs is 
provided in Supplementary Table 1.2.

For association with age, MAG abundances were calculated via the 
mean of the scaffold coverage depths across all scaffolds belonging 
to a MAG, normalized by total sample abundance and then correlated 
with age in linear models for each MAG across all samples. The P values 
were corrected for multiple testing with the Benjamini–Hochberg FDR 
method. Significant age-associated MAGs (FDR-adjusted P value ≤ 0.05) 
were plotted (Fig. 4a).

Microbiome metabolic model construction
Metabolic models were constructed for each of the 181 mouse gut bac-
teria inferred from our MAGs in samples from the 52 mice. The recon-
struction was performed in gapseq (version 1.2) with default settings 
including gap filling of models (git commit: 159ad378; sequence DB 
md5sum: bf8ba98)24. Gap filled reactions for each model are indicated 
in the reconstructed models in the Zenodo archive. The nutritional 
input for the computational models was designed according to the 
fortified rat and mouse diet (V1534-300; ssniff Spezialdiäten). The 
diet was reconstructed according to the vendor’s information on its 
molecular constituents translated into the corresponding metabolites 
in the models, following the protocol described in ref. 85. We assumed 
an average daily uptake of 3.5 g of food based on reference values86. This 
amount was used to transform the percentages into grams and then 
millimoles (millimoles per day). Limited information was reported on 
fibre in the mouse diet; therefore, their values were imputed from the 
consumed quantities of cereal and grain products of a German human 
cohort17. Because the simulations depicted the intestinal setting, the 
absorption in the small intestine was considered when calculating the 
dietary input (see Supplementary Tables 1.3–1.11 for the respective 
calculations and references).

Growth rate prediction from metagenomic data
To further validate the model growth rates, CoPTR87 was used to esti-
mate growth rates from the MAGs in each sample. This method uses the 
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peak-to-trough ratio (PTR) (that is, the ratio of sequencing coverage 
near the replication origin and the replication terminus) to estimate 
the growth of a MAG in a sample88. We first indexed the MAGs with the 
command ‘coptr index –bt2-threads’. Next, using this index, we mapped 
our quality-controlled metagenomic reads against our 181 MAGs with 
the command ‘coptr map –threads 4 –paired’. Then, read positions were 
extracted with the command ‘coptr extract’, and the PTR was estimated 
with the command ‘coptr estimate’. Default parameters were used for all 
commands except ‘coptr index’ and ‘coptr map’ for which the number of 
threads was specified. In addition, ‘–paired’ was set for the ‘coptr map’ 
command to inform the software about the use of paired-end reads. 
Community growth was determined for each mouse’s microbiome 
community by calculating the median growth rate across all MAGs in 
its sample. We did not weight growth rate predictions by individual 
species’ abundances to obtain a community-level growth rate. Thereby, 
we avoided spurious correlations with community growth rates pre-
dicted using community FBA as community FBA explicitly incorporates 
abundance information. Please note that while a previous study found 
little correlation between PTR estimates and experimentally measured 
growth rates89, this study did not include CoPTR in the benchmark and 
CoPTR itself was explicitly validated on MAGs.

Modelling of ecological relationships within the microbiome
The ecological relationships for each pair of bacteria across all spe-
cies were predicted. To this end, the growth achieved by a single bac-
terium was compared with that achieved when each bacterium was 
co-grown with other bacteria. The relationships were characterized 
using the ecological relationships described in a previous study (Fig. 1 in  
ref. 90) as a reference. Growth was estimated by FBA for single growth 
and community FBA for combined growth. To achieve this, we used the 
R packages sybil91 and MicrobiomeGS2 (www.github.com/Waschina/
MicrobiomeGS2) and the linear programming solver IBM ILOG CPLEX 
22.10. The six types of ecological relationships and their frequencies 
among each microbial community were inferred with the R EcoGS 
package (https://github.com/maringos/EcoGS). To this end, we con-
sidered for each microbiome each potential pair of species. The type 
of ecological interaction between the pair was determined by compar-
ing individual growth rates with growth rates when both species were 
combined. Summing pairwise frequencies for each type of inferred 
interaction, we then obtained the frequency of an interaction in each 
community. To obtain relative frequencies, the abundance of eco-
logical relations was normalized sample-wise to a sum of 1. Next, a 
linear model analysis of each ecological interaction type with age was 
conducted and P values were adjusted for multiple testing using the 
Benjamini–Hochberg FDR method.

