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SUMMARY
Metabolites that mark aging are not fully known. We analyze 408 plasma metabolites in Long Life Family
Study participants to characterize markers of age, aging, extreme longevity, and mortality. We identify 308
metabolites associated with age, 258 metabolites that change over time, 230 metabolites associated with
extreme longevity, and 152 metabolites associated with mortality risk. We replicate many associations in in-
dependent studies. By summarizing the results into 19 signatures, we differentiate between metabolites that
may mark aging-associated compensatory mechanisms from metabolites that mark cumulative damage of
aging and from metabolites that characterize extreme longevity. We generate and validate a metabolomic
clock that predicts biological age. Network analysis of the age-associated metabolites reveals a critical
role of essential fatty acids to connect lipids with other metabolic processes. These results characterize
many metabolites involved in aging and point to nutrition as a source of intervention for healthy aging ther-
apeutics.
INTRODUCTION

Metabolism plays a crucial role in both aging and aging-related

disease processes.1,2 Advances in metabolomics have yielded

critical insights,3–11 but despite the increasing number of studies,

identification and characterization of the metabolites that serve

as pivotal biomarkers of aging are far from complete.1 Further-

more, there are considerable gaps in differentiating betweenme-

tabolites of age that aremeasured cross-sectionally, metabolites

of aging that are measured longitudinally,3,12 metabolites of hu-

man extreme longevity (EL) that are measured in very long-lived
Cell Reports 43, 114913, Novem
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individuals,13 and metabolites that correlate with mortality

risk.7,8,14 Better clarification of metabolites’ roles in these pro-

cesses could help the discovery of aging biomarkers and thera-

peutic targets.

The Long Life Family Study (LLFS) enrolled approximately

5,000 individuals aged 18–110 years from long-lived fam-

ilies.15,16 The LLFS collected blood samples from study partici-

pants at time of enrollment and approximately 8 years later

and generated longitudinal plasma metabolomic profiles. The

wide age range of the study participants, the availability of longi-

tudinal phenotypic and metabolomic data, and the large number
ber 26, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Table 1. Metabolites most significantly associated with age

Standardized

namea
Age

effectb
EL

effectc
Offspring

effectd
HR for

deathe
Change

rate effectf

Age

(Adj_p

value)g

EL

(Adj_p

value)h

Offspring

(Adj_p

value)i

Metab

(Adj_p

value)j
Change rate

(Adj_p value)k

N2,N2-

dimethylguanosine

1.01 1.74 0.95 1.37 1.01 3.3E�189 2.8E�40 0.424076 6.8E�09 6.7E�14

ST 19:2;O2;S 0.97 0.41 1.19 0.86 0.97 5.9E�143 8.3E�19 0.229744 0.001895 5.0E�55

Alpha-N-

phenylacetylglutamine

1.02 2.21 0.90 1.08 1.03 1.0E�127 1.4E�21 0.424076 0.206718 3.8E�27

Threitol 1.01 1.74 0.98 1.19 1.01 4.3E�120 1.3E�43 0.799935 2.4E�05 1.2E�30

Ribose 1.01 1.94 0.99 1.14 1.02 2.2E�116 6.1E�46 0.850312 0.002278 1.5E�28

Octadecatrienoic acid 0.99 0.63 1.05 0.74 0.99 4.4E�114 4.3E�25 0.490719 4.3E�13 2.9E�05

Sucrose 1.03 4.42 0.94 1.25 1.02 1.2E�87 2.0E�32 0.780733 2.8E�07 2.0E�08

Myo-inositol 1.01 1.56 0.99 1.12 1.01 3.0E�86 6.7E�32 0.800028 0.02616 1.6E�06

1-Methyladenosine 1.01 1.30 0.99 1.06 1.01 3.0E�84 2.6E�30 0.788118 0.397384 1.4E�40

Gluconic acid 1.01 1.55 0.98 1.21 1.01 8.7E�81 5.6E�23 0.757756 5.6E�06 4.5E�07

Glucuronic acid 1.01 1.76 0.97 1.16 1.01 3.2E�71 1.6E�30 0.757756 1.0E�04 8.1E�10

Citrulline 1.01 1.30 0.97 0.98 1.01 4.0E�69 2.7E�16 0.740598 0.868024 2.2E�11

Tryptophan 0.99 0.79 1.02 0.85 0.99 1.5E�65 3.8E�17 0.740598 4.6E�06 1.7E�18

Guanidinosuccinic

acid

1.02 1.91 0.91 1.02 1.02 2.1E�65 1.7E�20 0.345947 0.864393 4.8E�30

Tartaric acid 1.02 1.47 0.93 1.42 1.00 4.1E�65 9.8E�06 0.740598 4.3E�13 0.86974

Ergothioneine 0.98 0.52 1.03 0.75 0.98 4.3E�62 1.3E�17 0.796437 9.4E�11 1.6E�25

Esculetin 1.01 1.32 0.98 1.17 1.01 4.4E�62 2.8E�14 0.740598 0.00120 1.5E�15

P-cresol 1.01 1.84 0.97 1.02 1.01 5.1E�62 1.2E�13 0.850312 0.814504 4.5E�9

N-acetyl aspartic

acid

1.01 1.39 0.98 1.05 1.01 6.7E�60 6.1E�41 0.740598 0.470733 1.4E�39

3-Methylindole 0.99 0.82 1.02 0.87 0.99 1.0E�59 1.9E�13 0.740598 9.9E�05 1.3E�14
aFrom RefMet (July 2023 release).
bFC for 1-year difference in the cohort.
cFC comparing EL to controls.
dFC comparing EL offspring to controls.
eHR for mortality for 1 standard deviation increase from the mean (log scale).
fFC for 1-year change.
gAdj_p value for testing age effect.
hAdj_p value for testing EL effect.
iAdj_p value for testing offspring effect.
jAdj_p value for testing metabolite effect on mortality.
kAdj_p value for testing longitudinal time effect.
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of extremely old participants in the study provide a unique op-

portunity to characterize metabolites that specifically correlate

with age, EL, and mortality risk and to distinguish between

cross-sectional and longitudinal age effects. We leveraged

collaborations with other studies of healthy aging (Arivale17 and

Baltimore Longitudinal Study of Aging [BLSA]18) and EL (NewEn-

gland Centenarian Study [NECS]19 and a Chinese longevity

cohort [XU]20) to replicate our findings.
RESULTS

Figure S1 summarizes the analytical workflow and cohorts used

in this study. We analyzed 188 lipid and 220 polar molecules

(Table S1) in a subset of 2,764 LLFS participants with ages

ranging between 24 and 110 years and a median age of 74 years
2 Cell Reports 43, 114913, November 26, 2024
at the first blood draw. The sample was approximately sex

balanced.
Age correlates with many metabolites
Discovery in the LLFS

We identified 308 metabolites associated with age at 5% false

discovery rate (FDR), including 156 metabolites with a positive

age correlation and 152 with a negative age correlation. Table 1

includes the 20 most significant results; all results are shown in

Table S1. The volcano plot in Figure 1A highlights some signifi-

cant metabolites, including N2,N2-dimethylguanosine, which

increased by an average of 1.0% for each year difference in

the cohort (fold change [FC] = 1.01; adjusted p value [Adj_p] =

3.3E�189), and kynurenine, which increased by an average of

0.4% (Adj_p = 3.7E�15). In contrast, tryptophan decreased by



Figure 1. Metabolites correlate with age

(A) Volcano plot of age effect on 408 log-transformed metabolites (x axis) and –log10 Adj_ values (y axes). Age effect: log FC of metabolites for a year older age.

(B) Scatterplots of log-transformed metabolites (y axis) versus age at blood draw (x axis).

(C) Proportion of metabolite main classes (blue) and of metabolites positively correlated (green) and negatively correlated (red) with age.

(D) Age effects on 120 metabolites in the LLFS (x axis) and Arivale (y axis). r, Pearson correlation. P, p value.

(E) Age effects on 99 metabolites in the LLFS (x axis) and BLSA (y axis).

(F) Cross-sectional (x axis) and longitudinal (y axis) age effects.
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an average of 0.6% (Adj_p = 1.5E�65), while ergothioneine had a

1.5% decrease (Adj_p = 1.5E�62). Sucrose had the largest pos-

itive change (FC = 1.03, Adj_p = 1.2E�87), and testosterone sul-

fate had the largest negative change (FC = 0.97, Adj_p =

5.9E�143). Some examples are shown in Figure 1B. The bar

plot in Figure 1C shows the distribution of metabolite super-clas-

ses in our dataset and the distribution of super-classes ofmetab-

olites positively and negatively correlated with age. Metabolites

positively correlated with agewere enriched for benzenoids, car-

bohydrates, fatty acyls, and organic acids (p = 0.015), whereas

metabolites negatively correlated with age were enriched for al-

kaloids, glycerolipids, glycerophospholipids, sphingolipids, and

sterol lipids (p = 0.001). In agreement with previous results,21

24 age-associated lipids were significantly associated with the

E2 genotype group (e2e2 or e2e3) of APOE (Figure S2).

