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SUMMARY
Metabolism is deeply intertwinedwith aging. Effects ofmetabolic interventions on aging have been explained
with intracellular metabolism, growth control, and signaling. Studying chronological aging in yeast, we reveal
a so far overlooked metabolic property that influences aging via the exchange of metabolites. We observed
that metabolites exported by young cells are re-imported by chronologically aging cells, resulting in cross-
generational metabolic interactions. Then, we used self-establishing metabolically cooperating communities
(SeMeCo) as a tool to increase metabolite exchange and observed significant lifespan extensions. The
longevity of the SeMeCo was attributable to metabolic reconfigurations in methionine consumer cells. These
obtained a more glycolytic metabolism and increased the export of protective metabolites that in turn
extended the lifespan of cells that supplied them with methionine. Our results establish metabolite exchange
interactions as a determinant of cellular aging and show that metabolically cooperating cells can shape the
metabolic environment to extend their lifespan.
INTRODUCTION

Metabolism determines the aging process at multiple levels, and

this includes the formation of metabolites required for growth,

cellular repair, and homeostasis.1–3 At the same time, metabolism

also generates reactivemolecules, such as superoxide or methyl-

glyoxal, and the equilibrium between protective and damaging

molecules is a critical determinant of lifespan.4–6 Moreover, key

metabolic signaling systems, such as the AMP-activated protein

kinase (AMPK) and the target of rapamycin (TOR) pathways, are

equally central pathways regulating cellular aging and lifespan.7–9
Cell 186, 63–79, J
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An increasingly recognized property of metabolism is that

it not only occurs inside cells, but it also involves the ex-

change of metabolites between cells and tissues and their envi-

ronment.10–13 Metabolite exchange interactions emerge

because cells export metabolites for both biophysical and

biochemical reasons, including membrane leakage, promiscu-

ous metabolite transport, and the balancing of metabolic

fluxes.12,14–17 Moreover, cells possess an array of metabolite

sensing and uptake systems.8,18,19 In microbes, metabolite

exchange interactions can be cooperative, competitive, or

neutral,13,20 but in any case, the exchange of metabolites
anuary 5, 2023 ª 2022 The Author(s). Published by Elsevier Inc. 63
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Figure 1. Yeast cells establish cross-generational metabolite exchange interactions

(A) Growth phases of yeast in batch culture, and themeasurement of chronological lifespan (CLS) as survival in the stationary phase. E, exponential growth phase;

ES, early stationary phase; and S, stationary phase; indicating 1, 2, and 8 days from culture start, respectively. Red dotted lines indicate the time points of sample

collection for analysis.

(B) Targeted metabolome analysis for the quantification of intracellular nucleotide, amino acid, glycolytic, and tricarboxylic acid (TCA) cycle metabolites in wild-

type yeast cells cultured in synthetic minimal (SM) medium at E, ES, and S phases, as described in (A). (i) Principal-component analysis (PCA); individual dots

represent independent cultures. (ii) Intracellular metabolite concentrations shown as fold change (FC) to the exponential phase according to metabolite classes

and growth phases. Boxplots represent median (50% quantile, middle line) and lower and upper quantiles (lower [25% quantile] and upper [75% quantile],

(legend continued on next page)
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influences a broad range of physiological properties. Metabolic

pathways are highly interconnected, so when a cell changes

from the self-synthesis to the use of an available metabolite, a

broad range of phenotypes can be altered. For example, cells

taking up lysine from the environment mount better protection

against oxidants, via increased pools of reduced nicotinamide

adenine dinucleotide phosphate (NADPH) and reduced gluta-

thione (GSH),21 and cells that have a greater efflux activity

because they cooperate metabolically, export drugs faster,

and are more tolerant against antimicrobials.22

The role of cell-cell metabolic interactions in the aging process

is barely understood.2 Herein, we uncovered a role of metabolite

exchange interactions in cellular aging by studying the meta-

bolism of budding yeast during chronological lifespan (CLS).

CLS, monitoring the survival of cells in stationary phase (post-

mitotic cells), is a basic aging model that was pivotal in under-

standing the critical role of conserved regulatory pathways such

as the AMPK/sucrose non-fermenting 1 (SNF1, yeast homolog

of AMPK) and TOR pathways in cellular aging.23–27 We observed

that metabolites exported by young, exponentially growing cells

are re-imported during the stationary phase when cells age chro-

nologically, indicating the existence of cross-generational meta-

bolic interactions. Increasingmetabolic interactions between cells

through the use of self-establishing metabolically cooperating

communities (SeMeCo),22,28 increased longevity of the commu-

nities. In the search of the underlyingmechanisms, we discovered

a role for an altered extracellularmetabolic environment that is rich

in glycerol and that increases the lifespan of the different commu-

nity members. In SeMeCo, we can explain the formation of this

lifespan-extending exometabolome with the metabolic adapta-

tions inmethionine consumer cells. These obtain amore glycolytic

metabolism and overflow glycerol, extending the lifespan of the

methionine producers via a paracrine effect and by inducing life-

span-extendingmetabolic adaptations, including increased levels

of antioxidant metabolites and polyamines.

RESULTS

Yeast cells establish cross-generational metabolite
exchange interactions
To study metabolism during CLS experiments, we used a

descendant of the commonly used yeast lab strain BY4741,29

in which its biosynthetic deficiencies (auxotrophies) in three
respectively) of pooled metabolite levels of n = 4 biological replicates. Each dot

**p < 0.005, ***p < 0.0005, and ****p < 0.00005; adjusted p values in Table S1.

(C) Intracellular and extracellular amino acids levels in wild-type cultures during E,

in E of n = 4 biological replicates. Adjusted p values in Table S1.

Insets represent the fraction of amino acids (from a total of 19) that show minim

FC > 10% down, and FC > 10% up, respectively.

(D) Metabolites are exported for different reasons, including to maintain metabolic

the same time, cells sense and import metabolites from the surrounding environ

tabolites between co-growing cells and the establishment of intercellular metabo

(E) (i) Prototrophic wild-type yeast cells supplemented either with 12C- or 13C-glu

targeted metabolomics38 (see STARMethods). (ii) Fractions of 13C-labeled amino

different time points post media swap, as described in (i). Bar plots showmean ±

individual fraction values and p values in Table S2.

Statistics for (B), (C), and (E) by unpaired two-sided Wilcoxon rank-sum test and

See also Figure S1.
amino acids (his3D1, leu2D, and met15D) and one nucleobase

(ura3D) were repaired through genomic integration of the wild-

type alleles.21 The cells were grown in a minimal nutrient media

(synthetic minimal [SM] media30 lacking amino acid supple-

ments) in batch culture through exponential, early stationary,

and stationary phases (Figure 1A). We then used a targeted me-

tabolomics method31 and quantified intracellular amino acids

and nucleotides, as well as glycolysis and tricarboxylic acid

(TCA) cycle intermediates. The metabolic profiles clustered in a

principal-component analysis (PCA) according to growth phase

(Figure 1Bi). The metabolite concentration changes reflected

known metabolic transitions32–34: Consistent with a shift from

fermentation to oxidative metabolism, the overall concentration

of glycolytic metabolites decreased, whereas the concentration

of TCA-derived metabolites increased. Moreover, the concen-

tration of nucleotides decreased during early stationary and sta-

tionary phases, when growth ceases34 (Figures 1Bii and S1A).

Notably, however, while the median concentration of overall

amino acids increased in the stationary phase, we observed a

spread in the concentration range (Figure 1Bii). For example,

isoleucine (I), glycine (G), and leucine (L) increased from expo-

nential to stationary phase, but aspartate (D), alanine (A), and

glutamate (E) decreased (Figure 1C). As amino acids are ex-

ported by yeast cells into the surrounding environment,15,28,35–37

we quantified extracellular amino acid pools.38 Despite having

inoculated the cells in aminimal medium lacking amino acid sup-

plements, we found that by mid-log phase (exponential phase)

yeast cells had exported amino acids to reach significant extra-

cellular concentrations and that 14 of the 19 analyzed amino

acids were increased by >10% in early stationary or stationary

phase (Figure 1C inset). Only alanine (A), aspartate (D), phenylal-

anine (F), and valine (V) were decreased during early stationary

phase, and only aspartate (D) and glutamate (E) were reduced

in stationary phase, compared to exponential phase (Figure 1C).

Sources of extracellular metabolites are their release from

metabolically active cells, but also cell death. However, most

of the metabolites already increased in the exponential and

early stationary phases where cell death is negligible (�95%

live cells) (Figure S1Bi), indicating that the main source of the

increased metabolite concentrations is export from the meta-

bolically active cells. Indeed, in stationary cultures, the concen-

tration of metabolites did not correlate with the number of live

cells (Figure S1Bii).
represents a metabolite in a biological replicate. Adjusted p values *p < 0.05,

ES, and S phases, as described in (A). Bar plots showmean ± SEM FC to levels

al, decreased, or increased changes in the FC to E, as shown by FC < 10%,

homeostasis via overflow metabolism, contributing to the exometabolome. At

ment. These dynamic export/import processes result in the exchange of me-

lic interactions.

cose, followed by media swap for isotope tracing amino acid analysis, using

acids in cultures initially grown in 12C-glucose and swapped to 13C-glucose, at

SEM of 4 biological replicates (individual dots represent independent cultures);

multiple testing correction using the Benjamini-Hochberg (BH) method.
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Figure 2. Metabolite exchange interactions extend lifespan in yeast communities

(A) SeMeCo start with a prototrophic cell that carries essential metabolic markers on single-copy plasmids (herein pHIS3, pLEU2, pMET15, and pURA3). When

this cell grows into a community, the stochastic plasmid segregation leads to an increasing number of auxotrophs until an equilibrium of auxotrophs (metabolite

consumers) and complementary prototrophs (metabolite producers) is reached.28,39

(B) CLS of wild-type communities and SeMeCo start by spotting giant colonies twice to ensure cell proliferation, plasmid segregation, and ultimately cross-

feeding between auxotrophs and prototrophs (SeMeCo generation), followed by (top) pre-culture and culture for ‘‘culture’’ or (bottom) giant colony spotting for

‘‘colony’’ CLS, respectively.

(legend continued on next page)
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Becausemicrobial cells efficiently sense and take up extracel-

lular amino acids,18,35 we speculated that cells during the sta-

tionary phase could take up these amino acids (Figure 1D). We

exploited 13C-glucose isotope labeling to test for the consump-

tion, by stationary cells, of metabolites that had been produced

during the exponential phase. We cultured wild-type yeast cells

on SM media supplemented with 12C- or 13C-glucose for 48 h, a

duration which ensured that the glucose in the media had been

exhausted—catabolized into unlabeled (12C) or labeled (13C) me-

tabolites, respectively. We then swapped the media between

labeled and unlabeled cells. In parallel, we set control cultures

growing on SM media supplemented with 13C-glucose, which

were then swapped into SM media supplemented only with

amino acids (without glucose), to distinguish whether intracel-

lular amino acid levels were a direct result of import or indirectly

derived from catabolism of imported carbohydrates (Figure 1Ei).

Levels of fully labeled (13C) or unlabeled (12C) intracellular amino

acids (from glucose catabolism) were quantified using a targeted

metabolomics method.38 Growth on SM media supplemented

with 12C- or 13C-glucose did not change cell growth parameters

prior or post swap (Figures S1C and S1D). These experiments

confirmed that the amino acids released by cells in the exponen-

tial phase are taken up by the stationary cells, as shown by the

increased intracellular levels of 13C- or 12C-containing amino

acids in cultures initially grown on 12C- or 13C-glucose, respec-

tively (Figure 1Eii and S1E). Hence, yeast cells establish cross-

generational metabolite exchange interactions during chrono-

logical aging.

Metabolite exchange interactions extend lifespan in
yeast communities
We next questioned what impact the exchange of metabolites

might have on CLS. Because metabolite export from cells is a

basic property of metabolism that cannot be prevented, we

used an approach in which metabolite exchange interactions

were increased to test the influence of metabolite exchange on

CLS. Metabolite exchange interactions are increased in

SeMeCo in which the segregation of plasmids that encode

essential metabolic enzymes stochastically introduces auxotro-

phies (metabolic deficiencies) during colony formation.28,39

SeMeCo form a community containing auxotrophs that grow

as a community on the basis of obligate metabolite sharing (Fig-

ure 2A). Cells in SeMeCo do not have altered biosynthetic path-

ways and are not rendered feedback resistant, as comparedwith

engineered metabolite sharing communities.40 Instead, they

boost the number of metabolic interactions occurring between

cells because plasmid segregation continues until an equilibrium
(C) (Top) Culture and (bottom) colony CLS of wild type and SeMeCo, by CFU a

compared with wild-typemean survival at the beginning of the stationary phase; n

(colony CLS). p values in Table S3.