Host–microbiome partial correlations
The transcriptomic data were normalized separately for each organ 
(colon, liver and brain) using variance-stabilizing transformation 
informed with age and sequencing batch (blind = FALSE) implemented 
in the R package DESeq2 (version 1.40.2)92. A near-zero variance filter 
was also applied using the nearZeroVar function of the R package caret 
(version 6.0-94). The active reactions of each mouse’s microbiome 
community were predicted as described in ‘Estimation of Functional 
Capacity of Microbiomes’. The host transcript abundances were cor-
related pairwise with microbiome active reactions (each transcript with 
each reaction), correcting for age and sequencing batch (only for the 
liver and brain), with Spearman’s partial correlations (implemented 
in the R package ppcor (version 1.0)93). To balance stringent false dis-
covery cut-offs with reasonable result counts, strong correlations 
with a Benjamini–Hochberg FDR-corrected94 P ≤ 0.1 and Spearman’s 
ρ ≥ 0.55 were considered for downstream analysis. Correlated feature 
pairs were obtained for the colon (n = 12,732), liver (n = 3,425) and brain 
(n = 2,499). They consisted of n unique features for the colon (micro-
biome, n = 1,606; host, n = 2,815), liver (microbiome, n = 1,359; host, 

n = 1,277) and brain (microbiome, n = 1,236; host, n = 926). The strong 
correlations were stratified into either positive or negative correla-
tions according to their correlation values and then annotated with 
GO biological processes25 (host transcripts) or MetaCyc Pathways26 
(microbiome reactions) using hypergeometric over-representation 
tests with the phyper function of the R stats package (version 4.3.2; 
x = ‘correlated features enriched for the term’ − 1, m = ‘the total of 
all correlated features,’ n = ‘all features’ – ‘correlated features’ and 
k = ‘the total of the features in the term’). Enriched terms (pathways 
and processes) with at least three features and an FDR-corrected 
over-representation P ≤ 0.05 were reported (Supplementary Tables 2.1–
2.3 and Fig. 2). After enrichment, we obtained n process pairs for the 
colon (n = 1,377), liver (n = 283) and brain (n = 167), as shown in Fig. 2 
and Supplementary Tables 2.1–2.3. The negative decadic logarithm of 
the over-representation FDR P values was calculated and reported as is 
for positive correlations and multiplied by −1 for negative correlations. 
Only process pairs that were associated with at least two other path-
ways were plotted (Fig. 2) and filtered to highlight the most significant 
enrichments with FDR P value cut-offs of ≤1 × 10−10 for the colon (Fig. 2a), 
≤1 × 10−4 for the liver (Fig. 2b) and ≤1 × 10−3 for the brain (Fig. 2c).

For a broader overview of host–microbiome associations, the 
GO biological processes were grouped by their higher-ranking level 
2 GO biological process, and the MetaCyc pathways were grouped 
by their respective highest-level superpathways (see Supplementary 
Tables 2.5 and 2.6 for the process and pathway groups). The level 2 GO 
biological process groups were cellular process, metabolic process, 
biological regulation, localization, developmental process, response 
to stimulus, immune system process, multicellular organismal process, 
viral process, reproduction, homeostatic process and growth. The 
MetaCyc microbial superpathways were lipids, carbohydrates, utiliza-
tion, energy metabolism, nucleotides, secondary metabolites, amino 
acids, other, signalling, carboxylates, cofactors, carriers, metabolic 
regulators, c1 compounds, electron transfer, noncarbon nutrients, 
cell structure, biosynthesis, detoxification, interconversion, glycans, 
tRNA and bioluminescence. The −log10(FDR-corrected P values) were 
summed for each level 2 GO and MetaCyc superpathway pair. The val-
ues are plotted in Extended Data Fig. 2a and listed in Supplementary 
Table 2.4.

The pairwise correlations between all host features and all micro-
biome features were repeated, stratified by organ and age group. Thus, 
the ratio of significant host–microbiome correlations to all tested 
pairs was obtained for each organ and age group. These ratios were 
compared using Pearson’s chi-squared test with Yates’ continuity 
correction and Bonferroni’s multiple testing correction to identify 
significant differences between consecutive age groups (Extended 
Data Fig. 6a–e).

