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Abstract

Experimental evolution studies that feature selection on life-history characters are a proven approach for studying the evo
lution of aging and variation in rates of senescence. Recently, the incorporation of genomic and transcriptomic approaches 
into this framework has led to the identification of hundreds of genes associated with different aging patterns. However, our 
understanding of the specific molecular mechanisms underlying these aging patterns remains limited. Here, we incorporated 
extensive metabolomic profiling into this framework to generate mechanistic insights into aging patterns in Drosophila 
melanogaster. Specifically, we characterized metabolomic change over adult lifespan in populations of D. melanogaster 
where selection for early reproduction has led to an accelerated aging phenotype relative to their controls. Using these 
data, we (i) evaluated evolutionary repeatability across the metabolome; (ii) assessed the value of the metabolome as a pre
dictor of “biological age” in this system; and (iii) identified specific metabolites associated with accelerated aging. Generally, 
our findings suggest that selection for early reproduction resulted in highly repeatable alterations to the metabolome and the 
metabolome itself is a reliable predictor of “biological age”. Specifically, we find clusters of metabolites that are associated 
with the different rates of senescence observed between our accelerated aging population and their controls, adding new 
insights into the metabolites that may be driving the accelerated aging phenotype.
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Introduction
Experimental evolution studies using Drosophila melanoga
ster populations have been a continual source of insight 
into the factors that underlie differences in longevity and 
rates of senescence between individuals. As predicted by 
the evolutionary theory of aging, selection for early repro
duction reliably produces populations enriched for indivi
duals that develop quickly and die young, whereas 
selection for postponed reproduction has the opposite ef
fect (Luckinbill et al. 1984; Rose 1984; Chippindale et al. 
1997; Rose et al. 2010). Studying these populations has 
in turn generated many novel insights into the physiological 
tradeoffs associated with different rates of senescence. For 
instance, while populations selected for early reproduction 
develop quickly and have high early life fecundity, they also 
exhibit reductions in egg viability (Chippindale et al. 1997), 
stress resistance (Kezos et al. 2023), lifetime fecundity, and 
lifespan (Burke et al. 2016). The goal of the current project 
is to build on this work to better understand the molecular 
underpinnings of this “accelerated aging” phenotype.

Over the past decade, the combination of experimental 
evolution and next-generation sequencing technologies 
has emerged as a powerful tool for studying the genetics 
of complex traits. Major findings from studies that analyze 
quantitative traits, such as longevity, stress resistance, and 
body size, have consistently shown that the underlying gen
etic architecture is complex, often involving hundreds of 
genes (e.g. Burke et al. 2010; Turner et al. 2011; Tobler 
et al. 2015; Fabian et al. 2018; Barter et al. 2019; Kezos 
et al. 2019). Studies have also found that many of these 
traits may involve genes with significant pleiotropic interac
tions (Greenspan et al. 2024), and suggest that genetic re
dundancy is a common feature of complex trait genetic 
architecture (Hardy et al. 2018; Barghi et al. 2019). 
Because of this inherent complexity, direct insights into 
the molecular mechanisms underlying trait variation have 
been modest. With respect to aging and longevity, func
tional conclusions are largely limited to enrichment for 
gene ontology terms broadly related to neurological devel
opment, immune function, and metabolism (Carnes et al. 
2015; Fabian et al. 2018; Barter et al. 2019). In an effort 
to move beyond the finding that complex traits are highly 

polygenic, some have turned to metabolomics as a path 
forward (e.g. Phillips et al. 2022; Cavigliasso et al. 2023).

Metabolomics involves the profiling of metabolites, 
molecules <2,000 Da, collectively referred to as the meta
bolome. Because metabolites constitute the functional 
and energetic building blocks of all life, metabolomics pro
vides a potential link between genotype and phenotype 
(Harrison et al. 2020). Among the -omic layers of systems 
biology (e.g. transcriptome, proteome, etc.), the metabo
lome is thought to closely reflect organismal phenotypes 
(Dettmer et al. 2007; Hoffman et al. 2014). While genomic, 
transcriptomic, and proteomic signals can be complicated 
by epigenetic and posttranslational modifications, it is 
thought that the downstream positionality of the metabo
lome provides a marker more representative of the ob
served phenotype (Patti et al. 2012). The metabolome of 
flies is highly dynamic with age and is sensitive to effects 
on longevity from environmental conditions, genetic vari
ation, and pharmacological interventions (Avanesov et al. 
2014; Hoffman et al. 2014; Laye et al. 2015; Jin et al. 
2020; Phillips et al. 2022; Wang et al. 2022). In light of 
this, recent efforts have been made to include metabolomic 
phenotyping in the evolutionary biology framework 
(Harrison et al. 2022; Phillips et al. 2022; Erkosar et al. 
2024).