(D) Extracellular amino acids and uracil levels, measured by targeted metabolom

plots showmean ± SEM FC to mean wild-type levels in the exponential phase of n

H, L, U, and M—are highlighted in bold. Insets boxplots represent median (50%

upper [75% quantile]) of pooled metabolite levels of 4 biological replicates/stra

Adjusted p values in Table S1.

Statistics by unpaired two-sided t test (C) and Wilcoxon rank-sum test (D) and m

***p < 0.0005, and ****p < 0.00005.

See also Figure S2.
is reached between metabolite-consuming and -producing

cells.28 Compared to wild-type communities, SeMeCo are char-

acterized by overall increased metabolite export activity with

increased extracellular metabolite concentrations.22

Analyzing the CLS of SeMeCo (Figure 2B) by monitoring col-

ony-forming units (CFUs) over time, we observed that in compar-

ison with the wild-type strain, SeMeCo were long-lived. SeMeCo

lost more CFUs immediately after reaching the stationary phase,

but in later time points contained more CFUs and were alive after

the wild-type cultures lost viability (Figure 2C). To have an inde-

pendent assessment of survival, we also monitored cell viability

using live/dead cell staining assays. At late time points, SeMeCo

also contained significantly more viable cells (Figure S2A).

The lifespan extension in SeMeCo is mediated by a
paracrine mechanism
We observed that yeast cells survived much longer in colonies

than in liquid culture (�65 vs. 20 days), with SeMeCo still pre-

senting a significantly longerCLS thanwild-type cells (Figure 2C).

This result was consistent with the notion that metabolic interac-

tions could serve as an explanation for the increased CLS; the

close proximity of cells in colonies reduces the dilution of extra-

cellular metabolites, which is beneficial for metabolic interac-

tions.41 Indeed, we found higher extracellular levels of amino

acids and uracil in aging SeMeCo when comparing with wild-

type cultures (Figure 2D).

We continued testing whether the differences in lifespan be-

tween SeMeCo and wild type could be explained by differences

in culture pH,42 which can change depending on its metabolite

composition, but we detected no significant differences (Fig-

ure S2B). Next, we tested if the lifespan extension is associated

with specific metabolic pathways. The SeMeCo model is based

on the stochastic segregation of four plasmid-encoded auxotro-

phic marker enzymes (HIS3, LEU2, URA3, andMET15), resulting

in 16 metabotypes (metabolic genotypes, Figure 2A), which are

characterized by a broad range of metabolic and transcriptional

differences.43 We monitored absolute occurrence and relative

contributions of the different metabotypes. The absolute CFU

numbers decreased for all metabotypes (Figure S2C), accompa-

nying the overall loss of cell viability without further proliferation

in the stationary phase. However, the relative proportion of pro-

totrophic cells declined over time. During the late stationary

phase, �98% of viable cells were auxotrophs for at least one

metabolite. Among the auxotrophs, the MET15 segregants

dominated (Figures 3A and S2C).

We therefore generated additional SeMeCo in which only

three markers segregate (‘‘3p-SeMeCo’’), and the fourth locus
nalysis (see STAR Methods). Data are mean ± SEM survival (percentage FC),

= 4 biological replicates/strain (culture CLS) or n = 3 biological replicates/strain

ics38 (see STAR Methods), in wild-type and SeMeCo cultures during CLS. Bar

= 4 biological replicates/strain. The shared essential metabolites in SeMeCo—

quantile, middle line) and lower and upper quantiles (lower [25% quantile] and

in/growth phase; each dot represents a metabolite in a biological replicate.

ultiple testing correction using the BH method. p value *p < 0.05, **p < 0.005,
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Figure 3. The lifespan extension in SeMeCo is mediated by a paracrine mechanism

(A) (Left) Frequency of overall segregant (at least one auxotrophy) and prototrophic (bearing the four wild-type loci) cells during CLS. (Right) Frequency of the

individual segregants, i.e., per auxotrophy for H, L, U, or M over time (see STARMethods). Bar plots show themean ±SEM of n = 6 independent SeMeCo cultures

across 2 independent experiments (dots represent independent cultures). p values in Table S4.

(B) Wild type, SeMeCo, and four 3p-SeMeCo, in which one of the markers (HIS3, LEU2,MET15, orURA3) is genomically integrated and no longer segregates (see

STAR Methods).

(C) CLS of wild type, SeMeCo, and 3p-SeMeCo, by high-throughput CFU (HTP-CFU) (see STAR Methods). Data are mean ± SEM survival (percentage FC)

compared with wild-type mean survival at the beginning of the stationary phase; n = 4 biological replicates/strain. Survival curves are shown separately for

visualization purposes (all strains were cultured and analyzed in parallel). p values in Table S3.

(D) The segregation of the four metabolic markers gives rise to 16 different metabotypes, eight of which have segregated the MET15 plasmid (Figure 2A).

(E) Maximum lifespan of the eight MET15 wild-type (prototrophic) metabotypes, in the presence (SeMeCo, red) or absence (MET15-SeMeCo, yellow) of MET15

segregants (see STAR Methods). Dots are independent cultures per SeMeCo type. Data are from n = 3 biological replicates/SeMeCo. p values in Table S4.

Statistics by paired two-sided t test (A); unpaired two-sided (C) and one-sided (E) Wilcoxon rank-sum test; p value *p < 0.05 and ns p > 0.05.

See also Figures S2–S4.
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is genomically repaired (Figure 3B). The genomic repair of HIS3,

LEU2, or URA3 did not significantly change the lifespan. Howev-

er, the 3p-SeMeCo, in which the MET15 locus was no longer

segregating, had a significantly shorter lifespan (Figure 3C).

Conversely, a SeMeCo that only segregated the MET15 marker
68 Cell 186, 63–79, January 5, 2023
(pMET15-SeMeCo, also termed pM-SeMeCo) had an increased

lifespan, compared with wild-type communities (Figure S2D).

Methionine biosynthesis and associated sulfur-containing in-

termediates have repeatedly been linked to aging, as lifespan ex-

tensions were observed upon methionine restriction in model
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organisms.44–50 Interestingly, however, as shown above, the

extracellular medium was generally more amino acid rich in

SeMeCo than in wild-type cells (Figure 2D), indicating that within

the SeMeCo, lifespan extension is not mediated by methionine

restriction. Furthermore, we supplemented wild-type and

met15D cells with 20 mg/L of methionine, a standard culture

concentration. Despite the high methionine levels, we observed

a robust lifespan extension in met15D cells and in SeMeCo that

segregate the MET15 plasmid (Figure S2D). Our data also sug-

gest that the lifespan difference is not mediated by a difference

in growth rate.51 We observed that SeMeCo growth rate in SM

cultures is decreased, compared with wild-type communities

(Figure S2E); however, the growth rate in both the SeMeCo

and MET15-SeMeCo is similar, and hence not causal to their

diverging lifespans.

Eventually, we found evidence for a paracrine effect that un-

derlies the lifespan extension. We coupled a CLS experiment

(Figure S2F) to metabotyping analysis (see STAR Methods).

We noted that not only was the lifespan of met15D cells

increased, but the presence of the met15D cells also increased

the maximum lifespan of the other cells in the community

(Figures 3A, 3D, and 3E). An exception were the cells that had

segregated all but the MET15 plasmid; these had a similar life-

span (in average) to the control cells in which MET15 was ge-

nomically repaired (Figure 3E, panel M). This result pointed us

to changes in the exometabolome as a source of the lifespan

extension.

Methionine auxotrophy and methionine exchange is
frequent in nature
SeMeCo are a laboratory model to study metabolic interactions.

We therefore questioned how frequent interactions between

methionine auxotrophs and prototrophs could be in nature. Using

the auxotrophy predictions52 from the metagenomic data of the

>12,000 natural prokaryotic communities collected in the Earth

Microbiome Project,53 we found that methionine auxotroph fre-

quency is in the mid-range among all amino acid auxotrophies

(bacterial and archaea samples). Of these natural microbial com-

munities, 67.9% contained at least one species predicted to be

auxotrophic for methionine, with some communities containing

>40 species auxotrophic for methionine (Figure S3A).

Nonetheless, analyzing only the number of auxotrophs will un-

derestimate the number of potential methionine consumers, as

not only auxotrophs but also methionine prototrophs take up

amino acids once they become available. Therefore, to deter-

mine which extracellular levels of methionine are necessary for

cells to switch from being a methionine producer to being a

methionine consumer, we used 13C isotope labeling and gener-

ated a ‘‘switching curve’’ in the prototrophic yeast strain. We

found that yeast cells switch at nanomolar extracellular concen-

trations (Figure S3B). Thus, low extracellular methionine concen-

trations are sufficient to convert a prototrophic yeast cell from a

methionine producer to a cell that takes up the metabolite. We

also conducted a complementary proteomics experiment,

where we recorded proteomes for the same prototrophic yeast

strain with and without a mixture of amino acid supplementation.

We founnd that prototrophic cells are highly responsive to the

presence of amino acids. Strikingly, the methionine biosynthetic
enzymes were the most responsive, showing on average a 4- to

8-fold downregulation (Figure S3C). These results provide com-

plementary evidence that the prototrophs respond to the pres-

ence of extracellular amino acids and, together with the uptake

of methionine, downregulate the biosynthetic pathway.

Furthermore, using proteome data54 recorded for a collection

of >1,000wild yeast strain isolates,55 we found remarkable diver-

sity in the expression level of genes associated with the methio-

nine pathway, showing that the expression of the methionine

biosynthetic pathway is generally heterogeneous in natural yeast

communities (Figure S3D).

Finally, heterogeneity in the expression ofMET15 has been re-

ported in aging isogenic yeast colonies, coupling protein fluores-

cence tagging and colony cross-section microscopy.56 �Cáp

et al. also found that metabolic biosynthesis and transport mu-

tants impact the development and survival of subpopulations

of cells in a colony.56 Taken together, the results suggest that

heterogeneity in the methionine pathway affects aging under

different conditions.

Lifespan extension in cooperating communities is
mediated by protective overflow metabolites
To explore the cell-extrinsic factors that mediate the lifespan

extension phenotype, we started by simulating the likely metab-

olite changes in the SeMeCo using a community-adapted

version of the metabolic flux balance analysis (FBA).22 We simu-

lated the exchange of metabolites between a prototroph and

each of the 15 auxotrophic metabotypes that emerges from all

possible combinations of H, L, U, and M auxotrophies (Fig-

ure S4A). The community FBA revealed that interactions be-

tween MET15 and met15D cells cause broad metabolic flux

changes, notably, including central metabolism, and the ex-

change of a larger number of metabolites beyond methionine

(Figure S4B). We investigated the generality of our findings by

expanding our analysis to other amino acid exchange interac-

tions, using a genome-scale FBA of auxotroph-prototroph com-

munities. We found that there is a tight interaction between the

metabolic pathways and that, interestingly, a large number of

metabolic transitions act on the flux of the methionine pathway

(Figure S4C), suggesting our results might be of relevance to a

broader range of metabolite exchange interactions that often

converge on this pathway.

In order to obtain a deeper understanding of the pathways

involved, we continued with proteome analysis. Performing un-

targeted proteomics57,58 on chronologically aging wild-type

communities and SeMeCo that segregate or do not segregate

the MET15 marker (Figure 4A), we quantified 1,951 proteins,

around half the typically expressed yeast proteome.59 The first

principal component (PCA1) in a PCA explained 33% of the vari-

ance and separated the proteomes according to growth phase.

The second principal component (PCA2), explaining 23% of the

variance and separated the samples based on whether the com-

munities segregated the MET15 marker (Figures 4B and S5A).

Moreover, a comparison of the different communities revealed

that most of the differential protein expression occurs when

MET15 and met15D cells interact (Figures 4C and S5B). Gene

ontology (GO) enrichment analysis revealed that >50% of the

differentially expressed proteins comprised GO slim terms
Cell 186, 63–79, January 5, 2023 69



Figure 4. Proteomic andmetabolomic changes in yeast communities whereMET15 andmet15D cells interact reveal an increased glycolytic

metabolism

(A) Untargeted proteomics analysis57,58 of chronologically aging (Figure 1A) wild type, SeMeCo, and MET15-SeMeCo (see STAR Methods), performed on four

biological replicates/strain.

(B) PCA of the proteomes described in (A). Individual data points represent biological replicates/strain.

(C) (Left) Volcano plots showing differential protein expression as log2 fold change (FC) between strains and �log10 adjusted p value. Blue dots denote proteins

above an absolute (Abs) log2 FC of 1 (vertical dashed lines) and adjusted p value < 0.05 (horizontal dashed line). (Right) Number of proteins defined as per blue

dots (in the volcano plots), from the total proteins quantified (tProteins), represented as bar graphs, per growth phase and pairwise comparison between strains.