Replication

After converting names to RefMet nomenclature,22 we identified

120 metabolites in both the LLFS and Arivale and 99 metabolites

in both the LLFS and BLSA (Figure S1, UpSet plot). Figures 1D

and 1E show good correlation between age effects estimated

in the three studies: 49% correlation with Arivale (p = 1.5E�8),

72% correlation with BLSA (p<E�16), and good agreement of

significant results (Tables S2A and S2B). We compared LLFS re-

sults with those published previously.23 Only 54 metabolites

were on our target list, including 35 with concordant effects
and 26 with concordant and significant effects (r = 0.58,

p < 3.9E�6; Table S2C).

Aging affects many metabolic processes
Discovery in the LLFS

We analyzed the aging-related change of the 408 metabolites in

1,236 LLFS participants with two metabolomic profiles that

were generated an average of 8 years apart. We identified

117 metabolites with a positive aging effect and 138 with a

negative aging effect (FDR < 5%), including 204 metabolites

of the age signature (Table S1; Figure S3). The age effects

from the cross-sectional and longitudinal analyses had good

concordance (Figure 1F; Table 1). The analysis also identified

30 metabolites with significant longitudinal changes that were

not associated with age (Figure S3); e.g., cortisol (�0.25%

year-change; Adj_p = 0.002) and glycocholic acid (0.8% year-

change; Adj_p = 0.006).

EL is characterized by unique metabolic profiles
Discovery in the LLFS

We identified 122 metabolites that were higher and 108 metab-

olites that were lower in EL compared to controls (5% FDR). No

metabolite was significantly different in offspring of long-lived

families when compared to control spouses (Table S1). The vol-

cano plot in Figure 2A highlights some of the most significant
Cell Reports 43, 114913, November 26, 2024 3



Figure 2. Metabolites correlate with EL

(A) Volcano plot of EL effect on 408 log-transformed metabolites (x axis) and –log10 Adj_p values (y axes). EL effect, log FC of metabolite comparing EL to

controls.

(B) Boxplots of log-transformed metabolites (y axis) in EL, controls (Contr), and Offspring (Offsp). AdjP, p value adjusted for multiple testing.

(C) Proportion of metabolite main classes (blue) and of metabolites higher (green) and lower in EL (red) compared to controls.

(D) UpSet plot of associations with age and EL. Age_up/Age_down, metabolites positively/negatively associated with age; Cent_up/Cent_down, metabolites

higher/lower in EL.

(E) EL effects on 121 overlapping metabolites in the LLFS (x axis) and XU (y axis). FC, fold change of metabolites comparing EL to younger controls. r, Pearson

correlation. P, p value.

(F) EL effects on 150 overlapping metabolites in the LLFS (x axis) and NECS (y axis).
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results, and some examples are showcased in Figure 2B. The

most elevated metabolite in the EL group was sucrose (FC =

4.4, EL vs. controls, Adj_p = 2.0E�32), while lenticin was the

most downregulated (FC = 0.38, Adj_p = 5.1E�09). Figure 2C

summarizes the distribution of metabolite super-classes that

were higher and lower in EL. Metabolites higher in EL were en-

riched for benzenoids, carbohydrates, fatty acyls, and organic

acids (p = 0.026), whereas metabolites lower in EL were en-

riched for alkaloids, glycerophospholipids, sphingolipids, and

sterol lipids (p = 0.005). These patterns match those in the

age analysis except for the glycerolipid class. The UpSet plot

in Figure 2D shows a substantial overlap between metabolomic

signatures of age and EL, suggesting that many changes

observed in the oldest individuals are a product of their

extremely old age rather than drivers of longevity. However,

we identified 24 metabolites associated with EL and not with

age (FDR > 0.2) or associated with age with opposite direction

(Table S3).

Replication

We identified 121 metabolites in both the LLFS and XU and 150

in both the LLFS and NECS. Figures 2E and 2F show substantial

agreement between estimated FCs for EL: 69% correlation with

XU (p < E�16; Table S2D) and 63% correlation with NECS

(p < E�16; Table S2E).
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Unique signature for EL

Sixteenmetabolites associatedwith ELwere not associated with

age (20% FDR), and eight had an opposite age trend (Table S3).

Metabolites that were uniquely higher in EL were enriched for

glycerolipids, mainly triacylglycerides, while metabolites lower

in EL were enriched for glycerophospholipids and sphingolipids

(Figure 3A). Triglyceride (TG) 51:0 and TG 53:1 were high in EL

and also significantly elevated in carriers of the E2 genotype

group ofAPOE compared to E3 carriers, whereas sphingomyelin

(SM) 36:1;O2 was low in both EL and E2 carriers (10% FDR) (Fig-

ure 3B). The genetic effect was much stronger in homozygote

carriers of the e2 allele (Figure 3 C). The association of phospha-

tidylcholine (PC) 38:6 (measured in NECS only), proline, and gly-

cocholic acid was replicated in NECS and XU (Figure 3D), but the

association of phenylalanine with EL in the LLFS (Figure 3E) was

in the opposite direction as NECS and XU.

Metabolites predict mortality risk
Discovery in the LLFS

Thirty-nine metabolites were positively associated and 113 me-

tabolites were negatively associated with mortality risk (Table 1;

Figure 4A; Table S1). Significant findings include ergothioneine,

with a hazard ratio (HR) of 0.75 for mortality for 1 standard devi-

ation increase from the mean in log scale (Adj_p = 9.4E�11),



A

B C

D E

Figure 3. Metabolomic signature of EL independent of age

(A) Proportions of main classes of 24 metabolites (blue): 16 higher (green) and 8 lower in EL (red).

(B) APOE effect on EL-associated lipids. E2, e2e2 or e2e3; E3, e3e3.

(C) Distribution of EL-associated lipids by APOE genotype groups. *Adj_p < 0.05, **Adj_p < E�04.

(D) EL-FC, FC for EL versus control.

(E) Scatterplot of log-transformed phenylalanine (y axis) and age at blood draw (x axis) in the LLFS.
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tryptophan (HR = 0.85, Adj_p = 4.6E�06), octadecatrienoic acid

(HR = 0.74, Adj_p = 4.3E�13), N2,N2-dimethylguanosine (HR =

1.37, Adj_p = 6.8E�09), and warfarin (HR = 1.22, Adj_p =

2.3E�14). Tartaric acid was the metabolite with the largest mor-

tality risk (HR = 1.42, Adj_p = 1.9E�17), while 7-hydroxy-3-

methylflavone was associated with the most protective effect

(HR = 0.72, Adj_p = 1.5E�13). Kaplan-Meier curves in Figure 4B

show some example associations. We analyzed the distribution

of metabolite super-classes (Figure 4C): metabolites positively

correlated with mortality risk were enriched for carbohydrates,

nucleic acids, and polyketides (p = 0.0007), while metabolites

negatively correlated with mortality risk were enriched for alka-

loids, organic acids, fatty acids, sphingolipids, and sterol lipids

(p = 0.0007).

Replication

We used BLSA for replication, and Figure 4D shows the scatter-

plot of the HR estimated for 99 metabolites measured by both

studies (Table S2F). Although no metabolite reached significant

association with mortality risk in BLSA after multiple-testing

correction, the estimated HRs were in good agreement

(r = 0.39, p = 0.0005). The associations of acetoacetic acid, his-

tidine, lactic acid, leucine, phenylalanine, and valine with mortal-

ity in the LLFS replicated those reported previously,14 but the as-

sociation of lactic acid did not reach 5% FDR in the LLFS

(Table S2G). The associations of ergothioneine, histidine, trypto-

phan, leucine, valine, methionine, and trigonelline also replicated
those reported previously.24 We found a concordant and signif-

icant effect of mortality for 3-dehydroxycarnitine24 and a concor-

dant but not significant effect of glutamic acid (Table S2H). We

also identified 105 metabolites in common with the analysis of

longevity described in a prior report25 and found good agree-

ment between decreased levels of glutamine, histidine, PC

38:6, and threonine and increased mortality risk in the LLFS

and decreased odds for living beyond 80 years in the Framing-

ham Heart Study. However, we found discordant and significant

results for uridine and aconitate (matched to trans-aconitic acid

via RefMet22) and no association of 3-hydroxybutyric acid,

D-malic acid, and glycocholic acid with mortality risk in the

LLFS (Table S2K; Figure S4). To confirm that the discordant re-

sults were not due to incorrect annotation of uridine in the

LLFS, we validated the identification of uridine by matching the

retention time of research samples to the retention time of an

authentic standard (Figure S4).