With respect to characterizing age-sensitive effects, 
Zhao et al. (2022) recently used metabolomic data to build 
a multivariate age prediction model colloquially referred to 
as a “metabolomic clock”. As with other -omic clocks such 
as epigenetic clocks, the age prediction is not fully accurate 
(Parrott and Bertucci 2019; Rutledge et al. 2022). Indeed, 
the deviation of the age prediction from the fly metabo
lome clock from the chronological age of the sampled flies, 
the flies so-called age acceleration, correlated with the 
mortality rate and the remaining life expectancy of isogenic 
flies (Zhao et al. 2022). That is, fly strains whose predicted 
age was younger than their chronological age tended to 
live longer than flies whose predicted age was greater 
than their chronological age. Thus, the metabolome clock 
connects patterns of age in the metabolome to the rise in 
mortality risk that defines biological aging. Using clock 
models could provide insight into the molecules associated 

Significance
While experimental evolution studies featuring Drosophila melanogaster have generated significant insights into the 
forces that shape aging and life-history patterns, more recent efforts incorporating genomic and transcriptomic data 
have had comparatively little success identifying the molecular mechanisms underlying these patterns. Here, we 
work to incorporate molecular phenotyping into this general framework as a way forward. Specifically, we characterize 
how the metabolome changes with age in populations of D. melanogaster where hundreds of generations of selection 
for early reproduction have led to enrichment for an accelerated aging phenotype. By comparing to control populations, 
we show that the metabolome does appear to capture true signals of “biological age” and provides a new avenue for 
understanding the factors that underlie complex trait variation in real populations.
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with the relative pace of chronological and biological age, 
where the former is simply a measure of the passing of 
time, and the latter is a relative measure of senescence 
(Jylhävä et al. 2017). In an experimental evolution context, 
such clock models could allow us to test hypotheses about 
the aging patterns that result from selection on life history 
(Parrott and Bertucci 2019).

Here, we applied metabolomic analysis to a set of ten 
replicate fruit fly populations where hundreds of genera
tions of selection for early reproduction (Fig. 1) has led to 
enrichment for an accelerated aging phenotype where flies 
develop quickly and die young relative to controls. This ac
celerated aging phenotype presents a disconnect between 
chronological and biological age when compared with the 
ancestral population. Previous work in this system has con
sistently demonstrated the evolutionary repeatability of this 
accelerated aging signal with high levels of genomic 
(Graves et al. 2017), transcriptomic, (Barter et al. 2019), 

and phenotypic convergence (Burke et al. 2016; Kezos 
et al. 2023) between newly derived and long-standing po
pulations subjected to the same selection regime. This rapid 
convergence has been attributed to the hypothesis that 
adaptation in these populations is primarily fueled by shifts 
in common genetic variants present in the ancestral popu
lation from which this system was derived.

In Phillips et al. (2022), we compared metabolomic dif
ferentiation patterns between samples of 21-d-old flies 
(age from egg) from the accelerated aging (A-type) popula
tions and their controls (C-type) and found evidence of al
tered tricarboxylic acid (TCA) cycle activity, carbohydrate 
metabolism, and neurological function in the A-type popu
lations. Because age-specific mortality rates are known to 
greatly diverge between the fly populations by day 21, 
we concluded that the observed differences in metabolic 
activity were a potential driver of the aging and longevity 
differences observed between the selection regimes. 