Adjusted p values in Table S5.

(D) Differential metabolic enzyme expression levelsmapped to a yeast metabolic network graph using iPath3,60 shown in the ES phase; E and S phases are shown in

Figure S5D. Red and blue lines represent significantly upregulated or downregulated proteins in SeMeCo andMET15-SeMeCo when compared with wild type; gray

lines representnon-mapped/absentproteins in themeasuredproteomes.Thicknessof the lines representsAbs(log2FC)changes (thickening= increasedAbs(log2FC)).

(E) Expression of enzymes belonging to the glycolytic pathway (UniProt protein name, columns), derived from the proteome analysis in (A) and normalized to a�1

to 1 scale, per growth phase and yeast communities (rows).

(F) Oxygen (O2) consumption, as measured by O2 saturation in culture in wild type, SeMeCo, and MET15-SeMeCo, in E and ES phases (see STAR Methods).

Higher O2 saturation in culture corresponds to lower oxygen comsuption. Data are mean ± SEM FC to wild-type mean levels; n = 3 biological replicates/strain.

Individual dots represent independent cultures. p values in Table S6.

Statistics by unpaired two-sided t test and multiple testing correction using the BH method (C) and unpaired two-sided Wilcoxon rank-sum test (F).

See also Figure S5.
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Figure 5. Lifespan extension in SeMeCo is promoted by a self-generated protective exometabolome

(A) Reaction scheme of glycolysis (Embden Meyerhoff Parnass pathway104), and associated metabolites generated during fermentation (light blue).

(B) Quantification of (i) ethanol, acetate and glycerol in the exometabolome, by HPLC, and (ii) intracellular glycolytic intermediates (G6P, glucose-6-phosphate;

F6P, fructose-6-phosphate; PEP, phosphoenolpyruvic acid; DHAP, dihydroxyacetone phosphate; G3P, glyceraldehyde-3-phosphate), by targeted metab-

olomics31 (see STAR Methods) of wild type, SeMeCo, andMET15-SeMeCo. Data are mean ± SEM metabolite levels; n = 4 biological replicates/strain. Insets in

(i) indicate FC to mean wild-type levels in S phase (day 8); individual dots represent independent cultures. p values in Table S1.

(legend continued on next page)
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belonging to metabolic processes (Figure S5C). Visualizing the

enzyme expression levels by mapping them to a metabolic

network graph using iPath3,60 highlighted changes in central

and intermediate metabolism (Figures 4D and S5D). A

pathway-centric analysis of the proteome pointed our attention

to glycolysis. Several glycolytic enzymes were upregulated in

the communities that contained MET15 segregants (Figure 4E).

However, because stationary cells typically rely on oxidative

phosphorylation for energy production,32 the increase of glyco-

lytic enzyme expression was somewhat surprising. We therefore

conducted oxygen consumption (OC) analysis in exponential

and early stationary phase cultures, excluding stationary phase

to avoid confounding effects produced by an increasing propor-

tion of dead cells. Consistent with the upregulation of glycolysis

at the proteome level, we found that the OC was reduced in the

communities containing the MET15 segregants (Figure 4F).

Both glycolytic activity and glycolytic overflow metabolites

(Figure 5A) are associated with chronological aging. Glucose re-

striction itself extends lifespan,61 and the glycolytic overflowme-

tabolites ethanol and acetate shorten lifespan,42,62 while a third

overflow metabolite, glycerol, increases CLS.63 We measured

ethanol, acetate, and glycerol in the exometabolome of the

different SeMeCo and wild-type communities. In the stationary

phase, levels of all three metabolites were higher in the

communities where MET15 and met15D segregants interacted.

While ethanol and acetate levels were �2-fold increased,

stronger changes were observed for glycerol, whose levels

were �8-fold increased during stationary phase (Figure 5Bi).

In order to explain the sources of the increase in glycerol, we

studied the intracellular glycolyticmetabolome. SeMeCo revealed

concentration changes in upper and lower glycolytic metabolites

across all growth phases: the most notable changes were de-

tected in the glycerol-associated three-carbon phosphates (G3P

and dihydroxyacetonephosphate [DHAP]) in the stationary phase.

These were increased specifically in the communities where

MET15 and met15D cells interacted (Figure 5Bii)). Further, we

analyzed the expression of enzymes specifically regulating glyc-

erol biosynthesis.We found that expression of the high-osmolarity

glycerol 1 protein (Hog1p), a kinase from the high-osmolarity glyc-

erol (HOG) pathway with transcriptional regulatory activity over

genes involved in response to osmotic stress, including glycerol

biosynthetic enzymes, is significantly upregulated in SeMeCo

vs. wild-type communities. Moreover, expression of the glycerol

biosynthetic enzymes glycerol-3-phosphate phosphatase 1 and

2 (Gpp1p and Gpd2p) was also increased (Figure 5C).

To test whether the accumulation of glycerol could be associ-

atedwith the extended lifespan, weperformed aCLSassaywhere

cells were grown in SMmedia supplemented with glycerol. Glyc-
(C) Boxplots showing log2 expression levels of Hog1p and the glycerol biosynth

biological replicates; n = 4 biological replicates/strain. Data derived from proteom

(D) CLS, by HTP-CFU, of wild type, SeMeCo, andMET15-SeMeCo, cultured on S

compared with mean wild-type survival at the beginning of the stationary phase;

(E) CLS, by HTP-CFU, of wild-type cultures swapped to SeMeCo culture media (S

start of stationary phase (see STAR Methods). Data are mean ± SEM survival

stationary phase; n = 4 biological replicates/exoM. p values in Table S3.

Statistics by unpaired two-sided t test (B and C) and unpaired two-sided Wilcoxo

different time scales (x axis) on (D) and (E) are due to survival differences in cultu
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erol supplementation extended lifespan to 62 days of culture, as

compared with the previously observed (Figure 3C) �20 days in

wild-type and MET15-SeMeCo. The SeMeCo also profited from

the glycerol treatment, although the absolute values were shifted

due to their overall longer lifespan (Figure 5D).

While these results demonstrated that glycerol accumulation is

beneficial, the glycerol increase alonemight not sufficiently reflect

the complexity of the yeast exometabolome. To validate if the

community’s self-generated exometabolome is indeed mediating

the lifespan extension, we complemented these results with ame-

dia swap experiment. We cultured wild-type communities in SM

media until the early stationary phase and then transferred them

to a SeMeCo exometabolome (generated in parallel). Control cul-

tures were generated by placing wild-type communities back in

their own exometabolome (Figure 5E). Wild-type communities

cultured on the exometabolome harvested fromSeMeCo showed

significant lifespan extension, representing a 10-fold increase in

CFU formation at 18 days of culture (Figure 5E). Hence, the meta-

bolic changes emerging when MET15 and met15D cells interact

generate a pro-survival metabolic environment that extends life-

span of all cells in a community.

Methionine exchange interactions impacts multiple
aging pathways
Metabolism and aging are deeply interlinked, with multiple

pathways coordinating metabolism also being major regulators

of aging and lifespan (Figure 6A). Sulfur amino acids and asso-

ciated intermediates, as part of the methionine biosynthetic

pathway, are also key players in such pathways, directly im-

pacting antioxidant response via biosynthesis of glutathione

(GSH) and polyamines, with the latter also regulating multiple

cellular processes64 (Figure 6A). We therefore analyzed levels

of these aging-regulating metabolites and associated biosyn-

thetic enzymes. We detected increased expression of gluta-

thione synthetase enzymes, such as the glutamylcysteine syn-

thetase, glutathione synthetase and reductase (Gsh1p, Gsh2p

and Glr1p; UniProt protein name: GSH1, GSHB and GLR1,

respectively), with increased levels of GSH, while not detecting

significant changes in reactive oxygen species (ROS), between

SeMeCo and wild-type communities (Figure 6B).

Another critical group of anti-aging metabolites are poly-

amines, which include putrescine, spermidine, and spermine.65

Polyamine biosynthesis requires S-adenosylmethionine (SAM),

an intermediate of the methionine biosynthetic pathway, which

is also a substrate for the generation of spermidine and spermine

(Figure 6A). Increased levels of spermine and putrescine, but not

spermidine, were detected in SeMeCowhen compared with wild

type or MET15-SeMeCo in the stationary phase (Figure 6C).
etic enzymes Gpp1p/2p and Gpd1p/2p. Dots represent values for individual

e analysis in Figure 4A. Adjusted p value in Table S5.

M supplemented with glycerol. Data are mean ± SEM survival (percentage FC)

n = 4 biological replicates/strain. p values in Table S3.

eMeCo exometabolome [exoM]) or kept in their culture media (WT exoM) at the

(percentage FC) compared with mean wild-type survival at the beginning of

n rank-sum test (D and E); p values *p < 0.05, **p < 0.005, and ns p > 0.05. The

res under glycerol supplementation, as compared with growth on glucose.
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Figure 6. Methionine exchange interactions impact multiple biochemical processes of aging

(A) Metabolic pathways and regulatory pathways of aging with focus on the role of methionine in these processes.

(B) (Top left) H2O2 fold change (FC) levels to wild type in exponential phase, as measured by dihydrorhodamine 123 (DHR) intensity by flow cytometry and (top

middle, right) levels of reduced and oxidized glutathione, GSH, and GSSG, respectively, as measured by targeted metabolomics31 of wild-type communities and

SeMeCo during E, ES, and S phases. Bar plots show the mean ± SEM of n = 4 biological replicates/strain. p values in Table S1. (Bottom) Boxplots represent

median (50% quantile, middle line) and lower and upper quantiles (lower [25% quantile] and upper [75% quantile]) of log2 expression levels of glutathione

(legend continued on next page)
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Next, we mined the proteome data for changes in targets of

the SNF1 (AMPK) and TORpathways. Overall, we did not find ev-

idence of an increased starvation response in SeMeCo

compared with wild type. Snf1p and related proteins, such as

the SNF1-interacting protein 1 and 5 (Sip2p and Sip5p) and

resistance to glucose repression protein 1 (Reg1p), increased

in early stationary and stationary phases, compared with expo-

nentially growing cells, but no significant differences were

observed between wild-type and SeMeCo, except for Reg1p,

a protein involved in negative regulation of glucose-repressible

genes (Figure S6A). Gene sets associated with TOR activity

were not specifically enriched in SeMeCo versus wild-type dur-

ing CLS (Figure S6B). Instead, our data show that expression of

enzymes participating in metabolic processes in general, and

amino acid biosynthesis in particular, is upregulated at the pro-

teome level (Figures 4D, S5C, and S5D) and that amino acid

levels are increased in SeMeCo, as compared with wild-type

communities, throughout CLS (Figure 2D). This corroborates

our previous observations, using genome-scale metabolic

modeling, metabolome, and proteome analysis, whereby auxo-

trophs upregulate a broad range of metabolic pathwayswhen in-

teracting with prototrophs.22 Supporting a role for the exometa-

bolome pro-survival metabolite glycerol, proteins involved in

osmoregulation and glycerol-dependent lipid biosynthesis

were significantly upregulated in SeMeCo, as compared with

wild type (Figure S6C). Glycerophospholipids are critical for

maintaining cell wall integrity, a process that is compromised

during aging.66 Indeed, we found that proteins belonging to the

GO slim term ‘‘cell wall’’ were also upregulated in SeMeCo vs.

wild-type communities (Figure 6D). In summary, our data show

that multiple metabolic anti-aging factors, such as expression

of antioxidant enzymes, antioxidant metabolites, polyamines,

and glycerol-associated pro-survival processes are increased

when cells grow in the protective communal exometabolome.

DISCUSSION

The classical view of metabolism as a biochemical network

operating inside the cell is increasingly replaced with one seeing

metabolic networks spanning across cells and their environ-

ment. In microbes, metabolic networks can span not only

over single but also over multiple species that interact within

microbial communities.37,67–69 When cells share metabolites

or take them up from external sources, their physiology can

be altered substantially. For instance, we previously showed

that cells that take up lysine mount better protection against ox-

idants,21 or that the presence of auxotrophs enriches metabolic

environments and increases drug tolerance.22 Studying the

physiological impact of metabolite exchange interactions re-
biosynthetic enzymes; n = 4 biological replicates/strain (dots represent values for

value in Table S5.