Integrative analyses
We integrated the effects of multiple metabolites on age, EL, and

mortality risk with signatures, an aging clock, and network

analysis.

Metabolomic signatures

The UpSet plots in Figures 4E and 4F show that metabolites

associated with age and/or EL in the LLFSwere not always asso-

ciated with mortality risk and vice versa. We grouped the
Cell Reports 43, 114913, November 26, 2024 5



Figure 4. Metabolites predict mortality risk

(A) Volcano plot of effects of 408 log-transformed metabolites on hazard for mortality (x axis) and –log10 Adj_p values (y axis). Metab effect, effect of 1 standard

deviation from the mean of the log-transformed metabolite on hazard for mortality.

(B) Generation-stratified Kaplan-Meier survival curves. H/O, above-the-mean metabolite in individuals born before 1935. H/Y, above-the-mean metabolite in

individuals born in 1935 or later; L/O, below-the-meanmeanmetabolite in individuals born before 1935; L/Y, below-the-meanmeanmetabolite in individuals born

in 1935 or later; FU_time, years after enrollment in the LLFS. AdjP, p value adjusted for multiple testing.

(C) Proportion of metabolite main classes (blue) and of metabolites positively correlated (green) and negatively correlated with mortality risk (red).

(D) HR for mortality associated with 99 metabolites in the LLFS (x axis) and BLSA (y axis). r, Pearson correlation. P, p value

(E and F) UpSet plots of metabolites associated with age and mortality and EL and mortality. Age_up/Age_down, metabolites positively/negatively associated

with age; Cent_up/Cent_down, metabolites higher/lower in EL; Death_up/Death_down, metabolites positively/negatively correlated with mortality risk.
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metabolites into 19 signatures based on their directions of effect

and 5% FDR association with age, EL, and mortality risk (Fig-

ure 5; Table S4). We did not include the longitudinal age effects,

which were based on a much smaller sample size. In this anal-

ysis, we considered FDR > 20% indicative of null association,

andwe excluded associationswith 0.05 < FDR< 0.20. These sig-

natures show that, among the 308 age-associated metabolites,

79 were associated with EL but not mortality risk (Figure 5A),

101 were associated with both EL and mortality risk (Figure 5B),

15 had a significant effect on mortality risk but not EL

(Figures 5C1, 5C4, and 5C5), and 44 were only associated with

age (Figures 5C2, and C3). In addition, we identified metabolites

that correlated with EL and/or mortality but not with age

(Figures 5D and 5E).

Signatures A1 and A2 included 73 metabolites with consistent

effects on age and EL, while signature A3 included 6metabolites

negatively correlated with age but elevated in EL, thus suggest-

ing a possible protective effect for EL. Of the 38 metabolites that

predicted increasing mortality risk, 33 increased with age and EL

(signature B2), two increased with age but not EL (signature C4),

two were not associated with age or EL (signature E2), and one

was lower in EL (signature D1). Similarly, of the 90 metabolites
6 Cell Reports 43, 114913, November 26, 2024
that predicted decreasing mortality risk, 72 were lower in

older age (signatures B1 and C1), 9 did not correlate with age

(signatures D4, D5, and E1), and 9 were increased with older

age (signatures B3, B4, and C5). Among the mortality-associ-

ated metabolites that did not correlate with age, lysophosphati-

dylcholine (LPC) 22:6/0:0 and TG 58:8 (signature D5) had

decreasing levels associate with both EL and increasedmortality

risk, which points to markers of extremely old age rather than

successful aging. Interestingly, both lipids changed significantly

in the longitudinal analysis, thus suggesting that these metabo-

lites may show substantial changes only in older ages.

A few signatures stand out as comprising potentially protec-

tive metabolites. Metabolites in signature D4 were elevated in

EL, and higher levels predicted a decreased hazard for mortality,

suggesting that thesemetabolites could bemarkers of longevity.

Signature B3 included citric acid and trans-aconitic acid, which

increased with older age and EL. Higher levels correlated with

a decreased mortality risk, thus suggesting a protective role dur-

ing old age. Citric acid levels increased by 0.3% for a year differ-

ence (Adj_p = 3.3E�13), were higher in EL compared to younger

individuals (FC = 1.16, Adj_p = 2.7E�06), and a standard devia-

tion increased from the mean in log-scale was associated with a
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Figure 5. Summary of the metabolomic signatures of age, EL, and mortality

(A) metabolites that correlate with age and EL but not mortality. (B) Metabolites that correlate with age, EL, and mortality. (C) metabolites that correlate with age

and/or mortality but not EL. (D) metabolites that correlate with EL and/or mortality but not age. (E) metabolites that correlate with mortality but not age and EL.

Upward arrow: positive correlation. Downward arrow: negative correlation. Dash: no correlation. Underlined, validatedmetabolites with concordant effect; italics,

validated metabolites with significant effect; boldface, metabolite found in one or more independent sets; AKOS040738329, NCGC00380721-01_C20H30O4_2-

hydroxy-4_5’_8a0-trimethyl-10-oxo-4-vinyloctahydro-10H-spiro[cyclopentane-1_20-naphthalene]-50-carboxylic acid.
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12% reduction of the HR for death (Adj_p = 0.0007). trans-Aco-

nitic acid levels increased by 0.4% for a year difference (Adj_p =

5.3E�20), were higher in EL compared to younger individuals

(FC = 1.26, Adj_p = 7.2E�12), and a standard deviation increase

from the mean was associated with a 12% reduction of mortality

risk (Adj_p = 0.00376).

Cholesteryl ester (CE) 22:6 and PC 40:6 in signature B4 posi-

tively correlated with age, and higher levels were associated

with a significant reduction in mortality risk, thus suggesting a

protective mechanism. However, these metabolites were lower

in EL. The five metabolites in signature C5 were higher in older

ages, and higher levels appeared to reduce mortality risk, but

we did not detect a significant difference in EL compared to

younger age groups. This set included, for example, linoleic

acid, which increased by �0.3%/year (Adj_p = 0.00001), and 1

standard deviation increase from the mean in log-scale was

associated with an 8% reduced death risk (Adj_p = 0.04156).

Other examples are listed in Table S1.

Metabolomic clocks

We generated a clock from the 308 age-associated metabolites.

The clock included 137 metabolites (Table S5) and correlated

well with age after using the bias correction reparameterization

introduced by de Lange and Cole26 (Figure 6A). Metabolites

with the greatest effects on the clock included octadecatrienoic

acid, testosterone sulfate, and dHexCer_NS 40:2, with predicted
changes ranging between 1.5 and 2.5 years for log FCs of 1 stan-

dard deviation. To investigate the predictive value of the clock,

we analyzed the association between metabolic age accelera-

tion and time to death in 2,250 LLFS participants. Age accelera-

tion was associated with increased mortality risk (HR = 1.05,

p < 2E�16), and the distribution of martingale residuals showed

no evidence of bias (Figure S5C). We used the clock to calculate

themetabolic age of LLFS participants at the second blood draw

and compared it to the chronological age (Figure 6A). The 84%

correlation between metabolic and chronological age suggests

that the clock works well in new data.

Partial correlation networks of age associated

metabolites

The network without restriction on partial correlation connected

all metabolites (Figures 6B and 6C1), with an average of 16

edges per node (Table S6; Figures S6). The most connected no-

des were the diacylglycerol DG 34:1 (38 connections) and PC

33:1 (36 connections). As we imposed more stringent thresholds

on partial correlations, the dependency structure of the networks

was simplified. Figure 6C shows that the network with absolute

partial correlations significantly greater than 0.025 began to

separate into two highly connected components enriched for

lipids and polar metabolites. This separation increased in net-

works with absolute partial correlations greater than 0.05 (Fig-

ure S6). When we increased the threshold to 0.09, only 257
Cell Reports 43, 114913, November 26, 2024 7
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Figure 6. Summary of integrative analyses

(A) Left: metabolic (y axis) against chronological (x axis) age using a bias-corrected metabolomic clock. Right: metabolic versus chronological age at follow-up.

MAE, mean absolute error; R, Pearson correlation.

(B) Summary table of the networks generated with different thresholds on the absolute partial correlation P.

(C)Markov graphs of the networks inferredwith different thresholds on the absolute partial correlation. The black arrow in the third graph points to linoleic acid and

gamma-linolenic acid, which separate the majority of lipid and polar metabolites.
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metabolites remained connected and clustered into two large

networks and several small subnetworks (Figures 6C and S6).

One large network consisted of lipids and polar metabolites

that were conditionally independent, given linoleic and gamma

linolenic acids. More conservative thresholds produced sparser

networks (Figures 6 and S6). Figure S7 shows that, with absolute

partial correlation greater than 0.3, metabolites clustered into

many small networks of highly correlated metabolites including

the network of tryptophan, 3-methylindole, and 6-methylquino-

line or the cluster of gamma-linolenic, linoleic, and cis-vaccenic

acid. Table S6 includes degree analysis, top hubs, and vulnera-

bility nodes of each network. Interactive versions of these net-

works are available as supplemental information.