Fig. 1. Recent phylogeny and selection regimes for D. melanogaster populations of interest. a) Abbreviated diagram of the evolutionary relationship between 
the populations of interest. The ancestral population for all populations was maintained on a 70-d generation cycle (O-types), both the long-standing (CO) and 
recently derived (nCO) C-type populations have been maintained on 28-day generation cycles, and both the long-standing (ACO) and recently derived (AO) 
A-type populations have been maintained on 10-day generation cycles. b) Experimentally controlled reproductive windows used to maintain the two life- 
history regimes: Accelerated (A), with a 10-day reproductive cycle; and Delayed (C), with a 28-day reproductive cycle. Short reproductive windows, either 
24 h for Accelerated or 48 h for Delayed, were used to enforce reproductive cycle length.
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One possibility is that these differences were due to meta
bolic remodeling, similar to the differences between repro
ductive and nonreproductive flies (Koliada et al. 2020; 
Rodrigues et al. 2023). Such remodeling in the A-type po
pulations could meet energetic and nutritional demands as
sociated with fast development and early reproduction and 
come at the expense of somatic maintenance. However, 
our ability to make a definitive statement was limited as 
Phillips et al. (2022) included only a single age class and 
did not establish if this metabolomic difference reflected 
a difference in biological aging. In the present study, we 
seek to remedy this shortcoming and derive even deeper 
mechanistic insights by testing for accelerated biological 
age and characterizing how metabolomic profiles change 
over time in the A- and C-type regimes by sampling at mul
tiple age classes (Fig. 2).

We hypothesize that the metabolome is connected to the 
physiological tradeoffs that accompany adaptation to the 
A-type selection regime. If true, we predicted that (i) meta
bolomic profiles should rapidly converge for populations 
subjected to the same selective pressures, (ii) a metabolomic 
clock should not only capture signals of chronological age 
but also reflect differences in biological age associated 
with the response to different selective pressures, and 
(iii) characterization of metabolite abundance over time 
should reveal specific metabolites associated with the 

accelerated aging phenotype in flies under the A-type selec
tion regime, potentially providing mechanistic insights.

To test these predictions and further explore the data, 
we had three primary objectives:

Objective 1: To test our first predictions, we compared 
the metabolomes of long-standing and recently derived po
pulations subjected to the same selection regime to evalu
ate levels of metabolomic convergence between them. If 
the known life-history tradeoffs that characterize the re
sponse to this selection in this system have a clear signal 
in the metabolome, newly derived and long-standing popu
lations should show a high degree of metabolomic conver
gence within each respective regime.

Objective 2: To test our second prediction, we created 
separate metabolomic clocks using data from A- or 
C-type regimes. As with previous studies, we expect that 
these models will capture signals associated with age. In 
other studies, the deviation of the clock’s prediction from 
the chronological age of the sampled flies reflected mortal
ity risk within the studied population. In this setting how
ever, we use such age acceleration to test our hypothesis 
about the relative biological ages of flies from these two re
gimes. We expect that, relative to the metabolome of the 
C-type populations, the A-type population metabolome 
will appear “older”. Similarly, we predict that a clock model 
based on the metabolome of the A-type populations will 

Fig. 2. Age-specific mortality and metabolomic sampling design. Female mortality rates for 20 cohorts of A-type (blue and purple) and C-type (pink and green) 
populations (see methods for calculation). Selection history is further indicated by color, with ACO and CO representing long-standing populations and AO 
and nCO representing recently derived populations. Each vertical bar represents the collection timepoint in either A-type (blue), C-type (orange) populations, or 
both (yellow).
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predict younger biological age for the metabolome of the 
C-type populations.

Objective 3: To test our third prediction, we assessed the 
similarity of the metabolome of all samples by hierarchical 
clustering. We expect that an accelerated aging phenotype 
will be represented in the metabolome via the presence of 
clusters of metabolites whose abundance shows greater 
similarity between the old C-type and the younger A-type 
populations. We then use these clustered metabolites to 
generate insights into the metabolic mechanisms under
lying the accelerated aging phenotype observed in flies 
from the A-type regime.

Results

Metabolomic Profiling

Targeted metabolomic profiling included a panel of 361 
target metabolites, 210 of which were detected during 
LC-MS profiling, with 202 including values for all samples 
(see supplementary table S1, Supplementary Material on
line for full details). Metabolite abundance values were nor
malized (Methods) for further analyses (supplementary 
table S2, Supplementary Material online).