(C) Intracellular polyamines concentration, as measured by targeted metabolomic

show the mean ± SEM of n = 4 biological replicates/strain (dots represent indep

(D) Expression of proteins belonging to the GO slim term: ‘‘cell wall’’ (UniProt prote

phase and yeast communities (rows). Data are the mean expression, normalized to

Statistics by unpairedWilcoxon rank-sum test (B, top andC) and unpaired two-sid

E, exponential; ES, early exponential; S, stationary phases. See also Figure S6.
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mains, however, technically challenging. Metabolite exchange

interactions between cells are not captured by typical single-

cell techniques, nor does the concentration of a metabolite

explain whether it was produced or consumed by the analyzed

cell. Moreover, it is difficult to address the problem with classic

tools of genetics (e.g., knockouts or knockdowns) or inhibitors,

because metabolite levels are driven by the activity of many

transporters with a broad substrate spectrum; also, the inhibi-

tion of export and import of metabolites can cause broad

changes in the interconnected metabolic network. We here

address this problem by using a combination of various omics,

metabolic modeling, and genetic approaches and by studying

wild-type cells and metagenomic data, but also by making

use of SeMeCos to boost metabolic interactions between

communal cells.

In studying metabolite exchange interactions in the context of

CLS in yeast, we made two major observations. The first is that

metabolites exported during the exponential phase are imported

by cells during the stationary phase, establishing a ‘‘cross-

generational’’ exchange of metabolites, and that boosting such

interactions increases lifespan. It is important to emphasise in

this context that while exponential cells are temporally separated

from the chronologically aging cells in a batch culture CLS exper-

iment, both cell types co-occur within aging colonies,41 and it is

conceivable that the close physical proximity prevents dilution

and simplifies the exchange of metabolites between cells.70

Testing their lifespan, we noted that colonial cells lived much

longer than the ones in culture, even in wild-type colonies.41

The reasons are not fully understood, but it is consistent with

our findings that an increase in metabolic interactions is benefi-

cial for the lifespan of cells.

The second observation is that the lifespan extension is

explained by the metabolic environment that the cells

self-generate. Analysis of the metabotype composition within

SeMeCo attributed a special role to the methionine biosynthetic

pathway that is part of the organic sulfur cycle. We found that all

metabotypes in the community live longer if the community con-

tained MET15 segregants. Indeed, sulfur amino acids,71

including methionine, are known to play specific roles in the ag-

ing process. Methionine restriction in particular can extend life-

span in a number of organisms,44–49 prevent the development

of a variety of diseases,72 and influence the response to anti-

cancer therapies.73,74 However, our results differed from many

of these studies in a fundamental aspect, as they did not indicate

that the lifespan extension was caused bymethionine restriction.

Instead, we found metabolic rearrangements to follow when

cells switch from the biosynthesis to the uptake of methionine,

including the release of glycerol in the extracellular space. The

result is a protective metabolic environment in which not only
independent culture). Data from the proteome analysis in Figure 4A. Adjusted p

s, of wild-type communties and SeMeCo during E, ES, and S phases. Bar plots

endent cultures). p values in Table S1.

in name, columns), derived from the proteome analysis in Figure 4A, per growth

a�1 to 1 scale, of n = 4 biological replicates/strain. Adjusted p value in Table S5.

ed t test andmultiple testing correction using the BHmethod (B, bottom andD).
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the lifespan of methionine consumers but also the lifespan of

methionine producer cells is increased.

When interrogating the generality of our findings, by expanding

our analysis to other amino acid exchange interactions, we found

a large number of metabolic transitions acting on the flux of the

methionine pathway. We concluded that because a large number

of different metabolic interactionswill act on the flux of the studied

biosynthetic pathway, and because of the protective effectsmedi-

ated by the resulting exometabolome, our results are important

not only specifically for the methionine segregants used as a

model to study the process in SeMeCo, but they are also of rele-

vance to understand a broader range of metabolite exchange in-

teractions that often converge on this pathway.

In our mechanistic dissection of the cellular processes driving

longevity in SeMeCo, we found that multiple protective mecha-

nisms impacting aging and lifespan are increased when cells

grow in the pro-survival exometabolome generated by the

metabolite sharing cells, reinforcing the tight link between meta-

bolic and aging-regulating processes. In a nutshell, SeMeCo

presented a general increase in metabolic fluxes, metabolic

enzyme expression, and increased metabolite levels. This

included elevated polyamines and GSH levels with increased

expression of antioxidant enzymes. Importantly, we found glyc-

erophospholipid biosynthetic enzymes and cell wall assembly

proteins to be upregulated in SeMeCo, compared with wild-

type communities, processes that are positively linked to

increased glycerol levels and to aging.63,66,75–77

Our results may also offer an explanation for other contexts

whereby the organic sulfur cycle and linked pathways are altered

independently of methionine restriction. For example, linking

endocrine regulation and metabolic regulation, long-lived dwarf

mice have altered methionine metabolism and improved oxida-

tive defence, mostly via increased glutathione metabolism.78

These mice have upregulated sulfur, methionine, and one-

carbon metabolism pathways in a methionine restriction-inde-

pendent way. Furthermore, endogenous hydrogen sulfide (H2S)

production, as part of the organic sulfur cycle,79 is essential for

the beneficial effects of dietary restriction80 and has been shown

to provide health benefits in experimental organisms, ranging

from protection from ischemia/reperfusion injury to lifespan

extension.81 In yeast, H2S extends CLS in a temporally resolved

manner,82 and a recent study in our lab found thatMET15 auxo-

trophs generate increased levels of H2S,
83 hence it is possible

that increased levels of H2S also occur in SeMeCo and partici-

pate in the protective role of the self-generated exometabolome.

Finally, we would like to discuss the possible evolutionary im-

plications of our results. It has so far been debated whether uni-

cellular organisms would profit from a longer lifespan and if they

have been selected for longevity.84 Our study does not address

this question directly, but it reveals an interesting new possibility

that could be important in light of the high proportion of natural

microbial communities containing auxotrophs.22,67,85 Methio-

nine auxotrophs are long-lived but require cells with a shorter

lifespan to supply them with methionine. The glycerol excreted

by the methionine consumers prolonged the lifespan of the

methionine producers, indicating that the longer lifespan could

provide a direct return benefit to the methionine consumers.

Auxotrophy-prototrophy interactions might hence select for
longevity of cells that provide essential metabolites to microbial

communities. In any case, our results prompt future studies aim-

ing at closely examining the exometabolome when lifespan ex-

tensions are reported, specifically when metabolic interventions

such as metabolite restriction/supplementation or metabolism-

modulating drug treatments are applied.

Limitations of the study
Metabolite exchange interactions are difficult to trace in wild-

type cells, hence we have exploited the advantages of

SeMeCo. In SeMeCo, a higher number of cells share histidine,

leucine, uracil or methionine, but overall, being an auxotroph

means the cells are less metabolically versatile, compared with

prototrophic wild-type cells. SeMeCo will hence not capture all

metabolic properties found in wild-type cells. Moreover, despite

the fact that cells of the 16 metabotypes, that emerge from the

segregation of the four metabolic markers used in our study

diverge broadly in their metabolism,43 the community allows us

to monitor only a fraction of their possible metabolite exchange

interactions. That means, methionine and glycerol will not be

the only exometabolites impacting the aging process.

Secondly, lifespan experiments are conducted in batch cul-

ture, as typical in the field, and in yeast colonies, but the labora-

tory cultures will only approximate and reflect the aging process

of cells within natural communities. We hope our results

encourage the development of methods that would simplify the

study of CLS-like aging phenotypes of cells that participate in

natural communities.

STAR+METHODS

Detailed methods are provided in the online version of this paper

and include the following:

d KEY RESOURCES TABLE

d RESOURCE AVAILABILITY
B Lead contact

B Materials availability

B Data and code availability

d EXPERIMENTAL MODEL AND SUBJECT DETAILS

B Yeast strain construction

d METHOD DETAILS

B Yeast strains culture

B Growth assays

B Chronologic lifespan

B Metabotyping

B pH analysis

B Oxygen consumption

B Reactive Oxygen Species Levels

B Targeted metabolomics

B Genome-scale metabolic modelling (flux balance

analysis)

d QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.cell.

2022.12.007.
Cell 186, 63–79, January 5, 2023 75

https://doi.org/10.1016/j.cell.2022.12.007
https://doi.org/10.1016/j.cell.2022.12.007


ll
OPEN ACCESS Article
ACKNOWLEDGMENTS

We thank the Francis Crick Science and Technology Platforms (STP), specially

Hefin Rhys, Sukhveer Purewal, and Ana Água-Doce from the Flow Cytometry
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Chemicals, peptides, and recombinant proteins

Bacto Dehydrated Agar ThermoFisher Scientific Cat# 214010

Bacto Peptone ThermoFisher Scientific Cat# 211677

Bacto Yeast Extract ThermoFisher Scientific Cat# 212750

D-Glucose (12C-glucose) Sigma-Aldrich Cat# G8270

D-Glucose (13C-glucose) Sigma-Aldrich Cat# 389374

Glycerol Sigma-Aldrich Cat# G2025

L-Histidine Sigma-Aldrich Cat# H8000

L-Leucine Sigma-Aldrich Cat# L8000

L-Methionine Sigma-Aldrich Cat# 64319

Uracil Sigma-Aldrich Cat# U0750

Yeast Nitrogen Base Without Amino Acids Sigma-Aldrich Cat# Y0626

Yeast Synthetic Drop-out Medium Supplements,

without lysine

Sigma-Aldrich Cat# Y1896

Acetonitrile (Optima LC-MS Grade, Fisher Chemical) Fisher Scientific Cat# A955-500

Acetic Acid (Eluent additive for LC-MS) Honeywell Research

Chemicals

Cat# 49199

Ammonium Bicarbonate (Eluent additive for LC-MS) Sigma-Aldrich Cat# 40867

Ammonium Formate (eluent additive for UHPLC-MS, Fluka) Honeywell Research

Chemicals

Cat#14266

DL-Dithiothreitol (BioUltra) Sigma-Aldrich Cat# 43815

Formic Acid (TraceSELECT, for trace analysis, Fluka) Honeywell Research

Chemicals

Cat# 06454

Iodoacetamide (BioUltra) Sigma-Aldrich Cat# I1149

Methanol (Optima LC-MS Grade, Fisher Chemical) Fisher Scientific Cat# A456-212

Trypsin (Sequence grade) Promega Cat# V511X

Urea (puriss. P.a., reag. Ph. Eur.) Honeywell Research

Chemicals

Cat# 33247H

Water (Optima LC-MS Grade, Fisher Chemical) Fisher Scientific Cat# W6500

LC-MS Standard amino acid: Alanine Sigma-Aldrich Cat# A7627

LC-MS Standard amino acid: Arginine Sigma-Aldrich Cat# A5131

LC-MS Standard amino acid: Asparagine Sigma-Aldrich Cat# A0884

LC-MS Standard amino acid: Aspartate Sigma-Aldrich Cat# A9256

LC-MS Standard amino acid: Glutamate Sigma-Aldrich Cat# G1251

LC-MS Standard amino acid: Glutamine Sigma-Aldrich Cat# G3126

LC-MS Standard amino acid: Glycine Sigma-Aldrich Cat# G7126

LC-MS Standard amino acid: Histidine Sigma-Aldrich Cat# H8125

LC-MS Standard amino acid: Isoleucine Sigma-Aldrich Cat# I2752

LC-MS Standard amino acid: Leucine Sigma-Aldrich Cat# L8000

LC-MS Standard amino acid: Lysine Sigma-Aldrich Cat# L5501

LC-MS Standard amino acid: Methionine Sigma-Aldrich Cat# M9625

LC-MS Standard amino acid: Phenylalanine Sigma-Aldrich Cat# P2126

LC-MS Standard amino acid: Proline Sigma-Aldrich Cat# P0380

LC-MS Standard amino acid: Serine Sigma-Aldrich Cat# S4500

(Continued on next page)
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LC-MS Standard amino acid: Threonine Sigma-Aldrich Cat# T8625

LC-MS Standard amino acid: Tryptophan Sigma-Aldrich Cat# T0254

LC-MS Standard amino acid: Tyrosine Sigma-Aldrich Cat# T3754

LC-MS Standard amino acid: Valine Sigma-Aldrich Cat# V0500

LC-MS Standard nucleobase: Uracil Sigma-Aldrich Cat# U0750

LC-MS Standard nucleotide: Adenosine 50-triphosphate (ATP) Abcam Cat# ab146562

LC-MS Standard nucleotide: Cytidine-50-triphosphate (CTP) Abcam Cat# ab146217

LC-MS Standard nucleotide: Uridine-50-triphosphate (UTP) Abcam Cat# ab146222

LC-MS Standard nucleotide: Guanosine-50-triphosphate (GTP) Abcam Cat# ab146561

LC-MS Standard glycolytic intermediate: Glucose 6-phosphate Sigma-Aldrich Cat# G7879

LC-MS Standard glycolytic intermediate: Fructose 6-phosphate Sigma-Aldrich Cat# F3627

LC-MS Standard glycolytic intermediate:

Glyceraldehyde 3-phosphate

Sigma-Aldrich Cat# G5251

LC-MS Standard glycolytic intermediate:

Dihydroxyacetone phosphate

Sigma-Aldrich Cat# 37442

LC-MS Standard glycolytic intermediate:

Phosphoenolpyruvic acid

Sigma-Aldrich Cat# P7127

LC-MS Standard TCA intermediate: Citric acid Sigma-Aldrich Cat# W302600

LC-MS Standard TCA intermediate: Cis-aconitic acid Sigma-Aldrich Cat# A3412

LC-MS Standard TCA intermediate: Alpha-ketoglutaric acid Sigma-Aldrich Cat# 75892

LC-MS Standard TCA intermediate: Succinic acid Sigma-Aldrich Cat# S3674

LC-MS Standard TCA intermediate: Fumaric acid Sigma-Aldrich Cat# 47910

LC-MS Standard TCA intermediate: Malic acid Sigma-Aldrich Cat# 27606

LC-MS Standard glutathione: Glutathione Sigma-Aldrich Cat# G6013

LC-MS Standard glutathione: Glutathione disulphide Sigma-Aldrich Cat# G4376

LC-MS 13C Standards: Algal lyophilised cells-13C

(Synechococcus sp.)