DISCUSSION

Overview
Metabolism plays a major role in aging and aging-related dis-

eases,2 but key metabolic markers of aging are not fully known.

We identified 308 age-associated metabolites, 230 EL-associ-

ated metabolites, and 152 metabolites that predicted mortality

risk. We replicated the associations of 87 metabolites with age

in at least one study and the associations of 100 metabolites

with EL in at least one study (Tables S2 and S7). We did not repli-

cate results for survival analysis in the BLSA, but the estimated

effects showed high concordance. In addition, our results

agreed with metabolites described as predictors of mortality

risk in other studies (Table S2).14,24,25 We also identified 255 me-
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tabolites that changed over an average of 8 years, thus impli-

cating many metabolites in human aging. This set included 204

age-associatedmetabolites. Both cross-sectional and longitudi-

nal analyses suggest that yearly FCs of most metabolites are

small, within 2%–3%. The concordant estimates from the

cross-sectional and longitudinal analyses may result from the

relatively short follow-up, and longer longitudinal studies are

needed to capture potentially non-linear changes over time.

We identified metabolites with longitudinal changes that did

not correlate with age and could be biomarkers of underlying

conditions unrelated to aging (Figure S3). We integrated the re-

sults via signatures, a metabolomic clock, and partial correlation

networks.

Metabolomic signatures
The intersection of the results from the various analyses sug-

gests that there is not a single metabolomic signature of age,

EL, or mortality but, rather, a variety of signatures with different

clinical and biological interpretations and translational potential.

In Figure 5, we summarized five groups of signatures that distin-

guish between biological mechanisms of age, mortality, and EL.

Metabolic signatures of age

We identified 73 metabolites with higher or lower levels in older

ages and an age-consistent pattern in EL that did not predict

mortality (Figures 5A1 and 5A2), and six lipids that decreased

with older age were higher in EL compared to younger individ-

uals and did not predict mortality (Figure 5A3). Signatures A1

and A2 comprised several LPC and sphingolipids (Ceramydes
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[Cer] and SM) that were lower in older ages and EL, TGs that

were higher in older ages and EL, and fatty acids that had a

mixed pattern. Our results agree with lower levels of LPC 20:4

identified previously in centenarians compared with younger

subjects13 and the age-related decline of LPC 20:4 shown in

the Genetics of Lipid Lowering Drugs and Diet Network

(GOLDN) study.27 Several acylcarnitines were increased in older

age and EL. Acylcarnitine formation is required to generate en-

ergy from fatty acids via mitochondrial oxidation,28 and the

age-related increase for acylcarnitines may reflect decreased

mitochondrial function.

Several metabolites in signature A2 are elevated in the pres-

ence of kidney disease, including butyrylcarnitine, citrulline,

creatinine, dimethylarginine, the gut-derived metabolite hippuric

acid, and alpha-N-phenylacetylglutamine.29–31 Consistent with

other studies, kynurenine levels were higher in older ages and

EL, but the effect of kynurenine onmortality risk was insignificant

in the LLFS (HR= 1.02, Adj_p = 0.82). Signature A1 included tyro-

sine, which is involved in the production of dopamine and may

correlate with cognitive function.32 This signature also included

some markers of medications; for example, the beta-blocker

atenolol acid.

Signature A3 included 6 lipids that decreased with older age

but were higher in EL compared to younger individuals. This

signature included TG 53:1, which was elevated in carriers of

the E2 allele of APOE (Figures 3B and 4C), thus suggesting

that this signature could be a specific driver of EL under genetic

regulation.

Metabolic signatures of the effect of aging

We identified four groups of metabolites (Figure 5B) that were

associated with age, EL, and mortality risk. Signatures B1 and

B2 showed patterns consistent with a damaging effect of aging

(concordant directions of effect with age, EL, and mortality risk),

while B3 and B4 point to possibly longevity-enabling processes

(associations with age and mortality risk have opposite direc-

tions of effect).

Signature B3 included citric acid and trans-aconitic acid (aco-

nitate) that were higher at older ages and EL, and were associ-

ated with a decreased mortality risk, thus suggesting an age-

related protective/compensatory mechanism. This hypothesis

is supported by other studies: citric acid increased during ag-

ing,33 and relatively higher levels of citric acid were associated

with a younger biological age.34 Plasma levels of citric acid

were significantly higher in centenarians when compared with

non-centenarians,35 and dietary supplements of citric acid

increased metabolic health and extended the lifespan in

Drosophila melanogaster.36 Trans-Aconitic acid increased dur-

ing aging for people in the age range of 40–65 years,37 but higher

levels of this metabolite correlated with high mortality risk in both

the Framingham Heart Study25 and Women’s Health Initiative

Study.38 Bothmetabolites are part of the tricarboxylic acid cycle,

an essential component of aerobic metabolism that occurs in

mitochondria. The importance of the tricarboxylic acid cycle to

longevity in lower organisms is well understood,39 and our data

suggest that its activity might facilitate EL in humans.

Signature B4 included CE 22:6 and PC 40:6. These lipids were

higher at older ages, and lower levels were associated with an

increased mortality risk, thus suggesting a protective role for
high levels of these two metabolites. Consistently with this hy-

pothesis, Carrard et al. recently reported on the favorable role

of circulating CE 22:6.40

Thirty-two of the 64 metabolites in signature B1 were lipids.

Low plasma levels of LPC 16:0, LPC 17:0, LPC 18:1, LPC 18:2,

and LPC 20:3 have been associated with impaired mitochondrial

oxidative capacity.41 In agreement with our findings, LPC 18:2,

20:3, and 20:5 decreased during aging in the GOLDN study,27

and LPC 18:2 was lower in centenarians than younger sub-

jects.13 In addition, LPC 14:0, 15:0, 18:1, 18:2, and 20:2 were

reduced in obese subjects,42 and lower levels of LPC 16:0,

17:0, and 18:1 predicted memory and gait speed decline in older

adults.43 Several glycerophospholipids, including LPC 16:0, LPC

18:2, PC 38:3, and PC 38:4, have been associated previously

with mortality risk.44 Lower levels of some ceramides and sphin-

gomyelins in centenarians have been reported previously,45 and

low levels of SM38:1, 41:1, and 42:1 are predictive of mortality.46

Signature B1 also included tryptophan, which has a critical role in

aging.47 Our results are consistent with several studies showing

a decline of plasma tryptophan in older individuals and centenar-

ians.13,48 Ergothioneine is considered one of the most promising

‘‘longevity vitamins.’’49,50 The strong association of ergothio-

neine with aging and mortality risk in the LLFS is consistent

with evidence showing that low ergothioneine increases the

risk of coronary artery disease, CVD mortality, and overall mor-

tality.51 As in the LLFS, low levels of ergothioneine, aminoisobu-

tyric acid, histidine, leucine, methionine, tryptophan, and valine

were associated with an increasedmortality risk.52 Higher values

of isoleucine were associated with a higher mortality risk,14 but in

the LLFS, we observed higher levels of predicting lower mortality

risk (HR = 0.88, Adj_p = 0.0087). Increasing mortality risk with

lower glutamine, histidine, and threonine levels have also been

reported in the Framingham Heart Study25 and Women’s Health

Initiative Study,38 although we did not detect a significant asso-

ciation between glutamine levels and mortality risk in the LLFS.

Signature B2 included well-known markers of age,

disease, and overall mortality, including 1-methylhistidine,53

1-methyluric acid,54 N2,N2-dimethylguanosine, glucuronic

acid,38,55 N4-acetylcytidine,38 N4-acetylneuramininic acid,56

and trigonelline.24,55 Consistent with our results, circulating

levels of galactitol, gluconic acid, glucuronic acid, myo-inositol,

ribose, threitol, and sucrose were higher in people with chronic

liver disease and/or hepatocellular carcinoma when compared

with controls.57 Gluconic acid is elevated in the presence of hy-

perglycemia and could mark oxidative stress.58 High plasma

levels of threitol and myo-inositol were associated with reduced

kidney function across 3 separate studies.59 The phospholipid

LPE 16:0 was positively associated with age in the GOLDN

study,27 and PE 34:2, PE 38:7, and PE 36:4 were associated

with an increased mortality risk in other work.44 A novel finding

was the association between increased levels of tartaric acid

and mortality risk (Figures 1B and 4B). We validated the identifi-

cation of this metabolite with an authentic standard but did not

find data for independent replication of the association with mor-

tality. The common use of tartaric acid in food warrants addi-

tional studies to assess the toxicity level of this metabolite,

considering the hypothetical role of this metabolite in colorectal

cancer.60
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Metabolic signatures of age and aging effects absent in