The overlaps of aging-regulated and microbiome-associated tran-
scripts between the three studied organs were determined to identify 
shared aging-regulated and microbiome-regulated host transcripts. 
The overlap between microbiome-associated and aging-associated 
transcripts was statistically evaluated using hypergeometric 
over-representation tests separately for each organ. The numbers of 
shared transcripts were plotted (Fig. 6a) for each possible combina-
tion for the colon (age associated, n = 4,715; microbiome associated, 
n = 2,815; shared, n = 589; hypergeometric P = 4.9 × 10−15), liver (age 
associated, n = 8,285; microbiome associated, n = 1,277; shared, n = 485; 
hypergeometric P = 1.4 × 10−6) and brain (age associated, n = 6,505; 
microbiome associated, n = 926; shared, n = 236; hypergeometric 
P = 3.7 × 10−5). Reported P values from hypergeometric tests were cor-
rected for multiple testing via Benjamini and Hochberg’s method.

Validation of microbiome-associated host genes
Differentially expressed genes and transcripts were derived from the 
GF validation cohort as described in the Supplementary Methods sec-
tion ‘Differential Gene Expression Analysis’. We identified the overlaps 
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of microbiome-associated transcripts, identified from our main study 
cohort via partial correlations (see Methods section ‘Host–Microbiome 
Partial Correlations’), with the differentially expressed transcripts from 
our GF validation cohort in both treatment contrasts (GF versus CONVR 
and GF versus CONVD). The number of shared microbiome-associated 
transcripts between both cohorts was statistically evaluated using 
hypergeometric over-representation tests stratified by organ and treat-
ment contrast. The numbers of shared transcripts were plotted (Fig. 2d) 
for each possible combination, for the colon (main cohort, n = 2,815; 
GF cohort versus CONVR, n = 2,703; shared, n = 438; hypergeometric 
P = 1.1 × 10−32 and GF cohort versus CONVD, n = 7,637; shared, n = 1,207; 
hypergeometric P = 7.2 × 10−102), for the liver (main cohort, n = 1,277; 
GF cohort versus CONVR, n = 3,281; shared, n = 223; hypergeometric 
P = 2.7 × 10−7 and GF cohort versus CONVD, n = 351; shared, n = 24; 
hypergeometric P = 7.9 × 10−2) and for the brain (main cohort, n = 926; 
GF cohort versus CONVR, n = 0; and GF cohort versus CONVD, n = 554; 
shared, n = 20; hypergeometric P = 1.7 × 10−1). Reported P values from 
hypergeometric tests were corrected for multiple testing via Benjamini 
and Hochberg’s method.

Reconstruction of the generic metamodel
A two-step procedure was followed to obtain a metamodel for each 
mouse. In the first step, a generic metamodel representing the indi-
vidual organs and the microbiome was assembled. In the second step, 
a specific metamodel of each mouse was derived by integrating expres-
sion and metagenomic data.

In the first step, we joined three times the human metabolic 
reconstruction Recon 2.2 (ref. 28) representing the individual organs 
with a microbiome metabolic model according to their physiological 
interactions (Fig. 3a). A mouse-specific metabolic reconstruction was 
not used, as the human reconstructions are by far the best curated 
and there is a high overlap in metabolic content between mice and 
humans95. All compartments interfaced with each other via common 
exchange environments, such as the gut lumen (microbiome and colon) 
and the bloodstream (colon, brain and liver). Some exchanges along the 
bloodstream were defined as directional, following the physiological 
interactions of the organs (see Fig. 3a). Metabolite uptake into the brain 
was restricted to metabolites known to cross the blood–brain barrier 
(see Supplementary Table 3.7 for a list). To compile this list of com-
pounds, literature resources46,96,97 were used; in addition, we selected 
the compounds in Recon 2.2 (ref. 28), along with those identified on the 
Virtual Metabolic Human website (www.vmh.life) whose physicochemi-
cal properties would allow them to cross the blood–brain barrier98. For 
the microbiome metabolic model, all individually reconstructed MAGs 
were merged into a single model by combining all microbial reactions 
of the individual bacterial cellular compartments into a single reaction 
space. This merged microbiome model could then interact with the 
human metabolic models via the lumen exchange environment. We 
decided to use a merged microbiome model instead of species-level 
metabolic reconstructions to maintain computational tractability of 
the metamodel for comprehensive downstream analysis (for example, 
flux variability analysis and EFM sampling).