Sigma-Aldrich Cat# 487945

LC-MS Standards polyamines: putrescine,

spermidine, spermine

Sigma-Aldrich Cat# 51799, S2626, S3256

HPLC Standard: Ethanol WVR Cat# 153385E

HPLC Standard: Glycerol WVR Cat# 24386.298

HPLC Standard: Sodium acetate Sigma-Aldrich Cat# S7670-250G

Pyridine Honeywell Cat# 360-570

Sodium carbonate Sigma-Aldrich Cat# 223530

Benzoyl chloride Alfa Aesar Cat# A14107

Sulfuric acid Applichem Cat# 141085.1211

Formaldehyde 37% solution Sigma-Aldrich Cat# F1635

Chloroform J.T. Baker Cat# 7386.1000

Critical commercial assays

LIVE/DEAD Fixable Far Red Dead Cell Stain Kit,

for 633 or 635 nm excitation, Invitrogen

ThermoFisher Scientific Cat# L10120

Dihydrorhodamine 123 (DHR), Invitrogen ThermoFisher Scientific Cat# D23806

Deposited data

SeMeCo aging proteome dataset This study PRIDE Project accession: PXD036444.

Wild-type yeast supplemented with/out amino acids

proteome dataset

This study Mendeley Data: https://doi.org/10.17632/

sd8zthmrk4.1.

(Continued on next page)
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1k wild yeast isolates collection proteome dataset Muenzner et al.54 N/A

EMP prokaryotic natural auxotrophic species dataset Machado et al.52 https://github.com/cdanielmachado/

cooccurrence/blob/master/download.sh

Experimental models: Organisms/strains

S.cerevisiae, BY4741; (MATa: his3D1, leu2D0, ura3D0, met15D0) ATCC https://www.atcc.org/

S.cerevisiae, BY4741: Prototrophic; (MATa: HIS3, LEU2, URA3, MET15) Olin-Sandoval et al.21 N/A

S.cerevisiae, BY4741: SeMeCo;

(MATa: pHIS3, pLEU2, pURA3, pMET15)

Yu et al.22 N/A

S.cerevisiae, BY4741: HIS3-SeMeCo;

(MATa: HIS3, pLEU2, pURA3, pMET15)

This study N/A

S.cerevisiae, BY4741: LEU2-SeMeCo;

(MATa: LEU2, pHIS3, pURA3, pMET15)

This study N/A

S.cerevisiae, BY4741: URA3-SeMeCo;

(MATa: URA3, pHIS3, pLEU2, pMET15)

This study N/A

S.cerevisiae, BY4741: MET15-SeMeCo;

(MATa: MET15, pHIS3, pLEU2, pURA3)

This study N/A

S.cerevisiae, BY4741: met15D;

(MATa: met15D0, HIS3, LEU2, URA3)

This study N/A

S.cerevisiae, BY4741: pM-SeMeCo;

(MATa: his3D1, leu2D0, ura3D0, pMET15)

This study N/A

Oligonucleotides

See Table S1 for list of primers This study N/A

Recombinant DNA

Plasmid pHIS3 Mülleder et al.87 Addgene #64178

Plasmid pLEU2 Mülleder et al.87 Addgene #64177

Plasmid pURA3 Mülleder et al.87 Addgene #64180

Plasmid pMET15 Mülleder et al.87 Addgene #64179

Software and algorithms

Pyphe Kamrad et al.92 https://github.com/Bahler-Lab/pyphe

DeadOrAlive Romila et al.91 https://github.com/JohnTownsend92/

DeadOrAlive

BD Diva software, version 8.0.1 BD Biosciences https://www.bdbiosciences.com/en-de/

products/software/instrument-software/

bd-facsdiva-software

FlowJo software, version 10.3.0. BD Biosciences https://www.flowjo.com/solutions/flowjo

DIA-NN Demichev et al.58 https://github.com/vdemichev/DiaNN

iPath3 Darzi et al.60 https://pathways.embl.de/

Agilent MassHunter Quantitative Analysis 10.1 Agilent https://www.agilent.com/en/product/

software-informatics/mass-spectrometry-

software/data-analysis/quantitative-analysis

LabSolutions Lite for LC-PDA software Shimadzu https://www.shimadzu.de/labsolutions

%E2%84%A2-lcms-software-simple-

analytical-platform
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Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Markus

Ralser (markus.ralser@charite.de).
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Materials availability
This study did not generate new unique reagents.

Data and code availability
d The data supporting the findings of this study are available within the paper, its supplemental information and is deposited

within publicly accessible repositories. The mass spectrometry proteomics data of chronologically aging SeMeCo, relevant

to data shown in Figures 4, 6, S5, and S6, have been deposited to the ProteomeXchange Consortium via the PRIDE86 partner

repository with the dataset identifier PRIDE: PXD036444. The mass spectrometry proteomics data of wild-type yeast supple-

mentedwith/out amino acids, relevant to data shown in Figure S3C, have been deposited to theMendeley repository with data-

set identifier Mendeley Data: https://doi.org/10.17632/sd8zthmrk4.1.

d Yeast gene functions and GO slim term mapper can be accessed at the Saccharomyces Genome Database (SGD: https://

www.yeastgenome.org/). Protein sequence databases used for the identification and mapping of proteins from proteomics

can be accessed via Uniprot:https://www.uniprot.org/ and KEGG: https://www.genome.jp/kegg/pathway.html. No custom

software codes were generated as part of this study. All analyses conducted in R v4.1.3. used standard, publicly accessible

packages obtained either through GitHub (https://github.com/), the Comprehensive R Archive Network (CRAN, https://cran.

r-project.org/) or via Bioconductor (https://www.bioconductor.org/).

d Any additional information required to reanalyse the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Yeast strain construction
The haploid BY4741 S. cerevisiae strain (MATa: his3D1, leu2D0, ura3D0, met15D0) was used to generate all subsequent

strains used in the study (key resources table). Prototrophy was restored with the wild-type locus of HIS3, LEU2, URA3 and

MET15 either by genomic integration (knock-in), with primer design based on information from Brachmann et al.29 or plasmid

complementation generated by Mülleder et al.87 (see key resources table), followed by standard cloning and yeast transforma-

tion techniques.88 Primers were designed to flank the genomic region of the gene of interest ± several hundred base pairs to

maximise the homologous region for recombination. The YSBN5 yeast strain was used as template DNA. Primer sequences for

genomic integration of the metabolic markers as follow: HIS3 Fw: 5’TATCGTTTGAACACGGCATT3’ and Rv: 5’CGCG

CCTCGTTCAGAATGAC3’; LEU2 Fw: 5’GAATTAAAGGATTGGATAGC3’ and Rv:5’CCCTATGAACATATTCCATT3’; URA3 Fw:

5’GTTCATCATCTCATGGATCT3’ and Rv: 5’TACTGTTACTTGGTTCTGGC 3’; MET15 Fw: 5’TCGTTTTCTACTTTCTTCTG3’ and

Rv: 5’GGAGAAGTCAAGACTATGAA3’.

All strains are long-term stored in �80�C using a glycerol-based standard storage medium (glycerol 30% v v–1).

METHOD DETAILS

Yeast strains culture
SeMeCo strain generation and culture

The generation and culture of SeMeCo was performed as previously described.22 The pHIS3, pLEU2, pURA3 and pMET15 plas-

mids were used to generate a SeMeCo strain in the BY4741 background.87 All SeMeCo strains were cultured in

minimal synthetic (SM) media, composed of yeast nitrogen base without amino acids (YNB, 6.8 g/L) + 2% glucose (20 g/L),

so cells rely on the exchange of self-synthesised metabolites for growth and survival. Briefly, cryo stocks were streaked

onto SM + 2% agar medium and cultured at 30�C for 3 days. Then, a micro-colony was diluted in 500 mL dH2O, and normalised

to OD600nm = 0.8. Then, 5 mL were spotted onto a solid SM medium to generate a giant colony. This initial spotting corre-

sponded to �7.2 3 104 cells using a predefined OD-to-cell number standard curve. Cells were incubated for 2 days at

30�C, then giant colony generation was repeated to ensure cells have undergone enough proliferation cycles and plasmid

segregation, enabling metabolic cooperation, whilst being continuously kept in an exponential growth phase. Pre-cultures

were generated by diluting the giant spots into 1 mL dH2O, normalised to OD600nm = 1 in SM liquid medium and cultured for

16 hours at 30�C. Cultures were then generated by diluting the pre-cultures to OD600nm = 0.1 in SM liquid medium and cultured

for the duration of the CLS. This relatively high starting OD600nm ensures cells are kept at a density that minimises disturbing the

relative proportions of auxotrophs and prototrophs generated in the SeMeCo. Cells were collected for downstream experiments

at different growth phases, as indicated in figure legends. The control wild-type strain (BY4741, quadruple knock-in: HIS3,

LEU2, URA3 and MET15), herein referred to as the prototrophic wild-type strain, followed the exact same procedures as

SeMeCo. Strain details are in the key resources table.

For CLS assays cells were grown either on glucose (SM supplemented with 2% glucose) or glycerol (SM supplemented with 3%

glycerol and 0.1% glucose). SeMeCo generation and respective wild-type controls were grown on solid SM supplemented with

glucose prior to being cultured in SM supplemented with glycerol from pre-culture stage onwards.
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Knockout strain culture

Knockout strain cultures followed the exact same culture procedure as described for SeMeCo generation and culture. In the case of

themet15D strain, cells were grown on SMmedia supplemented with 20 mg/L L-methionine, with respective wild-type controls also

being cultured in SM supplemented with methionine.

Exometabolome exchange cultures

Prototrophic wild-type and SeMeCo yeast cells were cultured in parallel, in SM media supplemented with 2% glucose, for

48 hours (until the stationary phase). Culture media was then collected by spinning down cells in each culture at 3,000 g for

5 min at room temperature (RT), followed by supernatant (media) filtering with a 0.22-mm syringe filter. Experimental wild-

type culture cell pellets were then gently resuspended in the filtered media (exometabolome) from SeMeCo, whilst control

wild-type cell pellets were resuspended back in their own filtered culture media. Wild-type cultures either in SeMeCo or

wild-type exometabolomes were then followed for CLS.

Cultures for isotope labelling

For assessing amino acid import during chronological lifespan, prototrophic wild-type yeast cells were cultured in 10 mL SM media

supplemented with 2% of either 12C-glucose or 13C-glucose for 48 hours. Themedia was then swapped as follows: the full volume of

culture media was collected by spinning down cells in each culture at 3,000 g for 5 min at room temperature (RT), followed by su-

pernatant (media) filtering with a 0.22-mm syringe filter. Filtered supernatants were then added to respective swap cultures and cells

were gently resuspended. Then 650 mL of each sample were collected for isotope tracing amino acid analysis using targeted metab-

olomics by HPLC-MS/MS,38 at 2, 6, 24, 48 and 72 hours post media swap (plus a control 0 hours collection, just prior swapping me-

dia). Control cultures were swapped from SM supplemented with 13C-glucose to SM supplemented with 12C-amino acids (Yeast

Synthetic Drop-out Medium Supplements, without lysine; Sigma, Cat# Y1896, final concentration of 3.1 g/L). Absence of lysine in

the amino acid supplementation mix was an additional control, whereby cells swapped to the mixture should not present imported
12C-lysine.

For analysing the switch from synthesis to uptake uponmethionine supplementation by 13C isotope tracingmetabolomics, the pro-

totrophic wild-type strain was grown to mid-log phase in 96 deep-well plates with 200 mL SMmedia with 1% 13C glucose and varying

methionine concentrations.