EL

We identified 59 metabolites that were associated with age, with

or without affecting the risk for mortality, and did not associate

with EL (Figures 5C1–5C5). Signature C1 included several me-

tabolites that were lower in older age groups, with lower levels

associated with increased mortality risk, and may mark specific

nutrient intake at older age. 7-Hydroxy-3-methylflavone is a

plant-derived metabolite whose intake is associated with

reduced cardiovascular disease (CVD) risk61 and anti-aging

and senolytic effects in lower organisms.62 Salsolinol is a com-

pound found in chocolate,63 and chocolate consumption is

associated with a reduced all-cause mortality risk.64 Pyridoxal

(vitamin B6) is derived via diet, and a higher B6 intake is associ-

ated with a reduced all-cause mortality risk.65 The association

of N-acetylmethionine with age and mortality risk in the LLFS

did not replicate in NECS and XU, but increasing levels of

N-acetylmethionine predicted high risk of mortality in men in

other studies.66

Signature C4 included uridine, which was higher in older age

groups. Higher uridine levels were associated with an increased

mortality risk, but they did not differ in the EL group. In disagree-

ment with our results, uridine was a predictor of longevity in other

studies,25,67 and levels of this metabolite were significantly lower

in XU centenarians compared to younger controls.20 Notably,

there was substantial heterogeneity in the levels of uridine at

younger ages in the LLFS (Figure S4), and some of the discor-

dant results across studiesmay depend on the sample selection.

Signature C5 included PC 40:7, PC 42:7, and linoleic and

gamma-linolenic acids. Consistent with our results, these lipid

metabolites were positively correlated with age in the GOLDN

study.27 Dietary intake of linoleic acid has increased substantially

in Western diets, but there are questions about impacts of high

linoleic acid in brain aging.68 The increased levels of these me-

tabolites and associated reduction in mortality risk may repre-

sent protective compensatory mechanisms of older age. The

lack of change of these markers in the EL group may indicate

no need to compensate for these aging-related mechanisms in

individuals who reach EL.

Metabolomic signatures of EL but not age

Sixteen metabolites were not associated with age but had un-

usually high or low values in the EL group (Figures 5D1–5D5).

Phenylalanine was not associated with age but was lower in EL

compared to younger individuals, and higher levels predicted

increased mortality risk. These age and EL associations in

LLFS did not replicate in Arivale, BLSA, NECS, and XU

(Table S2) or other reports.69 In the LLFS, we observed several

individuals with low plasma levels of phenylalanine that may

explain the discordant trend (Figure 3E).

Signatures D2, D3, and D4 included potential pro-longevity

metabolites. The lack of association with age of the TG species

in signature D2 was consistent with the GOLDN study.27 Associ-

ation of SM 36:1;O2 with the E2 allele of APOE (Figures 3B and

4C) suggests that this lipid profile could be a specific driver of

EL. The higher plasma levels of glycocholic acid and proline in

EL were replicated in the NECS and XU studies (Figure 3D),

and glycocholic acid was higher in individuals with normal cogni-

tion compared to dementia.70 3-Hydroxybenzyl alcohol and
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3-dehydroxycarnitine were elevated in centenarians, and higher

values predicted decreased mortality risk, thus pointing to pro-

tective mechanisms for EL. 3-Dehydroxycarnitine is a gut bacte-

rium-derived metabolite that is higher in non-diabetic patients

compared to diabetic patients.71 Elevated 3-hydroxylbenzyl

alcohol could be a marker of elevated nicotinamide adenine

dinucleotide (NAD) levels and reduced oxidative stress in EL.72

Signature D5 included LPC 22:6/0:0 and TG 58:8, which were

lower in EL, and low values were predictive of higher mortality,

which suggests that these metabolites may be biomarkers of

mortality in extremely old age. Supporting this hypothesis, these

two metabolites changed in the longitudinal analysis but did not

correlate with age.

Metabolomic signatures of age-independent mortality

We identified seven biomarkers that predicted mortality that

were not correlated with age or EL (Figures 5E1 and 5E2). In

cell and animal models, norvaline alleviated hypertension, and

it was anti-inflammatory and reversed cognitive decline.73 In an-

imal models, N-acetylserotonin was neuroprotective and had

anti-depressant and cognition-enhancing effects.74 Lysophos-

phatidylethanolamine (LPE) 18:1 induced monocytes and

epithelial cells to release pro-inflammatory cytokines75 and

could be a biomarker of Alzheimer’s disease.76 Several of these

metabolites declined longitudinally (Figure S3) and may be

markers of underlying disease.

Metabolomic clock
We built an aging clock that aggregated the effects of 137 age-

associated metabolites. The clock included many metabolites

with small effects, providing evidence that aging is characterized

by small changes ofmanymetabolites.We showed that this clock

canbeusedwithnewmetabolitedataandstill predicts reasonably

well. The metabolomic age acceleration derived from this clock

appears tobean informativemarkerofmortality, and youngerme-

tabolomic age correlated with a 5% reduced risk for mortality.

These results are consistent with other metabolomic clocks.3,77

Age-associated metabolomic networks
The network analysis showed that each age-associated metab-

olite is correlated with an average of 16 metabolites, but these

correlations are not very strong (Figure 6C). While the large num-

ber of connections supports grouping multiple metabolites into

signatures with similar associations with age, the weak correla-

tions corroborate the need to include many metabolites to pre-

dict age and suggest that there is little redundancy in the ele-

ments of the various signatures. This finding is consistent with

the heterogeneity of aging. The analysis also showed that age-

associated lipids are more strongly correlated than age-associ-

ated metabolites, and correlations of species are stronger within

the same class than between different classes. However, not all

species from the same classes were strongly correlated. For

example, TG species clustered into several small networks that

were consistent with their grouping into signatures with different

effects on age, EL, and mortality risk. The analysis also suggests

an important role for linoleic and gamma-linolenic acids as con-

nections between lipids and other metabolites. While it is

tempting to put forward possible mechanistic relations based

on the network analysis, a current limitation of the data is the
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lack of serum proteomics and, therefore, important information

about enzyme regulation. Additional data and analyses are

needed to help translate these findings into hypotheses that

can be tested experimentally.

Conclusions
We identified several groups of metabolites with specific roles in

age, mortality, and EL that could provide targets for healthy ag-

ing therapeutics. Levels of many metabolites changed with age

and maintained consistent patterns in EL without affecting mor-

tality risk. These findings suggest that not everything that

changes with age is ‘‘bad’’ and should be reversed. In contrast,

the levels of metabolites in Figure 5B were different in different

age groups, maintained a consistent pattern in EL, and affected

mortality risk. Many of these metabolites likely represent cumu-

lative damage due to aging and include many well-known bio-

markers of aging-related diseases. It is surprising that some in-

dividuals can reach extreme ages with these unhealthy

metabolomic profiles, but they may have protective factors

that determine their resiliency to age-related stressors. We

also identified groups of metabolites that should represent the

effect of age and aging-related disease but were unchanged in

EL compared to younger controls (Figure 5C). While some of

these metabolites may mark poor health and/or eating habits

that are absent in successful aging, others may represent

compensatory mechanisms that are triggered in old age.

It is well established that lipids play an important role in aging.

Their metabolism is intertwined with pro-longevity pathways

such as insulin/insulin growth factor 1, mammalian target of ra-

pamycin (mTORC) signaling, and germline endocrine signaling,

which have been targets of aging therapeutics and lifespan

extension in non-human species.78 We observed major changes

of all lipid classes in almost every signature, although we did not

detect major themes (e.g., ‘‘TG decrease with age’’) but, rather,

specific effects of lipid species. The network analysis provided

further evidence for these results. One novel theme was the

increased levels of some glycerolipids in EL and in carriers of

the E2 allele of APOE, which points to potential targets for

healthy aging therapeutics. We also noticed some discordant re-

sults in patterns of lipids with older age in the LLFS compared to

the literature. While incorrect identification of lipids and metabo-

lites may be one explanation, an alternative hypothesis is that

many metabolic changes happen in concert, and groups of me-

tabolites should be analyzed together rather than one at a time.

We observed strong effects of many gut-produced metabo-

lites on aging and longevity, and while many of thesemetabolites

are toxic, others are protective. Integrating plasma metabolo-

mics with the gut microbiome will be important to decipher these

mechanisms and identify interventions for healthy aging.

Both tryptophan metabolism and the tricarboxylic acid cycle

emerged as important pathways for age, EL, and mortality. The

role of these pathways in aging and longevity in humans and

other organisms has been studied extensively,39 but the hetero-

geneity of some key intermediates among LLFS participants

suggests that uncharacterized regulatory mechanisms may be

involved.