A preliminary principal components analysis (PVA) was 
conducted to look for general clustering by selection regime, 
age, and selection history (supplementary fig. S2, 
Supplementary Material online). The common ages sampled 
for both the A-type and C-type populations (21, 28, and 35 d 
from egg) showed separation along both the PC1 and PC2 
axes. The 9-d-old samples from A-type populations clustered 
separately from all other samples along both PC axes, show
ing a greater degree of differentiation for these samples than 
the rest. This striking difference in the metabolomic profile of 
the 9-d-old samples is likely due to the residual effects of re
cent eclosion (<24 h), which can have large, short-term im
pacts on energy reserves (Erkosar et al. 2024). The 70-d-old 
samples from C-type populations were the only samples 
that clustered more closely with the opposing selection 
type, showing overlap with samples from the A-type popula
tions at ages 28- and 35-d-old. Samples from the 
common ages (21, 28, and 35 d) clustered within the selec
tion regime, with some separation by age within their re
spective selection regimes. These patterns were consistent 
when selection history (recently derived or long-standing) 
was factored (supplementary fig. S2, Supplementary 
Material online).

Objective 1: Metabolomic Convergence Within 
Selection Regime

Because of the intimate connection between metabolome 
and physiology, we hypothesize that the among-regime 
convergence in mortality among the more recently derived 
and the long-standing selection lines is paralleled by 

convergence in their metabolome. We tested convergence 
among the metabolome of more recently derived and the 
long-standing populations in two ways, both of which 
test for divergence of the metabolome. In this way, we 
are asking if the metabolome of recent and long-standing 
populations subject to the same selection regime differ sig
nificantly. Such effects would be contrary to our hypoth
esis. First, by testing for effects of selection history (recent 
vs. long-standing) within each regime on the multivariate 
metabolome, and second, by testing the accuracy of pre
dictive models trained on the metabolome of long-standing 
populations to predict the regime of more recently derived 
populations based on their metabolome.

We used PCA to reduce the dimensionality of the meta
bolome data from the 21, 28, and 35 d from egg time
points on which samples from both regimes A and C 
were sampled (supplementary table S3, Supplementary 
Material online). Among the first four PCs, which together 
explain 60.6% of the variance, PCs 1 and 3 showed strong 
regime-dependent effects of age, while PCs 2 and 4 were 
patterned by age, and PC3 by main effects of regime 
(ANOVA P < 5% after Bonferroni correction, Methods, 
Fig. 3). We tested for divergence on the multivariate meta
bolome as interaction effects of history within regimes. We 
found no evidence of regime × history interaction on any of 
the PCs, either as main effects on the PC (PC ∼ regime ×  
history), or on the trajectory of PCs over age (PC ∼ regime ×  
history × age; P > 5%, Fig. 3, Methods).

We then tested the accuracy of a supervised multivariate 
predictive model trained on only the metabolome data of 
the long-standing populations collected on days 21, 28, 
and 35 (Methods). This model had an accuracy in predicting 
the regime of >95% on the training data from long- 
standing populations (Fig. 4a), whereas on the held-out 
data from more recently derived populations, the model 
predicted regime perfectly (Fig. 4b). Failing to distinguish 
the metabolome of recent and long-standing populations 
along any of the PCs and the high accuracy of discrimin
ation models on the recently derived metabolome suggest 
that the metabolome has converged by regime among the 
recently derived populations.

Objective 2: Metabolomic Clocks and the Effect of 
Selection Regime

Consistent with other phenotypes, we hypothesize that the 
metabolome will also serve as a predictive phenotype for 
both chronological and biological age. We expect that, if 
there is a detectable selection-driven alteration to the meta
bolome, then the A-type populations will appear older rela
tive to the C-type populations of the same chronological 
age. To test for the signal of aging in the metabolome, 
we constructed metabolomic “clocks” trained on metabol
ite abundance patterns specific to each selection regime, 
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and then used those clocks to predict the age of samples 
both within and between regimes (Methods). To maintain 
relevant comparisons across all major analyses, data from 
the 9-d-old A-type samples were withheld when training 
and testing the clock models due to the unique develop
mental state of these samples, for which we do not have 
an equivalent in the C-type samples.