In both cases, cells were harvested by centrifugation (4 min, 3,200 g), washed in water and metabolites were extracted as

described below for ‘‘intracellular and extracellular amino acid and uracil quantification’’.

Amino acid supplemented cultures for proteomics

For analysing the impact of amino acid supplementation on the proteome, the prototrophic wild-type strain was cultured in 1.4mLSM

media in 96 deep well plates with a starting OD600nm of 0.05 with and without a synthetic supplement mix (Sigma, Cat# Y1896, final

concentration of 3.1 g/L). After 10 hours, cell pellets were harvested by centrifugation (4 min, 3,200 g) and proteomes were analysed

as described below.

Growth assays
Growth was assessed by monitoring biomass formation using optical density absorbance at a wavelength of 600 nm (OD600nm).

OD600nm was recorded either manually during the CLS, on an Ultrospec 2100 ProTM spectrophotometer (Amersham Biosciences),

or automatically on a plate reader (NanoQuant PlateTM, Infinitive 200 PRO (Tecan)) every 10 minutes, until cells reached stationary

phase, at 30�C for growth-curve recording. Both maximum growth and time to mid-log phase were determined from growth curves

data using the R ‘growthcurver’ package.89

Chronologic lifespan
Conventional and high-throughput colony forming unit (CFU) assays

Conventional CFU analysis was performed as described previously90 by aliquoting equal volumes of aging cultures throughout CLS

and plating cells at different dilution factors into solid richmedia (YPD) composed of yeast extract (10 g/L), peptone (20 g/L), dextrose/

glucose (20 g/L) and agar (20 g/L). Cells were incubated for 2 days at 30�C and the number of CFUs was recorded. Increasing

numbers of cultures analysed in parallel required the usage of a high-throughput CFU (HTP-CFU) method as described in Romila

et al.91 Briefly, 200-mL aliquots of aging culture were loaded into the first column of a 96-well plate (8 cultures in parallel per plate).

The rest of the plate was loaded with 100 mL of dH2O. Using a Biomek NXP automatic liquid handler (Beckman Coulter), 50 mL of the

aging culture from the first columnwere serially diluted 3-fold across the plate, ensuring each dilution factor was well mixed. Droplets

of serially diluted aging cultures were immediately dispensed onto solid YPD in quadruplicate (384-well format) using a Singer RoToR

HDA pinning robot (Singer Instruments). For this, long-pin 96-density padswere used,making sure that the source plate was revisited

before each pin onto the agar. Plates were incubated for 2 days at 30�C until patterns of colonies appeared. Images of agar plates

were acquired with Pyphe-scan92 using an Epson V700 scanner in transmission mode. Plate image analysis and quantification of the

number of CFUs in the aging culture, based on the colony patterns observed, were performed using the R package ’DeadOrAlive’.91

In both conventional- and HTP-CFU assays, survival of the different strains was normalised, first to dilution factor, then to biomass

measured at the time of sample collection, as measured by OD600nm, and then to the survival of the respective wild-type controls at

the beginning of the stationary phase (48 hours from the start of culture).
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Maximum lifespan

Maximum lifespans were calculated from CFU colonies at the latest time point where at least 96 colonies formed per biological repli-

cate (for at least 3 biological replicates per strain), from 100 mL of undiluted stationary culture spread on agar, for accurate metab-

otyping analysis.

Live/Dead staining

Cell death was assessed using the LIVE/DEAD� Fixable Far Red Dead Cell Stain Kit, for 633 or 635 nm excitation (Invitrogen�,

ThermoFisher Scientific) according to the manufacturer’s instructions, followed by high-throughput flow cytometry (HTP-FC).

Briefly, an aliquot of 300 mL of each aging culture was transferred to a 96-deep-well plate. Plates were then spun down at

3,000 g for 3 min RT, the supernatant was discarded, and cells were resuspended in 300 mL of diluted dye (1:1000 diluted stock

dye in dH2O), followed by an incubation of 30 min in the dark. Cells were then washed in 500 mL of dH2O, resuspended in 300 mL of

�4% formaldehyde (37% formaldehyde diluted 1:10 in PBS 1x) and incubated 10min in the dark. Cells were washed in PBS 1x and

stored in 500 mL fresh PBS 1x at 4�C, protected from light, until analysis by HTP-FC. Immediately prior to analysis, samples were

sonicated for 20 s at 50W (JSP Ultrasonic Cleaner US21) to maximize cell singlets for HTP-FC analysis, and 250 mL were trans-

ferred to a 96-well plate for HPT-FC analysis. For HTP-FC, 30,000 cells/sample were measured in a Fortessa X20 flow cytometer

(BD Biosciences), using the HTS plate mode on the BD Diva software version 8.0.1. and a 633-nm excitation laser to capture the

dye staining. Populations of interest were gated using the FlowJo software version 10.3.0. Features of interest (dead and live cell

populations) were then exported for further analysis using R.

Metabotyping
Metabotyping was performed as previously described,39 with the difference that colonies were cryostocked prior to replica-

plating, so cells collected at different time points across the CLS would be analysed in parallel. Firstly, conventional CFUs

were performed as described above. Then 96 individual CFUs per biological replicate were resuspended in 100 mL of liquid

YPD supplemented with 30% glycerol in a 96-well plate (NuncTM Sigma), as one colony/well, then incubated at 30�C ON prior

to freezing at –80�C. Once all samples across the CLS were collected, plates were defrosted and then replica-plated on six

plates, containing either (a) complete medium (SM with all four missing nutrients: 20 mg/L of L-histidine, L-uracil and

L-methionine and 60 mg/L of L-leucine), (b) SM medium, and plates with SM and all nutritional supplements except (c)

L-histidine, (d) L-leucine, (e) L-uracil or (f) L-methionine. The absence of growth in a particular drop-out medium reflects the

clone auxotrophy for that specific metabolite. The combinatorial growth ability in the six different media allows determination

of each clone metabotype (total auxotrophies it contains). This method permits identification of all 16 possible metabotypes

resulting from all possible combinations of the four auxotrophies. Segregants abundance was relative to all metabotypes,

including non-segregant prototrophic cells, in SeMeCo, as follow: % auxotrophs = (n auxotrophs/ (n auxotrophs + n proto-

trophs)*100). Statistics were calculated by pairwise comparing relative abundance of each segregant to their relative abun-

dance in the early stationary phase (day 2), by paired two-sided t test.

pH analysis
Aliquots of 1 mL were collected per culture at different time points during the CLS and pH was measured using a Mettler-Toledo In-

Lab� Micro & Micro Pro pH electrode coupled to pH/Ion bench meter SC S220-B (Mettler Toledo).

Oxygen consumption
10 mL of CLS cultures were collected during exponential (day 1) and early stationary phase (day 2), placed into a 10-mL Erlenmeyer

flask and stirred at 900 rpm using a magnetic stirrer bar. An oxygen probe (Hanna HI 98193) was inserted into the flask in such a way

that it became completely filled with no remaining air inside it. The flask was sealed with parafilm to impede gas exchange. The ox-

ygen saturation of the culture was recorded twice: 0 and 5min. Oxygen levels were normalised to biomass and live cells, asmeasured

by OD600nm and CFU analysis respectively, and to levels of wild-type at the beginning of measurements (0 min).

Reactive Oxygen Species Levels
Hydrogen peroxide levels, as a readout of intracellular ROS levels, was assessed using the Dihydrorhodamine 123 (DHR, Invi-

trogen�, ThermoFisher Scientific) according to the manufacturer’s instructions, followed by high-throughput flow cytometry

(HTP-FC). Briefly, an aliquot of 300 mL of each ageing culture was transferred to a 96-deep-well plate. DHR was added to

each well to a final concentration of 10 mM and incubated at 30�C for 15 min in the dark. Cells were then spun down at

3,000 g for 3 min RT and the supernatant was discarded. Cells were then subject to 3 cycles of washes in 500 mL of dH2O,

spinning down at 3,000 g for 3 min RT and discarded supernatant. Cells were resuspended in 500 mL of PBS 1x before being

sonicated for 20 s at 50W (JSP Ultrasonic Cleaner US21) to maximise cell singlets for HTP-FC analysis. 250 mL were transferred

to a 96-well plate for HPT-FC analysis. For HTP-FC, 30,000 cells/sample were measured in a Fortessa X20 flow cytometer (BD

Biosciences), using the HTS plate mode on the BD Diva software version 8.0.1. and a 488-nm excitation laser to capture the dye

staining. Populations of interest were gated using the FlowJo software version 10.3.0. Features of interest (DHR intensity) were

then exported for further analysis using R.
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Targeted metabolomics
Intracellular glycolytic and TCA intermediates, nucleotides and amino acids

Sample Preparation. Aging cultures, at several time points reflecting different growth phases, were sampled and 400 mL of each cul-

ture were quenched in 1,600 mL dry-ice-cold LC-MS grade methanol (MeOH), into a 48-deep-well plate, as described by Ewald

et al.93 This suspension was spun down (600 g, 3 min, 4�C), and the supernatant was discarded by inversion, followed by a short

spin (600 g, 1 min, 4�C) to ensure complete removal of the SN. Cell pellets were immediately placed on dry ice and then transferred

to�80�C until analysis. As an internal control, metabolites from 13C labelled Synechococcus sp.were extracted, andMeOH concen-

tration adjusted to 71.4% (corresponding to 10:4 MeOH/water) and immediately stored at -20�C to avoid degradation. Intracellular

metabolites from samples were then extracted as described.94 Briefly, 140 mL of extracted 13C labelled Synechococcus sp.metab-

olites (in 10:4 MeOH/water) were added and vortexed. Then, 50 mL chloroform was added, followed by 50 mL water and 50 mL chlo-

roform with thorough mixing in between. Phases were separated by centrifugation at 3,000 g for 5 min. The aqueous phase was

recovered and used without further conditioning. Standards was stepwise diluted and each mixed with the same amount of 13C

labelled Synechococcus sp. metabolites. The order of samples was randomised and one microliter was injected for HPLC–MS/

MS analysis.

Sample Acquisition. Metabolites were resolved on an Agilent 1290 Infinity II high-performance liquid chromatography (HPLC) sys-

tem by hydrophilic interaction liquid chromatography (HILIC) coupled to an Agilent 6470 triple quadrupole instrument operating in

dynamic MRM (dMRM) mode, as previously described.31 In short, the gradient program started at 30% solvent B (100 mM ammo-

nium bicarbonate) and was kept constant for 3 min before a steady increase to 60% solvent B over 4 min. Solvent B was maintained

at 60% for 1 min before returning to initial conditions. The column was washed and equilibrated for 2 min, resulting in a total analysis

time of 10min.We used acetonitrile as solvent A and aWaters BEHAmide column (2.13 100mm, 1.7 mmparticle size) for separation.

The flow rate was set to 0.3 mL/min and column temperature to 35�C. Compounds were identified by comparing retention time and

fragmentation patterns with analytical standards. Quantification of metabolites that were below the limit of detection was excluded

from analysis. Metabolite quantifications were then normalised per biomass, as measured by OD600nm, at the time of collection.

Intracellular and extracellular amino acid and uracil quantification

Sample Preparation. Aging cultures, at several time points reflecting different growth phases, were sampled and 500 mL of each cul-

ture were collected into a 96-deep well plate for amino acid and uracil profiling. Samples were centrifuged at 4,000 g for 3 min and

supernatants (SN) were transferred into a new 96-deep well plate for extracellular metabolite profiling, whilst cell pellets were washed

once in 500 mL of dH2O, spun down at 4,000 g for 3 min and SN was discarded (followed by a 1 min spin for complete removal of SN)

for later intracellular metabolite profiling. Both cell pellets and SNwere immediately frozen in dry ice and samples were then stored at

�80�C until analysis.

The amino acid and uracil extraction, separation and detection protocols were adapted from Mülleder et al.38 Briefly, 200 mL of

80% LC-MS grade ethanol at 80�C were added to the yeast pellets. Samples were heated for 2 min at 80�C, vigorously mixed on

a vortex mixer and incubated for further 2 min at 80�C followed by vigorous vortexing. The extracts were removed from debris by

centrifugation at 12,000 g for 5 min. SN were also centrifuged at 12,000 g for 5 min to further purify samples from any debris.

For analysing of the switch from synthesis to uptake uponmethionine supplementation by 13Cmetabolomics, following the ethanol

extraction, samples were dried in a Speedvac at 30�C and reconstituted in 10 mL of 1:2 methanol:water with 10 mM ammonium

formate and 0.176% formic acid, followed by the addition of 65 mL acetonitrile (to match the starting conditions of the LC-MS/MS

method). The order of samples was randomised, and one microliter was injected for HPLC–MS/MS analysis.