Many essential amino acids changed with age and may repre-

sent different dietary patterns due to age or alterations in the ab-
sorption/degradation of many nutrients, which could be impor-

tant targets for nutritional intervention.79 High levels of citric

acid (present in fruits and vegetables) reduced the risk for mor-

tality in the LLFS. Flavones (plant-derived metabolites present

in celery and parsley80) and salsolinol (a marker of chocolate

consumption) weremaintained at youthful levels in centenarians,

suggesting a protective role of these metabolites in healthy ag-

ing. Associations of phospholipids and TGs with aging, EL, and

mortality further support the hypothesis that improved dietary

quality may be related to improved survival in the LLFS. For

example, LPC 20:5 was increased in young adults who supple-

mented with fish oil,81 and plasma TG 60:12 and LPC 20:5 levels

were increased following a 12-week randomized control trial for

people on a ‘‘healthy diet.’’82 Plasma LPC 15:0, 16:0, 18:1, 18:2,

and 20:5 were decreased in mice on a high-fat diet.42 Higher

levels of these metabolites were found in youths and were asso-

ciated with a lower all-cause mortality risk in the LLFS. Ergothio-

neine association with age and mortality also suggests a role of

dietary intake in circulating levels, as it is abundant in mush-

rooms and asparagus.83 All these results point to nutrients as tar-

gets for powerful healthy aging interventions, but they also point

to the need for carefully designed intervention studies that

assess dosage and possible interactions of multiple nutrients

on healthy aging and longevity.

Limitations
When performing metabolomics with liquid chromatography/

mass spectrometry, compounds are identified by matching

data from research samples to reference data from authentic

standards. The LLFS used state-of-the-art computational pipe-

lines for identification ofmetabolites, but unambiguous identifica-

tion is not always possible, and further independent validation of

these metabolite findings should be performed. We replicated

many results in independent studies, but the lack of standard

metabolite nomenclature mademapping between studies imper-

fect and limited the number of metabolites that we could poten-

tially replicate. In addition, the results from the longitudinal anal-

ysis will need to be replicated in independent and possibly

longer follow-up studies. We adopted robust statistical modeling

techniques to account for the relatedness of individuals in the

LLFS, but both the survival analysis results and the change anal-

ysis of longitudinally collected samples may be affected by infor-

mative dropouts ormortality selection. These are challenging sta-

tistical problems that do not yet have a robust solution. Given the

limited sample size of the LLFS, we did not investigate sex- and

race-specific effects of metabolites on age, EL, and mortality

risk. Some of the age-related changes may represent medica-

tions and underlying conditions that correlate with age rather

than age effects.We addressed this question by adjusting our an-

alyses for dyslipidemia, hypertension, type II diabetes, and heart

disease-relatedmedications that arewell curated in the LLFS, but

we could not includemedications for kidney disease or other con-

ditions. These critically important questions need to be ad-

dressed with larger studies. We could not replicate the clock an-

alyses in truly independent data, and validation is needed before

the clock can be used in other studies. Finally, a limitation of the

LLFS is the lack of diet data, which could help characterize natu-

ral interventions contributing to healthy aging.
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RESOURCE AVAILABILITY

Lead contact

Requests for further information, resources, and reagents should be directed

to and will be fulfilled by the lead contact, Paola Sebastiani (psebastiani@

tuftsmedicalcenter.org).

Materials availability

This study did not generate new unique reagents.

Data and code availability

d Metabolomics data in the LLFS available from the Exceptional

Longevity Translational Resources (ELITE) portal: https://eliteportal.

synapse.org/Explore/Studies/DetailsPage/StudyDetails?studyKey=LLFS_

Metabolomics.

d All additional data generated for the LLFS until 2020 are available from

the database of Genotypes and Phenotypes: dbGaP Study (nih.gov).

Data from the BLSA can be requested from L.F.. Qualified researchers

can further access the full Arivale deidentified dataset supporting the

findings in this study for research purposes by signing a data use agree-

ment. Inquiries to access the data can be made at data-access@

isbscience.org and will be responded to within 7 business days.

NECS data will be available from the ELITE portal.

d All of the codewe used to identify and harmonize themetabolomics data

is available at https://doi.org/10.5281/zenodo.13224269. All down-

stream analyses in the LLFS were conducted using R, and the scripts

are available from the GitHub repository: QM-DS-Tufts-Medical-

Center/Metabolite-signatures-of-chronological-age-aging-survival-

and-longevity: v1.0.0 (zenodo.org). https://doi.org/10.5281/zenodo.

13155184. Scripts used for analyses of Arivale data are available upon

request.

d Any additional information required to reanalyze the data reported in this

work is available from the lead contact upon request.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human plasma samples University of Minnesota NA

Chemicals, peptides, and recombinant proteins

Acetonitrile LC/MS OPTIMA Fisher Scientific Cat#A955 4, CAS 75-05-8

Formic Acid, OptimaTM LC/MS Grade Fisher Scientific Cat#A117, CAS 64-18-6

Methanol LC/MS OPTIMA Fisher Scientific Cat#A456 4, CAS 67-56-1

Methyl tert-butyl ether for HPLC, R99.8%, Millipore Sigma Cat#34875, CAS 1634-04-4

2-propanol (IPA), OPTIMA LC/MS Fisher Scientific Cat#A461 4, CAS 67-63-0

Water OptimaTM for HPLC Fisher Scientific Cat#W7, CAS 7732-18-5

Ammonium hydroxide, eluent additive for LC-MS Honeywell Fluka Cat#44273, CAS 133-21-6

Ammonium Bicarbonate, eluent additive for LC-MS Honeywell Fluka Cat#40867, CAS 1066-33-7

Ammonium formate, eluent additive for LC-MS Millipore Sigma Cat#70221, CAS 540-69-2

Medronic Acid Millipore Sigma Cat#64255, CAS 1984-15-2

Deposited data

Metabolomics, genetic and phenotypic data This paper https://eliteportal.synapse.org/Explore/

Projects/DetailsPage?shortName=LLFS

Software and algorithms

Lipid Annotator v1 B1.0.54.0 Agilent Technologies N/A

MassHunter Workstation LC/MS Data

Acquisition v10.1 B10.1.48

Agilent Technologies N/A

Thermo Scientific Xcalibur v4.2.28.14,

AcquireX workflow

Thermo Fisher Scientific –

Python v3.7 python RRID:SCR_008394

Skyline 64-bit v20.2 MacCoss Lab Software RRID:SCR_014080

Other

Agilent 6545 Q-TOF (quadrupole

time-of-flight mass spectrometer)

Agilent Technologies N/A

Agilent 1290 Infinity II UHPLC Agilent Technologies N/A
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human subjects
Long Life Family Study (LLFS)

The LLFS is a family-based, longitudinal study of healthy aging and longevity that enrolled 4,953 family members from 539 families

selected for familial longevity at three American field centers (Boston, Pittsburgh and New York), and a Danish field center between

2006 and 2009.15,16 Study participants have been comprehensively phenotyped using a combination of three in-person visits, ques-

tionnaire-based assessments, and annual follow-ups. Medications were recoded into ATC codes andmedications for heart disease,

lipid lowering, Type 2 diabetes (T2D), and hypertension were defined based on ATC codes for the common medications used for

these disorders in conjunction with physicians and pharmacists. LLFS participants included 1496 females and 1268 males with

an average age of 74 years at enrollment, and range 24–110 years. All participants included in this analysis identified as White. All

subjects provided informed consent, and genetic and phenotypic data are available via dbGaP (dbGaP Study Accession:

phs000397.v1.p1).

New England Centenarian Study (NECS)

We included for replication the metabolomic profiles of 195 NECS participants comprising centenarians, centenarians’ offspring and

unrelated controls.19 We selected participants who were at least one year away from major clinical events, not taking major medi-

cations and survived at least one year after the blood draw. Trained phlebotomists collected blood samples from NECS participants
16 Cell Reports 43, 114913, November 26, 2024

https://eliteportal.synapse.org/Explore/Projects/DetailsPage?shortName=LLFS
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at enrollment, and transferred the samples to the Boston University Molecular Genetic Core biobank for DNA, serum, and plasma

extractions. Samples were maintained at �800C. NECS participants included 121 females and 74 males with an average age of

88 years at enrollment, and range 56–115 years. Among these participants, 13 identified as African American and the others asWhite.

The NECS protocol was approved by the Boston Medical Center Institutional Review Board. Participants provided written informed

consent at enrollment.

Arivale

The Arivale cohort includes adults who self-enrolled in a consumer-facing wellness program (Arivale, Inc. 2015–2019).17 The partic-

ipants were required to be over the age of 18 and not pregnant, with no additional screening of participants. Certified phlebotomists

collected blood samples from fasting participants. We included a subset of 634 participants from the Arivale cohort with plasmame-

tabolomic and other covariate data, including 402 females and 232 males, with an average age of 49 years (range 22–87 years).