To better account for organ- and microbiome-specific uptake and 
secretion of metabolites, exchange reactions of the individual compart-
ments were split into irreversible forwards and backwards directions. 
To model the dietary uptake of the mice, the molar concentrations of 
all metabolites in their diet were derived and represented in the model 
following an established protocol85. In addition, information on the 
absorption of dietary metabolites before entry into the colon was 
obtained to differentiate between ileal and colonic uptake. The diet was 
integrated into the model by a direct inflow of absorbed compounds 
to the bloodstream and unabsorbed compounds to the colonic lumen 
for microbiome and colonic use.

Following the merging of the human and bacterial metabolic 
models, several energy-generating cycles (that is, sets of metabolic 

reactions that can form ATP from ADP without the consumption of 
other metabolites) were identified and resolved by correcting poten-
tial problems in the reversibility of participating reactions (Supple-
mentary Table 3.6). The metamodel can be found under accession 
MODEL2310020001 in the EBI BioModels database (https://www.ebi.
ac.uk/biomodels/)99.

Reconstruction of mouse context-specific metamodels
In the second step, we built a context-specific metamodel for each 
mouse. To achieve this, StanDep100 was applied to the transcriptomic 
and metagenomic data to derive the core reactions for each tissue 
required to reconstruct context-specific models using fastcore29. Tran-
scriptomic data were preprocessed by transforming counts into frag-
ments per kilobase of transcript per million mapped reads (FPKMs). 
After removing genes with at least one sample with zero detected 
expression or a mean FPKM < 0.1 and log2 transformation, FPKM values 
were normalized using Combat101 and then transformed back to their 
original scale. To identify core reactions, mouse genes were mapped 
to their corresponding human orthologues using Ensembl Biomart102. 
The gene expression data of all tissues were combined into a single 
matrix, and tissue and age groups were used as separating categories 
for StanDep. StanDep was applied with ‘chi2dist’ as the distance method 
and ‘complete’ as the linkage method. After screening optimal cluster 
numbers, predicted core reactions remained stable when using 39 
clusters (that is, the Jaccard distance of derived core reactions for 
StanDep runs with increasing cluster numbers was below 0.05 using 
at least 39 clusters).

For metagenomic data, we obtained a reaction abundance matrix 
for each microbiome sample. To this end, reads were mapped to MAGs 
to derive species-level counts. These were then multiplied with a reac-
tion contribution matrix indicating for each reaction in which species 
they are present (normalized to a sum of one for each species) and 
normalizing to a sum of one across all reactions in a sample. Reaction 
abundances were used as input to StanDep with the age group of the 
sample as the separating factor, ‘chi2dist’ as the distance method and 
‘complete’ as the linkage method. Following the same procedure as 
for the gene activity data, 15 clusters were identified as optimal for 
reaction abundance data.

In addition, metabolic exchanges between individual organs and 
the bloodstream previously measured in pigs were included103 by map-
ping IDs of exchanged metabolites to the corresponding metabolite 
identifiers in Recon 2.2. If an organ took up or secreted a metabolite, 
the corresponding uptake or secretion reactions were added to the 
core reactions. If the kidney took up a metabolite, the correspond-
ing outflow reaction from the blood was added to the core reactions 
because the kidney was not modelled explicitly. Subsequently, the 
core reactions for each sample and the generic metamodel were used 
as input for fastcore to derive a context-specific metamodel for each 
mouse. To run fastcore, CORPSE (https://github.com/Porthmeus/
CORPSE) was used as an interface to the corresponding functions of 
the TROPPO toolbox104.