Sample Acquisition. For analysis by HPLC–MS/MS, amino acids and uracil were separated by HILIC using an ACQUITYUPLCBEH

amide column (130 Å, 1.7 mm, 2.1 mm3 100mm) on a liquid chromatography (Agilent 1290 Infinity II HPLC) and tandemmass spec-

trometry (Agilent 6460) system. Buffer A was composed of 50:50 acetonitrile/water, 10 mM ammonium formate and 0.176% formic

acid, and buffer B of 95:5:5 acetonitrile/methanol/water, 10 mM ammonium formate, and 0.176% formic acid. The gradient elution

was performed at a constant flow rate of 0.9 mL/min. Starting conditions were 85% buffer B, after 0.7 min the concentration of buffer

B was decreased gradually to 5% until 2.55 min and kept for a further 0.05 min before returning to initial conditions. The column was

then equilibrated, resulting in a total runtime of 3.25 min. Compounds were identified by matching retention time and fragmentation

(MS2) with commercially obtained amino acid and uracil standards (see key resources table). Signals for free amino acids and uracil

were then acquired in dynamic SRM mode in the MassHunter Software as previously described.38 Compounds were identified by

comparing retention time and fragmentation patterns with analytical standards. Amino acid and uracil quantifications were then nor-

malised per biomass, as measured by OD600nm, at the time of collection.

Extracellular amino acids and uracil data from wild-type in exponential phase are a re-analysis of data in22; experiments, whereby

cell culture, metabolite extraction and sample acquisition, were followed for CLS analysis.

For LC-MS analysis for the isotope tracing experiments (Figures 1E and S3B), we extended the gradient elution at a flow rate of

0.6 ml/min, as follows: isocratic separation for 3 min with 85% solvent B, decrease to 5% B over 7 min, 1 min wash before returning

to starting conditions with 2 min equilibration. The monoisotopic 12C and fully 13C-labelled metabolites were monitored.

Intracellular polyamines

Sample Preparation. Cell pellets from aging cultures were collected and processed as described above for ‘‘intracellular and extra-

cellular amino acids and uracil’’, where intracellular metabolites from �80�C stored cell pellets were ethanol extracted. The spun

dried pellet obtained, after evaporation of ethanol in a vacuum concentrator (Thermo Scientific SPD300DDA, 30 �C, 200 mTorr,
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2h), was resuspended in HPLC grade water containing an external standard, which from here on is denoted as SN. The SN was then

derivatised for polyamines prior HPLC–MS/MS analysis using a protocol adapted fromWong et al.95 Briefly, 10 mL of SN were trans-

ferred into a 500 mL deep-well plate. To this were added sequentially 2 mL pyridine (1 M in acetonitrile), 10 mL of 100 mM aqueous

sodium carbonate and 20 mL of 2% benzoyl chloride in acetonitrile (freshly prepared). Following a brief mixing (5 s) and incubation

(1 min, 25�C), the plate was centrifuged (3,000 g) to settle any precipitate. The supernatant was transferred to a fresh plate for HPLC–

MS/MS analysis. An external calibration standard mixture was prepared in MQwater in a serial dilution of 1:5:5:5:5:5 and derivatised

as above. Fresh media (SM) was used as a blank for derivatisation.

Sample Acquisition. HPLC–MS/MS measurement was carried out on an Agilent 1290 Infinity II HPLC coupled to an Agilent 6495

triple quadrupole mass spectrometer. The HPLC parameters were as follows: Solvent A and B were respectively 0.1% formic acid in

water and 0.1% formic acid in acetonitrile. The chromatography was carried out using Agilent ZORBAX Eclipse Plus Phenyl-Hexyl

column (2.13 100mm) maintained at 30�C and a flow rate of 0.3 mL/min. The applied solvent composition consisted of 50% solvent

B from 0 to 3.9 min followed by 100% solvent B from 4 to 6 min. The column was then re-equilibrated at 50% solvent B from 6.1 to

7.5 min. TheMS parameters were as follows: gas flow at 11 L/min and 230�C, sheath gas flow at 10 L/min and 350�C, nebuliser pres-
sure at 35 psi, fragmentor voltage at 166 V, capillary voltage at 2500 V (positive) and nozzle voltage at 1000 V. Cell acceleration

voltage was set at 7 V. A volume of 2 mL was injected and the analysis was carried out as dMRM in the positive mode. Transitions

monitored for dMRMwere used as follow for: putrescine: transition (T)= 297.2->105 & 176.2, retention time (RT) = 1.066±0.5 min and

collision energy = 20 & 12 V; Spermidine: T= 483.3->105 & 336.4, RT= 1.34±0.5 and CE = 60 & 16; Spermine: T= 619.3->105 & 497.3,

RT= 1.697±0.5 and CE= 76 & 24. The generated data was processed using Agilent MassHunter Quantitative Analysis 10.1 software.

Measurements below the limit of quantification were excluded from further analyses. Polyamines quantifications were then normal-

ised per biomass, as measured by OD600nm, at the time of collection.

HPLC method for ethanol, acetate and glycerol exometabolome quantification

Sample Preparation. Frozen supernatants in 96-deep well plates collected as described above for ‘‘intracellular and extracellular

amino acids and uracil’’ were defrosted and kept shaking using a plate shaker for 20 min at 900 rpm at room temperature just before

the filtration step. Supernatants were filtered using a multiscreen filtered plate with 0.45 mm durapore membrane (MVHVN4525), a

Strata well plate manifold (https://phenomenex.blob.core.windows.net/documents/863d86a0-3aba-4591-979b-bf54b1188038.

pdf) and a Welch vacuum pump.

Sample Acquisition. Target compounds were quantified using a Shimadzu Prominence HPLC (https://www.ssi.shimadzu.com/

products/liquid-chromatography/prominence-hplc.html) equipped with a refractive index detector RID20A and a Sil20-ACT auto

sampler with a 96-well plate injector tray. Chromatographic separation was performed on an Agilent Hi-plex H column (https://

www.agilent.com/cs/library/applications/5990-8801EN%20Hi-Plex%20Compendium.pdf). The temperature of the column and de-

tector was 50�C and 41�C, respectively. The eluent was 0.00125NH2SO4 in ultrapure water (0.6mLmin�1). The samples were kept in

96-well plates (https://www.sarstedt.com/en/products/laboratory/cell-tissue-culture/cultivation/product/83.3926/) covered with a

silicone mat (https://www.phenomenex.com/Products/Part/AH0-8633) at 4�C in the autosampler prior the injection for no longer

than 2 days. 5 mL was injected from the samples/well plates as well as standard compounds. The method works with a 26-min cycle

time. To keep the retention times and detector response constant, 5 L of eluent was mixed in a single batch.

Data were analysed using the Shimadzu LabSolutions Lite for LC-PDA software. Target compounds were identified using auto-

mated retention time matching with individual standards of an in-house overflow metabolite library dissolved in SM minimal media.

Compound concentrations were calculated using peak area integration with pre-optimised integration parameters and external cali-

bration for each compound. All calibration curves showed high linearity (R2 > 0.998) over a 3-order-of-magnitude concentration

range. Integration and compound identification were manually overviewed. Data were then exported and further processed using

R. Metabolite quantifications were normalised per biomass, as assessed by OD600nm , at the time of collection.

Data Independent Acquisition (DIA)- based proteome profiling

Sample Preparation. Aging cultures, at several time points reflecting different growth phases, were sampled and 500 mL of each cul-

ture were collected into a 96-deep well plate. Samples were centrifuged at 4,000 g for 3 min and supernatants (SN) were discarded.

Samples were centrifuged again at 4,000 g for 1 min to fully remove any residual SN. Cell pellets were immediately placed on dry ice

before being stored at –80�C until all samples were collected. Sample preparation for proteomics was performed as previously

described.96 Briefly, cell pellets were processed in a bead beater for 5 min at 1,500 rpm (Spex Geno/Grinder) in a lysis buffer where

proteins were denatured in 8 M urea plus 0.1 M ammonium bicarbonate at pH 8.0. Samples were spun down for 1 min at 4,000 g

before they were reduced in 5 mM dithiothreitol for 1 h at 30�C, then alkylated in 10 mM iodoacetamide for 30 min at RT protected

from light. Samples were diluted to less than 1.5 M urea in 0.1 M ammonium bicarbonate at pH 8.0, before proteins were digested

overnight at 37�C with trypsin. Trypsin was neutralised with 1% formic acid (FA) before peptides were cleaned-up in 96-well

MacroSpin plates (Nest Group): 1. plates were first equilibrated in a series of methanol (1x), 50% acetonitrile (ACN, 2x), and 3%

ACN 0.1% FA (2x); between each wash plates were spun down for 1 min at 100 g and the flow-through was discarded; 2. samples

were loaded into the plates and peptides were cleaned up in a series of 3% ACN, 0.1% FA (3x); between each wash samples were

spun down for 1 min at 100 g and flow through was discarded; 3. peptides were eluted into a new collection plate with 50% ACN (3x)

and spun-dried overnight at RT in a speed vacuum. Peptides were then dissolved in 40 mL of 3% ACN 0.1% FA. Peptide concentra-

tion was measured at 280 nm using a Lunatic spectrometer system (Unchained Labs).
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Sample Acquisition. The digested peptides were analysed on a nanoAcquity (Waters) (running at 5 mL min�1 microflow liquid chro-

matography) coupled to a TripleTOF 6600 (SCIEX). Protein digest (2 mg) was injected and the peptides were separated with a 23 min

non-linear gradient starting with 4% ACN in 0.1 % FA and increasing to 36% ACN in 0.1% FA. A Waters HSS T3 column (150 mm 3

300 mm, 1.8 mm particles) was used. The Data Independent Acquisition (DIA) method consisted of an MS1 scan fromm/z 400 to m/z

1250 (50 ms accumulation time) and 40 MS2 scans (35 ms accumulation time) with a variable precursor isolation width covering a

mass range fromm/z 400 to m/z 1250. Data quantification was performed using DIA-NN version 1.7.10 software.58 Post-processing

data analysis was conducted in R.97

Genome-scale metabolic modelling (flux balance analysis)
The community metabolic models were reconstructed using the approach from our previous study.22 Briefly, the list of auxotrophic

marker genes for amino acids and nucleobase (U) was obtained from the Saccharomyces Genome Database (SGD98). The genome-

scale metabolic model of S. cerevisiae99,100 was used to create auxotrophic strain models by switching off respective metabolic re-

actions for each metabolic gene. The growth of the auxotroph model was optimised by supplementing respective metabolites

together with theminimal media components and if the model was able to produce biomass, then the auxotrophic strain was consid-

ered for creating a community model. The reactions from auxotroph (different amino acids and/or nucleobase H, L, M and/or U) and

prototroph (WT)models were combined tomake the community, using the compartment per guild approach, where both strainswere

treated as separate compartments and metabolic exchange between strains was allowed. The community biomass was the com-

bined biomass of all strains. The Cobra toolbox101 was used to perform the model simulations. Only genes in which an auxotrophy

can be introduced by a single-locus deletion were modelled (some amino acid auxotrophs would require multiple-locus deletion).

QUANTIFICATION AND STATISTICAL ANALYSIS

Post-processing data analysis and statistical analyses were done in R v4.1.3 (R Core Team, www.R-project.org) using specific pack-

ages as indicated throughout the STAR Methods section. The CRAN R packages: ’tidyverse’ was used for basic data manipulation

and visualisation and the ’ggpubr’ package for statistical analysis. Hypothesis testing to assess means of population differences was

mainly done using ttest, whenever the variables could be assumed continuous, or otherwise using Wilcoxon rank-sum test, as indi-

cated in the respective figure legends. Sample-size estimations were not performed in any of the experiments. All experiments were

performed using at least n = 3 biological replicates. Missing values in the proteomics data were median imputed. The Gene Ontology

(GO) slim term mapper from the SGD database98 was used to map differentially expressed proteins with GO slim terms. The KEGG

term mapper from the KEGG database102 was used to map differentially expressed proteins with KEGG terms. For the proteome

analysis of the aging SeMeCo (Figure 4A), GO slim and KEGG enrichment analysis of differentially expressed proteins was performed

using the ‘ClusterProfiler’ R package. For the proteome analysis of the wild-type yeast supplemented with amino acids (Figure S3C),

analysis was performed using the ‘Limma’ R package.103 Metabolic enzyme expression levels were mapped to the yeast metabolic

network using iPath3.60
e9 Cell 186, 63–79.e1–e9, January 5, 2023
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Figure S1. Yeast cells establish cross-generational metabolite exchange interactions, related to Figure 1

(A) Quantification of intracellular metabolites levels by targeted metabolomics31 (see STAR Methods), categorized by metabolic pathway, during CLS as

described in Figure 1A. Bar plots showmean ± SEM fold change (FC) to levels in the exponential phase of n = 4 biological replicates; dots represent independent

cultures. G6P, glucose-6-phosphate; F6P, fructose-6-phosphate; PEP, phosphoenolpyruvic acid; DHAP, dihydroxyacetone phosphate; G3P, glyceraldehyde-3-

phosphate; A-CoA, acetyl coenzyme A; Cit, citrate; Aco, aconitate; aKG, alpha-ketoglutarate; Succ, succinate; Fum, fumarate; L-Mal, L-malate; ATP, adenosine

triphosphate; CTP, cytidine triphosphate; GTP, guanosine triphosphate; UTP, uridine triphosphate. Statistics by unpaired two-sidedWilcoxon rank-sum test and

multiple testing correction using the BH method; adjusted p values in Table S1.