Among participants included in this analysis, 82% identified as White, 1.9% as Black or African American, 5.0% as Asian, 5.2%

as Hispanic, and 5.9% as other groups. The current study was conducted with de-identified data of the participants who had con-

sented to the sharing of their deidentified data. Procedures were approved by the Western Institutional Review Board.

Baltimore Longitudinal study of aging (BLSA)

The BLSA is a longitudinal study of community-dwelling adults that continuously enrolls participants free of cognitive impairment,

functional limitations, chronic diseases, and cancer for the previous 10 years.18 Details of blood collections have been previously

described.9,30 We selected a subset of 1,135 BLSA participants with plasma metabolomics comprising 545 males and 590 females.

The mean age of this sample was 65 years of age (SD = 14.5), ranging from 22 to 96 years. Among these participants, 67% (n = 757)

identified as White, 28% (n = 315) as African Americans, and 1% (n = 12) as Asians. To examine metabolite associations with mor-

tality, we analyzed data from a subset of 926 participants aged 50 years or older with amean follow-up of 9.3 (SD = 3.5) years (ranging

0.6 to 16 years). Among this subset, 68% (n = 634) identified asWhite, 25.8% (n = 239) as African Americans, 1.3% (n = 12) as Asians.

The BLSA protocol was approved by the Institutional Review Board of the National Institutes of Health. Participants provided written

informed consent at each BLSA visit.

Xu et al. Cohort (XU)

Cohort description. Xu et al. described multi-omic profiles for 116 nonagenarians and centenarians and 232 of their offspring from

Han Chinese longevous families.20 Metabolomic data. Data for 821 lipid and polar metabolites were generated using non-targeted

metabolomic analysis and 121metabolites from the 408 target list (Table S1) were found here using RefMet nomenclature. Additional

experimental details are described in the original study, and individual-level data are available in Table S6 of their supplemental

information.20

METHOD DETAILS

Metabolomic library preparation and mass spectrometry analysis
LLFS

We included data for 408 metabolites (188 lipids and 220 polar metabolites) that were profiled in the plasma of 2,764 LLFS partic-

ipants collected at enrollment and, for a subset of 1,246 participants, in a second blood draw approximately 8 years later. Our exper-

imental workflows have been described in detail previously.5,21 In brief, we isolated lipid and polar metabolites from plasma using

solid-phase extraction kits. Prior to mass spectrometry analysis, samples were separated using reversed-phase chromatography

and hydrophilic interaction liquid chromatography (HILIC) for lipid and polar metabolites, respectively. Mass spectrometric detection

was performed with an Agilent 6545 quadrupole time-of-flight mass spectrometer at Washington University in St Louis. We pro-

cessed the data with a combination of XCMS, DecoID, and Skyline to facilitate removal of background, annotation of adducts,

and compound identification.84–86We analyzed lipid and polar metabolites in batches of approximately 90 samples each and normal-

ized data by using a random forest-based approach for batch correction,87 which we previously found to be the optimal approach for

this data.5 We focused on 408 metabolites that we identified from the plasma samples based on retention time and fragmentation

pattern matches to both in-house and public databases formed from analysis of authentic standards. For retention time matches,

a 30 s tolerance between reference and observed retention timeswas allowed. For MS/MSmatches, a normalized dot-product score

of >80 was required. All identifications were manually reviewed after applying the cutoffs listed previously to ensure accurate

matches. According to the Metabolomics Standard Initiative,88 these 408 identifications correspond to high-confidence Level 1

and Level 2 identifications. Three acylcarnitines (decanoylcarnitine, butyrylcarnitine, and octanoylcarnitine) were detected among

both the lipid and the polar metabolites. We included these in the analysis as independent validation of the results. We named the

lipid and polar metabolites using standardized names from RefMet, version of 07/202322 (Table S1).

NECS

Metabolon, Inc. (North Carolina, USA) generated the serum metabolomic profiles that included a total of 1,495 chemicals with 1,213

compounds of known identity and 282 compounds of unknown structural identity. A detailed description of sample preparation and

liquid chromatography-tandem/mass spectrometry (LC/MS) was described previously.21 After renaming the lipid and polar metab-

olites by using standardized nomenclature from RefMet,22 150 metabolites from the target list of 408 (Table S1) were found here.
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Arivale

Metabolon, Inc. (North Carolina) generated plasma metabolomic profiles by using LC/MS. Sample handling, quality control, data

extraction, biochemical identification, data curation, quantification, data normalizations procedures, and batch correction have

been previously described.89,90 After renaming the lipid and polar metabolites using standardized names from RefMet,22 120 metab-

olites from the target list of 408 (Table S1) were found here.

BLSA

Metabolite concentrations were measured via the Biocrates p500 kit with LC/MS (Biocrates Life Sciences AG, Innsbruck, Austria),

and following the manufacturer’s protocol for a 5500 QTrap (Sciex, Framingham, MA, USA). Using RefMet nomenclature, 99 metab-

olites from the target list of 408 (Table S1) were found here.

XU

Data for 821 lipid and polar metabolites were generated using non-targeted metabolomic analysis and 121 metabolites from the

target list of 408 (Table S1) were found here, using RefMet nomenclature.

Genetic data
LLFS genetic data

We determined APOE alleles from SNPs rs7412 and rs429358 (e2: rs7412 = T, rs429358 = T; e3: rs7412 = C, rs429358 = T; e4:

rs7412 = C, rs429358 = C) that were genotyped using real-time PCR or imputed using IMPUTE2 in participants with genome-

wide genotype data as described in.91

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis
LLFS

Quality control. We replacedmissingmetabolite values with half of theminimum detected value. We transformedmetabolites using

the natural log transformation, followed by principal component analysis of the metabolites to identify 23 outlier samples (samples

that did not cluster withmost of the data) that we removed from the dataset.We then searched formetabolite-specific outliers that we

defined as values exceeding the mean by more than four standard deviations and replaced the outliers with the mean value. Approx-

imately 50% of metabolites had outliers and the average proportion of outliers per metabolite was 0.1%. All subsequent analyses

used natural log transformed metabolite intensities.

Age signature. To identify metabolites that correlate with age at blood draw, we analyzed each log-transformed metabolite using a

mixed-effect linear regression model with a random intercept term to adjust for within-family correlation, age at blood draw as the

independent predictor, and adjusted the analysis for sex, education, whether participants were enrolled in Denmark or in the

USA, medications for type 2 diabetes (T2D), dyslipidemia, heart disease, and hypertension (HTN). We included four genome-wide

principal components to adjust for genetic heterogeneity. Wemodeled the variance-covariance matrix of the random intercept using

the genetic relation matrix that we estimated using whole-genome sequence data and the PC-relate R package implemented in our

Nextflow-based pipeline for genetic analysis.92 We calculated adjusted p-values using a Benjamini-Hochberg correction,93 and

selected the metabolites that were associated with age at a 5% false discovery rate (FDR) as significant. We compared the

distributions of super-classes of metabolites that were positively or negatively correlated with age relative to the overall

distribution of the 408 metabolites across super-classes using the Kolmogorov-Smirnov test.

In this analysis, we excluded data from 84 EL individuals who had reached the oldest 1% survival age for their sex and birth year

cohort at the time of the first blood draw. All the results are in Table S1, and Figures 1A–1C andwe include estimates of the regression

coefficients and effects expressed as fold changes (exp(regression coefficient)).

Aging signature. We analyzed the longitudinal fold changes of the metabolites in a subset of LLFS participants with two repeated

blood draws using a linear regression model of the repeated, log-transformed, metabolite measurements yij. The regression analysis

included Agei1: the age at first assessment and ðAgeij �Agei1Þ: the time between the two assessments of participant i

yij = b0 + bcAgei1 + bl

�
Ageij � Agei1

�
+

X
bkXik.j = 1;2

The regression coefficient bl represents the longitudinal effect of aging, or the change rate. We adjusted the analysis for sex, ed-

ucation, whether participants were enrolled in Denmark or in the USA, medication for T2D, lipids, heart disease, HTN, and four

genome-wide principal components to adjust for genetic heterogeneity (these covariates are described by the index k in the formula

above). We estimated the regression coefficients and standard error using generalized estimating equations, with an exchangeable

correlation structure to accommodate the repeated measures and selected the metabolites that correlated with the age difference at

a 5% FDR. We compared the cross-sectional and longitudinal effects of age in Figure 1F and calculated Pearson correlation coef-

ficient after removing Lauryl sulfate, PS 38:4, inosine, and hypoxanthine that had a substantially different aging rate. We used the gee

package in R for this analysis.

Extreme longevity signature. We identified 84 LLFS participants who had reached the oldest 1% survival age for their sex and birth

year cohort (EL) at the time of the first blood draw, 924 offspring of LLFS participants, and 368 spouse controls whowere <85 years at
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the time of the first blood draw. We used the grouping EL, offspring and spouse controls as the independent predictor in a mixed

effect linear regression analysis of each metabolite, using the same mixed effect model and covariate adjustment as in the age anal-

ysis. We similarly compared the distribution of super classes of metabolites that were significantly increased or decreased in the EL

group at a 5% FDR relative to the main classes represented by the 408 metabolites using the Kolmogorov-Smirnov test (KS-test).