Host and microbiome dependence of reactions
To determine microbiome- or host-dependent functions, flux variabil-
ity analysis with and without the microbiota were conducted. FVA was 
performed105 by maximizing and minimizing flux through each reaction 
using the ‘flux_variability_analysis()’ function of CobraPy106 without 
optimization of growth (fraction_of_optimum = 0) as for most tissues 
in mammals there is only negligible cellular replication107. Because 
internal exchange reactions were split into irreversible forwards and 
backwards steps, they were treated separately by always blocking the 
corresponding opposing direction. FVA results were summarized by 
determining admissible flux ranges, by subtracting minimal from 
maximal flux. Microbiome-dependent exchange reactions in the host 
were identified by repeating the FVA but blocking each microbiome 
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reaction. An exchange reaction was deemed microbiome dependent if 
its flux range was reduced to less than 10% when blocking microbiome 
reactions. To elucidate the metabolites exchanged between the host 
and the microbiota, the microbiota-dependent uptake and secretion 
reactions of metabolites for a given organ were counted. If the number 
of cases of microbiome-dependent secretion subtracted from the 
frequency of microbiome-dependent uptake was larger than 10, a 
metabolite was classified as being provided by microbiota to the host 
or vice versa (20% of samples). For plotting (Fig. 3b), only metabolites 
with a difference of at least 35 for colon and a difference of at least 12 
for brain and liver were shown.

Identification of reaction-level host–microbiome 
dependencies
To determine the dependencies of individual host reactions on individ-
ual microbial reactions, EFMSampler32 was used to sample EFMs with 
each host and microbial reaction as indicator reaction for sampling. 
The indicator reaction is used to define the specific reaction in a model 
through which EFMs should be determined. For each target reaction, 
EFMSampler was run in eight parallel threads using flux minimization as 
objective until either 10,000 EFMs were sampled or >200 s had elapsed 
and the average frequency of occurrence of reactions in EFMs was 
recorded. Subsequently, occurrence frequencies were averaged across 
all 52 mice. This yielded a matrix in which each column corresponded 
to a target reaction and each row indicated the frequency at which all 
other reactions occurred in EFMs containing that reaction. Thus, a value 
of ‘1’ indicates microbiome reactions that always co-occur in EFMs of 
the target reaction and a value of ‘0’ no co-occurrence

To compare EFM-predicted interactions to host–microbiome 
correlations, scores in the interaction matrix were compared between 
genes and microbiome reactions with significant associations. To 
this end, for each significant host gene–microbiome reaction asso-
ciation (FDR-adjusted P ≤ 0.1), the maximum interaction score in the 
sub-matrix containing reactions associated with the host gene and 
the microbiome reaction were determined and collected across all 
significant host gene–microbiome reaction associations in a tissue 
to derive a set of ‘true’ maximal interaction scores. The same analysis 
was performed 100 times for randomly drawn genes associated with 
reactions present in the tissue and randomly selected microbiome 
reactions to obtain ‘random’ maximal interaction scores. Then, true 
and randomly generated maximal interaction scores were compared 
using the Wilcoxon rank-sum test.

To analyse the most strongly interacting metabolic processes 
between the host and microbiome, an interaction was assumed if the 
microbiome reaction occurred in at least 50% of the EFMs sampled 
from that host reaction across all metamodels. Then, for each host–
microbiome reaction pair, we determined which metabolic subsystems 
they were associated with and counted each corresponding host–
microbiome subsystem pair across all such pairs in the interaction 
matrix. The enrichment of pairs was then tested using Fisher’s exact 
test comparing for each pair the number of mutual interactions of 
reactions belonging to the host and microbiome subsystems to the 
frequency of interactions across the entire interaction matrix. An 
enrichment was assumed with an FDR-corrected P ≤ 0.05, calculated 
using the p.adjust function in R.

Identification of aging-regulated metabolic modules
To identify aging-regulated metabolic modules, we defined sets of 
reactions associated with each indicator reaction used for EFM sam-
pling. A reaction was assumed to belong to the metabolic modules of 
an indicator reaction if it occurred in at least 20% of the EFMs sampled 
for that indicator reaction. Unlike in the analysis of reaction-level 
dependencies between host and microbiota, we considered both the 
host and microbiome components of the EFMs; thus, metabolic mod-
ules contained both host and microbiome reactions. A metabolic 