(B) (i) Cell viability analysis, using the LIVE/DEAD fixable dye (see STARMethods), of agingwild-type yeast cultures, as described in Figure 1A. Bars plots show the

percentage of live cells in the different growth phases. Data are mean ± SEM of n = 3 biological replicates (dots represent independent cultures values). (ii)

Pearson correlation between extracellular amino acid levels (from Figure 1C) and the percentage of live cells in stationary phase cultures (from i). Data are from n =

3 biological replicates (dots represent individual cultures); error bands indicate the 95% confidence level interval for the predictions from the linear model.

(C) Wild-type yeast cells cultured in SM media supplemented either with 12C-glucose (12C-glu) or 13C-glucose (13C-glu), then media was swapped for tracing

amino acid import, using targeted metabolomics38 (see STARMethods), as described in Figure 1Ei). Control cultures were swapped from SM supplemented with
13C-gluc to SM supplemented with 12C-amino acids (12C-aa), without glucose, at standard culturing concentrations. Prior media swap (i) growth curves and (ii)

maximum growth and time to mid-log phase, as measured by OD600nm, of wild-type yeast cells grown on SMmedia supplemented either with 2% 12C-glu or 13C-

glu. Data mean ± SEM of n= 4 biological replicates/per condition (culture media). Statistics by unpaired two-sided Wilcoxon rank-sum test; p value = ns (>0.05,

not statistically significant); maximum growth p value = 0.883; time to mid-log phase p value = 0.686.

(D) Biomass, as assessed by OD600nm, measured at 0, 2, 6, 24, 48, and 72 h, post media swap from SM + 13C-glu to 12C-glu (13C-glu to 12C-glu), or SM + 12C-

amino acids (13C-glu to 12C-aa), or from SM + 12C-gluto SM + 13C-glu (12C-glu to 13C-glu). Data mean ± SEM of n = 4 biological replicates/per condition (culture

media swap). Statistics by unpaired two-sided Wilcoxon rank-sum test; p values in Table S2.

(E) Fraction of intracellular 12C-aa in 13C-glu to 12C-glu and 13C-glu to 12C-aa cultures at 2 and 72 h postmedia swap, showing the uptake of extracellular 12C-aa as

indicated by the gradual increase in the intracellular fraction of 12C-aa in both cultures. Total aa levels, measured as area under the curve (AUC), were normalized

per biomass, assessed by OD600nm. Bar graphs represent the mean fraction of intracellular 12C labeled aa fractions of n = 4 biological replicates/per condition

(culture media swap); dots represent independent cultures fractions. Statistics by unpaired two-sided Wilcoxon rank-sum test; p values are listed in Table S2.

Note: the amino acid mix supplemented does not contain lysine; as an extra control, we observe all amino acids present in the mixture were imported (as shown by

the 12C labeling) except lysine (12C), which we do not detect intracellularly.
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Figure S2. Metabolite exchange interactions extend lifespan in yeast communities, related to Figures 2 and 3

(A) Survival, as measured by staining of dead cells with the Live/Dead dye (see STAR Methods) of wild-type communities and SeMeCo. Data are mean ± SEM

survival (percentage FC) comparedwithmeanwild-type survival at the beginning of stationary phase; n = 3 biological replicates/strain. Statistics by unpaired two-

sided t test; p values in Table S3.

(legend continued on next page)
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(B) Culture pH values of chronologically aging wild-type communities and SeMeCo (same cultures as in Figure 2C). Data aremean ±SEMpH values per strain; n =

4 biological replicates/strain. Insets are culture pH values during exponential (1 day), early stationary (2 days), and stationary (8 days) growth phases; individual

dots represent independent cultures. Statistics by unpaired two-sided Wilcoxon rank-sum test; p values in Table S7.

(C) Frequency of eachmetabotype (letters represent auxotrophy by plasmid segregation) in SeMeCo during CLS as (top) number of colonies, as calculated by the

percentage of segregant cells from CFUs, and (bottom) percentage of segregant cells (see STAR Methods). Graphs show the mean ± SEM of n =3 biological

replicates (smaller dots represent independent cultures). Statistics of pairwise comparison of each metabotype across CLS time points, by paired two-sided

t test; p values in Table S4.

(D) CLS, as measured by HTP-CFU, of methionine auxotrophs (met15D) compared with wild-type yeast cultured in SM supplemented with 20 mg/L methionine

(standard culture concentration) and single-plasmid SeMeCo (pM-SeMeCo) compared with wild-type cultured in SM medium (see STAR Methods). Data are

mean ± SEM of n = 4 biological replicates/strain/culture media condition, shown as survival (percentage FC) compared with respectivemean wild-type survival at

the beginning of stationary phase. Statistics by unpaired two-sided Wilcoxon rank-sum test; p values in Table S3.

(E) (Top) Growth curves and (bottom)maximumgrowth, asmeasured byOD600nm, of wild-type communities, SeMeCo, andMET15-SeMeCo grown on SMmedia.

Data are mean ± SEM of n = 4 biological replicates/strain. Statistics by unpaired two-sidedWilcoxon rank-sum test; p value of wild type versus SeMeCo = 0.286

and wild type versus MET15-SeMeCo = 0.0286.

(F) CLS, as measured by HTP-CFU, of SeMeCo and MET15-SeMeCo. Data are mean ± SEM survival (percentage FC) compared with mean MET15-SeMeCo

survival at the beginning of stationary phase; n = 3 biological replicates/strain. Statistics by unpaired one-sided Wilcoxon rank-sum test; p values in Table S3.
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Figure S3. Methionine auxotrophy and methionine exchange is frequent in nature, related to Figure 3

(A) Frequency of methionine auxotrophic organisms in the bacterial and archaeal samples of the Earth Microbiome Project53 collection, as analyzed by Machado

et al. for the identification of amino acids auxotrophic species.52 (i) Percentage of amino acid auxotrophic organisms (n total organisms = 5,559) in the analyzed

EMP communities. (ii) Percentage of communities according to the number of methionine auxotrophic organisms per community. (iii) Frequency distribution of

the number (N) of methionine auxotrophic organisms per community.

(legend continued on next page)
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(B) Prototrophic wild-type yeast cells grown in SMmedia supplemented with 1% 13C-glucose and unlabeled (12C) methionine, at concentrations indicated on the

x axis, were sampled at mid-log phase, for intracellular free amino acids analysis by HPLC-MS/MS38 (see STARMethods). Data shows the relative abundance of

unlabeled (12C, consumed) methionine compared with labeled (13C, produced downstream of glucose catabolism) methionine (y axis). A cumulative gamma

distribution was fitted to the data for visualization. Individual fraction values in Table S2.

(C) Proteome analysis of the prototrophic wild-type yeast strain cultured in the absence or presence of amino acid supplementation, SM or SM + aa, respectively

(see STARMethods). Volcano plot showing log2 expression fold change (FC) of SM + aa compared with SM cells. Horizontal dashed line indicates a threshold of

adjusted p value significance of 0.05; vertical dashed lines indicate an absolute log2 FC of 2. Proteins indicated with red labels belong to the methionine

biosynthetic pathway. Statistics by moderated two-sided t test and multiple testing correction with BH method, adjusted p values in Table S5.

(D) High-throughput untargeted proteomics analysis of the 1k yeast natural isolates collection.55 Data is a re-analysis of the proteome dataset published by

Muenzner et al.54 (i) Heatmap showing broad heterogeneity in the expression levels of sulfur amino acids biosynthetic pathway. Data are Z score values, where

red and blue show increased and decreased expression, respectively, relative to median expression per enzyme (columns) across natural yeast strains (rows). (ii)

Zoom-in heatmap of the 10 top (extreme bottom) and 10 bottom (extreme top) strains clustering according to high and low enzyme expression, respectively.
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Figure S4. Genome-scale metabolic modeling predicts specific metabolome changes in communities where MET15 and met15D cells

interact, related to Figure 3

(A) Genome-scalemetabolicmodeling, using flux balance analysis (FBA), on pairwise communities of a prototroph (wild type) and each of the possible auxotrophs

in a SeMeCo, in a total of 15 community pairs analyzed from Yu et al.22

(B) Heatmap showing predicted metabolite clustering according to when prototrophs in a community interact with methionine auxotrophs (unsupervised

clustering). Columns are each prototroph-auxotroph community (auxotrophic label shown) and rows are predicted metabolites, represented in a�10 to 10 scale,

where absolute percentage metabolite changes in auxotrophs versus prototroph >10% are scaled to 10 or �10 according to the directionality of change, as

increased or decreased, respectively. The heatmap was split for visualization. Full list of metabolite names is in Table S1.

(C) Proportion of increased or decreased fluxes (>10%) in metabolic pathways (columns), upon the change from synthesis to uptake in different amino acid

biosynthetic pathways, using FBA analysis. Modeled are genes (ORFs in rows) in which an auxotrophy can be introduced by a single-locus deletion (some amino

acid auxotrophs would require multiple-locus deletion, see STAR Methods). Bios, biosynthesis; fa, fatty acid; metab, metabolism; nt, nucleotide; oxphos,

oxidative phosphorylation; pl, phospholipid; ppp, pentose phosphate pathway; pyrmdn, pyrimidine; pyr, pyruvate; tca, tricarboxylic acid cycle; tr er, transport-

endoplasmic reticulum; tr mito, transport-mitochondria; tr-n, transport-nuclear; tr-x, transport-peroxisomal. See Table S1.
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Figure S5. Proteome changes highlight metabolic adaptations in yeast communities where MET15 and met15D cells interact, related to

Figure 4

(A) Top 50 loadings from PCA1 and PCA2 mostly comprising proteins associated with growth phase and metabolic changes, respectively. Analysis derived from

PCA analysis in Figure 4B.

(B) Heatmap showing mean expression of proteins, normalized to a �1 to 1 scale, belonging to top 100 GO slim terms (columns), per growth phase and yeast

communities (rows).

(C) Gene ontology (GO) enrichment analysis showing significantly enriched (BH adjusted p value cutoff < 0.05) GO slim terms comprising biological processes in

SeMeCo, but not inMET15-SeMeCo, compared with wild-type (WT) communities, during exponential (E), early stationary (ES), and stationary (S) growth phases.

(D) Differential metabolic enzyme expression levels mapped to the yeast metabolic network using iPath360 in exponential and stationary phases. Red and blue

lines represent significantly (BH adjusted p value < 0.05) upregulated or downregulated proteins in SeMeCo andMET15-SeMeCowhen compared with wild type;

gray lines represent non-mapped/absent proteins in the measured proteomes. Thickness of the lines represent absolute log2 fold change (Abs(log2FC)) changes

(thickening = increased Abs(log2FC)).

Data derived from proteome analysis in Figure 4A. Statistics by unpaired two-sided t test and multiple testing correction using the BHmethod; adjusted p values

in Table S5.
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Figure S6. Methionine exchange interactions impact multiple biochemical processes of ageing, related to Figure 6

(A) Boxplots showing log2 expression of Snf1p and associated proteins. Boxplots represent median (50% quantile, middle line) and lower and upper quantiles

(lower [25% quantile] and upper [75% quantile]). Dots represent values for individual biological replicates; n = 4 biological replicates/strain.

(B) Heatmaps showing expression of proteins (UniProt protein name, columns) belonging to the GO slim terms: ‘‘cytoplasmic translation’’ and ‘‘proteolysis

involved in cellular protein catabolic processes,’’ as a readout of TOR activity, per growth phase and yeast communities (rows).

(legend continued on next page)
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(C) Heatmaps showing expression of protein (UniProt protein name, columns) belonging to the KEGG term: ‘‘glycerophospholipid metabolism’’ and to theGO slim

term: ‘‘response to osmotic stress,’’ per growth phase and yeast communities (rows).

Data derived from proteome analysis in Figure 4A. Statistics by unpaired two-sided t test andmultiple testing correction using the BHmethod; adjusted p value in

Table S5. Data in heatmaps are the mean expression of n = 4 biological replicates/strain, normalized to a �1 to 1 scale.
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