Survival signature. Between enrollment and November 2022, we observed 54%mortality in 2,367 LLFS subjects with metabolomic

data and no missing values in covariates. We used these data to identify metabolites that predict the mortality risk. To identify me-

tabolites that predict survival, we analyzed time to death after enrollment using Cox proportional hazards regression models, with

each standardized log-transformed metabolite as an independent predictor and adjusting for age at enrollment and the same addi-

tional covariates as in the cross-sectional age analyses. Age was censored at last contact for individuals alive in November 2022. The

proportional hazards assumption was assessed by graphical inspection of the data.We used the sandwich estimator implemented in

the R function coxph of the survival package to adjust for family correlation. The ‘‘metab effect’’ estimated with this analysis repre-

sents the adjusted effect of one standard deviation from the mean of the log-transformed metabolite values on the hazard for mor-

tality in the LLFS. We calculated adjusted p-values using the Benjamini-Hochberg correction,93 and selected the metabolites that

were correlated with the hazard for mortality at a 5% FDR as significant. We compared the distribution of super-classes of

metabolites that were positively or negatively associated with the hazard for mortality relative to the overall distribution of super-

classes represented by the 408 metabolites, using the Kolmogorov-Smirnov test.

Genetic analysis. We investigated the association between each lipid and polar metabolite and APOE genotype groups

(E2 = e2e2, e2e3, E3 = e3e3, E4 = e3e4, e4e4) using a mixed-effects linear regression model for each metabolite, the APOE

genotype group as independent predictor, and the same covariate adjustment used in the other models. All analyses were

conducted using custom-made scripts in the statistical software R.

Generation of signatures

We grouped metabolites and lipids based on their significant, directional associations with age, EL, and mortality risk. We ignored

borderline results with 0.05 < FDR <0.20.

Metabolomic clock

We used elastic net regularized linear regression to generate a metabolomic clock using the set of 308 metabolites associated with

chronological age.94,95 We standardized the 308 log-transformed metabolite data and adjusted the regression by sex, years of ed-

ucation, whether participants were enrolled in Denmark or in the USA, medications for type 2 diabetes (T2D), dyslipidemia, heart dis-

ease, and hypertension (HTN), and four genome-wide principal components. We divided the dataset into 80% training and 20% test

set, and used the training set to build the clock and validate it. We determined the penalty parameters a and l through 10-fold cross-

validation to minimize the squared error. Figure S5A, plots the predicted age (=metabolomic age) versus chronological age using the

initial clock in the full dataset. While the plot shows 89% correlation between predicted and actual chronological age, the clock ex-

hibited the bias reported in other studies: it predicted younger individuals to be, on average, older than their chronological age, and

older individuals to be, on average, younger than their chronological age.26 Therefore, we adopted the bias-correction reparamete-

rization suggested in ref. 26: we regressed the predicted age against chronological age using the linear regression

predicted age = b+a chronological age

to estimate the intercept and slope parameters b;a and calculated the bias-corrected clock as

bias � corrected predicted age =
predicted age � b

a

This transformation indeed removed the initial bias as shown in Figures 6A and S5B. We calculated age acceleration as the differ-

ence between the bias-corrected predicted and chronological age and the plot of age acceleration against predicted age showed no

bias (Figure S5C). To verify this, we estimated the dependency of age acceleration on predicted age using linear regression and the

analysis shows no association (see inset in Figure S5C). To assess the impact of age acceleration on mortality risk, we fit a Cox pro-

portional hazards regression for time to death (censored at last contact for alive participants), stratifying for chronological age in de-

cades and adjusting for sex and years of education. We assessed the bias of the fitted model by analyzing martingale residuals by

strata of age acceleration (Figure S5, panels D, E). The martingale residuals are the difference between observed and predicted

deaths.96 A good fit model would produce martingale residuals that are evenly distributed around 0, while an enrichment of negative

residuals shows that themodel overestimatesmortality and an enrichment of positive residuals shows that themodel underestimates

mortality. All these analyses were conducted using the R packages ‘caret’, ‘glmnet’, ‘survival’ for elastic nets and time to event an-

alyses. While the martingale biased-corrected age acceleration showed no bias, using the uncorrected age acceleration in the same

model produces a bias in the extreme old ages that is consistent with the overly optimistic age prediction.

As a validation, we calculated the predictedmetabolomic age of LLFS participants based on the values of metabolites at visit 2 and

compared it to the chronological age (Figure 6A).

Partial correlation networks of age-associated metabolites

We generated partial correlation networks of the age-associated metabolites. Partial correlation networks are probabilistic networks

in which the nodes represent random variables (in this case the metabolites) that follow normal distributions; edges represent linear

relations between nodes, and absence of an edge between two nodes represents independence of the two variables, conditionally
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on all the other variables in the network. The partial correlation between two nodes is interpreted as their correlation, adjusted for the

values of all the other variables in the network. There are well-established algorithms to generate partial correlation networks based

on the analysis of the partial correlation matrix estimated from a dataset of independent observations.97 We developed a bootstrap-

based method to learn structure and parameters of partial correlation networks from correlated data in the LLFS. In addition to ac-

counting for correlations on the observations, this method also allows the user to set a threshold on the magnitude of the partial

correlations to retain in the model using significance testing. We used extensive simulations of correlated data from family-based

studies to show that the bootstrap method does not inflate the Type I error while retaining statistical power compared to alternative

solutions.98We applied this algorithm to infer the networks of dependency among the 307metabolites, after log-transformation of the

data and removal of one metabolite with a skewed distribution. We generated networks by linking the pairs with absolute partial cor-

relation that was significantly greater than thresholds varying between 0 and 0.30 and employing 1,000x bootstrap resampling for

each threshold. All the results are in Figures S6 and S7. We analyzed the network topology and generated interactive graphical dis-

plays using the visNetworks package in R that are distributed as html files.

Replication
NECS

Quality control. We transformed metabolites using the natural log transformation and visually inspected the data using principal

component analysis. There were 701 metabolites with less than 20% missing values that we included in the final analysis.

EL signature. The NECS data included centenarians, their offspring and controls and we used this group definition as independent

predictor in the linear regressionmodel of eachmetabolite, adjusting for sex and education.We selectedmetabolites that were signif-

icantly different in centenarians at 5% FDR. We conducted the analysis using custom-made scripts in the statistical software R.

Arivale

Quality control. We used an in-house pipeline to batch-correct the metabolomic data that we natural log-transformed to remove

right skewness and outliers. We removed metabolites that were missing in more than 8% of the subjects, and subjects with less

than 10 detected metabolites. The final filtered metabolomic dataset consisted of 722 metabolites in 634 participants.

Age signature. To analyze the association between each individual metabolite and age at blood draw, we used a linear regression

model in which age at blood draw was the independent predictor, and adjusted for sex, body mass index (BMI), statin use, and ed-

ucation. Education was coded according to the following categories: 1: High school diploma or GED; 2: Some college and/or tech-

nical school; 3: Associate and/or bachelor’s degree; and 4: Master’s and/or doctorate and/or professional degree. We calculated

adjusted p-values using Benjamini-Hochberg correction.93 We conducted the analysis using the statsmodels package version

0.13.0 in Python version 3.9.7.

BLSA

Quality control. We excluded metabolites with concentrations below the limit of detection (LOD) in more than 20% of participants

and imputed themissing values of the remainingmetabolites using half of the LOD.We transformed the metabolites using the natural

log transformation, and then standardized to Z-scores.

Age signature. We used linear regression to examine the associations of 460 metabolites with age at blood draw, adjusted for sex,

race (coded as Black vs. non-Black), education, and batch. Survival analysis signature. We used Cox proportional hazards regression

to examine the association of each standardized metabolite with the hazard for mortality, adjusted for age, sex, and race, and used a

5% FDR for significance threshold. We performed all analyses using R version 4.0.2 (Boston, MA).

XU

Quality control. We transformed metabolites using the natural log transformation and visually inspected the data using principal

component analysis. No outlier samples were detected in the data. There were 666 metabolites with less than 20% missing values

that we included in the final analysis.

EL signature. This dataset included trios comprising one centenarian and two of their offspring. We used this group definition as the

independent predictor in the linear regression model for each metabolite, adjusting for sex, BMI, medications for T2D, high choles-

terol, heart disease, and hypertension. Given the family-based design, we estimated the regression coefficients using generalized

estimating equations, with clustering based on family membership and exchangeable correlation structure. We selected metabolites

that were significantly different in centenarians at 5% FDR. We conducted the analysis using custom-made scripts in the statistical

software R.
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