module was considered dependent on the microbiome if it contained 
at least 20 microbial reactions. To identify aging-regulated metabolic 
modules, aging-induced and aging-repressed genes (Supplemen-
tary Tables 5.1–5.3) were translated into the reactions with which they 
were associated in the metabolic model. Then, for each metabolic 
module, we tested whether the corresponding set of reactions was 
enriched for aging-induced or aging-repressed metabolic reactions 
using Fisher’s exact test, assuming the entire set of reactions occur-
ring in a tissue as background. Subsequently, we determined host 
pathways in which indicator reactions of aging-regulated modules 
dependent on the microbiota were enriched. To this end, we filtered 
microbiome-dependent aging-regulated modules with an enrich-
ment of aging-regulated reactions with P ≤ 0.01. For each module, we 
determined the corresponding indicator reactions and performed a 
pathway enrichment based on the subsystem annotation of the Recon 
2.2 model using Fisher’s exact test. For transport reactions, we also 
added a subsystem annotation for the transport of nucleotides (encom-
passing deoxyribonucleic and ribonucleic acids) and amino acids. All 
reactions of a tissue occurring in at least one metamodel were used as 
background or universe in the Fisher’s exact test of that tissue.

Materials availability
This study did not generate new unique reagents.

Reporting summary
Further information on research design is available in the Nature  
Portfolio Reporting Summary linked to this article.

Data availability
Metagenomic raw read and MAG assembly data were deposited in the 
European Nucleotide Archive (ENA) under BioProject PRJEB73981 (ebi.
ac.uk/ena/browser/view/PRJEB73981). Individual accession numbers 
for each MAG are listed in Supplementary Table 1.2. Gene expression 
data were published in the GEO database under record GSE262290 
(ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE262290) and record 
GSE278548 (ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE278548). 
Metabolomics data have been made available at the MassIVE database 
(massive.ucsd.edu) with identifiers MSV000094409, MSV000094410 
and MSV000094436. The metamodel can be found under accession 
MODEL2310020001 in the BioModels database (ebi.ac.uk/biomodels/
MODEL2310020001)99. Detailed sample metadata, the microbial meta-
bolic models and supplementary resources are available via Zenodo at 
https://doi.org/10.5281/zenodo.10844502 (ref. 108).

Code availability
The source code used for data analysis is available via GitHub at  
github.com/sciwitch/MouseMicrobiomeAging.
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Extended Data Fig. 1 | Metagenomic processing steps and results. 
 a Metagenomics workflow. b, c Abundance of metagenomics reads derived 
from b microbes or c mouse DNA. d Alpha diversity derived from metagenomic 
reads mapped against MAGs. b-d Dunn’s test FDR, all not significant; sample size: 

30mo.: n = 12, all others n = 10. e Abundance profile of the 60 most abundant 
MAGs in the full cohort. Bacteroidota predominated in the cohort. Boxplot 
elements: center line, median; box limits, 25%–75% quantiles; whiskers, 1.5x IQR; 
points, outliers.
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Extended Data Fig. 2 | Correlation-derived host–microbiome interactions. a 
High-level pathway overview of host–microbiome associations. For complete 
data and full pathway names, see Supplementary Table 2.4. b HUMAnN3 
predicted microbial functions (MetaCyc) correlated to host colon transcription 
(GO biological processes) using Biobakery 3. Bacterial pyruvate fermentation 
and co-factor biosynthesis were negatively correlated with host side neuron 

survival, while microbial fatty acids were found positively associated with colon 
immune processes (MHC class I) and negatively with transcription regulation. 
These HUMAnN3-based results were generally in concordance, although much 
less detailed, to our MAG and metabolic model derived host-microbiome 
correlations (cf. Fig. 2a).

http://www.nature.com/naturemicrobiology


Nature Microbiology

Article https://doi.org/10.1038/s41564-025-01959-z

Extended Data Fig. 3 | Metamodel validation. a Maximal interaction scores for 
pairs of host–microbiome-associated processes versus 100 randomly selected 
pairs of host genes and microbiome reactions for each tissue (see Methods). 
P-values indicate the significance of the differences according to a two-sided 
Wilcoxon rank-sum test. b Randomization of germfree mouse analysis (cf. Fig. 
3c). The identification of significant differences in microbiome dependence 
between significantly up-regulated, down-regulated as well as unregulated 
genes was repeated 1000 times after randomization of gene assignments and the 
number of significant associations was counted. The dashed red line indicates 

the number of significant associations in the original analysis. c Association 
between model-predicted microbiome dependency of metabolites in blood and 
explained variation of serum concentrations of the corresponding metabolite 
by microbiome composition in a human cohort (each dot is one metabolite). 
The association between microbiome dependency and explained variance is 
significant using Spearman’s correlation (rho=0.43, p-value = 1.5×10-3). Boxplot 
elements: center line, median; box limits, 25%–75% quantiles; whiskers, 1.5x IQR; 
points, outliers.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Age-dependent microbiome changes. a MetaPhlAn4 
derived species with significant changes in abundance with host age. The 
MetaPhlAn-based approach identified 335 bacteria at the species level of which 
69 were found differentially abundant with age. The species Lactobacillus 
johnsonii matched the MAG based analysis (Fig. 4a). However, due to different 
taxonomic databases and methods of annotation the resulting species names 
might vary. On phylum level, the overall aging pattern of both MetaPhlAn and 
MAG-based taxonomic analysis yielded comparable results, which was a general 
decrease of Bacillota spec. and an increase of Bacteroidota spec. with host age. b 
Age-associated changes in metabolic fluxes within the community. c Comparison 
of community growth rates derived from FBA or PTR. d, e Change of microbiome 

community growth rate upon removal of a single MAG from the community. 
The y-axis shows the difference of community growth rate compared to the full 
community while the x-axis names the MAG that was removed in d or the age 
group of the host in e (p-values via FDR corrected Wilcoxon’s rank sum test). f 
Relative abundance of universal adaptive strategies in microbiome communities 
by age (p-values via FDR corrected Dunn’s test). Sample size for a-f: 30mo.: n = 12, 
all others n = 10. g Metabolomics derived D-galactose concentration in mouse 
feces increases with age (Spearman’s ρ = 0.22, unadjusted p = 0.04; Pairwise 
p-values via Dunn’s test with FDR correction; 3mo.: n = 15, 9mo.: n = 16, 15mo.: 
n = 15, 24mo.: n = 17, 28mo.: n = 18). Boxplot elements: center line, median; box 
limits, 25%–75% quantiles; whiskers, 1.5x IQR; points, outliers.
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Extended Data Fig. 5 | Aging-associated transcriptomic changes across host 
tissues. a Each row represents a gene that shows common expression changes 
across all tissues studied (see Supplementary Table 5.7‒5.9). b–d Enriched 
GO biological processes are shown as the average expression of all associated 

features, stratified by age group and organ. (Hypergeometric test FDR cutoff  
for displayed terms: colon, 10−4; liver, 10−6, brain 10−6; 30 months: n = 12; all 
others n = 10). For complete data and full pathway names, see Supplementary 
Tables 5.4‒5.6.
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Extended Data Fig. 6 | Host-Microbiome associations in aging. a–e Strong 
host–microbiome correlations stratified by age group, compared with Yates’s 
chi-squared test (one-sided). a Frequency of microbiome–colon correlations 
stratified by age group. Significance was tested via Yates’ Chi-squared test with 
Bonferroni multiple testing correction. b Liver transcripts correlated with 
microbiome reactions. c Liver transcripts partially correlated with microbiome 

reactions, corrected for sequencing batch. d Brain transcripts correlated with 
microbiome reactions. e Brain transcripts partially correlated with microbiome 
reactions, corrected for sequencing batch. f–g Organ-specific gene expression 
changes with age in GO biological processes that were also correlated with 
microbiome metabolic functions (F = liver, G = brain). For complete data and full 
pathway names, see Supplementary Tables 6.2, 6.3.
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Extended Data Fig. 7 | Summary of study highlights. Multi-omics analysis and 
metabolic modeling of aging mice revealed a decline in microbiome metabolic 
activity, reducing beneficial host-microbe and microbe-microbe interactions. 
Aging-related microbiome changes led to the accumulation of pro-aging 
metabolites (D-galactose, succinate) and a decline in beneficial metabolites 

(nucleotides, butyrate). These shifts correlated with increased systemic 
inflammation and downregulation of essential host pathways, like energy and 
nucleotide metabolism, which are involved in intestinal barrier function and 
cellular homeostasis.
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