Metabolomic Clock Results

We first evaluated the relationship between the metabo

lome and age within the A-type and the C-type populations 

using within-regime elastic net regression models (clocks, 

Methods). The within-regime clocks of the C-type and 

A-type both accurately predicted the age of flies in their 

Fig. 3. The metabolome and its age-trajectory converge under each selection regime. Each of the first four principal components of the metabolome (out of 
12 assayed) are plotted over age, from egg (days), for the five biological replicates of each selection regime (A-type or C-type) and selection history (long- 
standing or recently derived). Ages in which both regimes are sampled are shown for direct comparison. PCs 1 and 4 were highly associated with age by 
regime, PCs 2 and 4 were associated with age, and PC 3 was associated with regime (ANOVA, P < 0.05, after Bonferroni correction). No PCs had a significant 
effect of history or history × regime interaction which would be inconsistent with convergence of the metabolome by regime in the long-standing and more 
recently derived populations.

Fig. 4. Regime is accurately predicted from the metabolome of the recently derived selection lines. A two-component partial least-squares discrimination 
model was trained, by 5-fold cross-validation to distinguish regime (A-type or C-type) among the 30 samples of the long-standing populations using the 
data from 202 metabolites. a) The “ROC” curve for the training data. Accuracy in the training data was 96.7% in the final model, with an area under 
the ROC curve of 0.975. b) The probability of A-type for each of the 30 samples from the model training set (training, long-standing, and the 30 withheld 
samples from the recently derived populations). Discrimination is made at the 0.5 probability (dashed line). The model distinguished all samples in the test set 
with 100% accuracy.
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respective regimes, with an R2 of 0.87 and 0.77, respective
ly (Fig. 5). To test hypotheses about the differences in bio
logical age, or the pace of aging in response to selection, 
we turned to between-regime metabolomic clocks 
(Methods). We fit a linear model to test the effect of age 
on the predicted ages of within- and between-regime 
clocks. Specifically, we test for both age-independent dif
ferences in the clock predictions (β2), which would be ex
pected if the selection has led to differences in the 
apparent age of the metabolome regardless of age, as 
well as age-dependent differences (β3), which might reflect 
differences in the apparent pace of aging in response to 
selection.

We begin by comparing the effect of age on predicted 
ages made by the C-type clock, when applied to the 
A-type metabolome, to predictions of the C-type clock on 
the C-type metabolome (Methods, Fig. 5a). The ages pre
dicted from the A-type metabolome by the C-type clock 
did not differ in intercept (β2 = 6.87, P = 0.25), but had a 
greater slope than the within-regime predictions of the 
C-type (β3 = 0.53, P = 9.3 × 10−3). These results suggest 
that, as estimated by the C-type clock, the A-type metabo
lome shows a faster rate of aging than expected by its 
chronological age.

We then used the A-type clock to predict age in C-type 
flies and the same linear model framework to test for 

effects of the selection regime on aging in the metabolome 
(Fig. 5b). The A-type clock predicted ages from the C-type 
metabolome that changed more slowly over chronological 
age than those of the A-type (β3 = −0.45, P = 1.5 × 10−6). 
The y-intercept of the predicted age of the C-type was high
er than that of the predictions on the A-type (β2 = 6.89, P =  
8.38 × 10−3). However, the predicted ages of C-type sam
ples from the A-type clock were lower than both their 
chronological age and the predicted age of A-type samples 
of the same chronological age (Fig. 5b). These results sug
gest that, as estimated by the A-type clock, the C-type me
tabolome appears to age at a slower rate than the A-type 
metabolome.

The A-type and C-type clocks make different age predic
tions on metabolome data from the two regimes sampled 
at the same chronological age. And yet, regardless of re
gime, the two clocks predict increasing biological age as 
chronological age increases. We considered two possibil
ities, one, that the two clocks are primarily utilizing vari
ation in the same subset of metabolites within either 
regime to make age predictions. Alternatively, the A- and 
C-type clocks could gain predictive power from 
two different sets of metabolites as they vary with age 
within-regime. To distinguish these two possibilities, we ex
amined the coefficients fit to each metabolite within both 
clocks.

Fig. 5. Selection led to different aging trajectories in the metabolome. Predicted age from egg (days) versus chronological age from egg (days) for A-type (red 
circles) and C-type (blue triangles) populations based on elastic net models trained on metabolite data from C-type populations (a) or A-type populations (b). 
Points are predictions from samples held out during training (Methods). The within-regime accuracies of each model were (C-type R2 = 0.87; A-type R2 =  
0.77). Lines are the least-squares fits of a linear model (Methods). Both the A- and C-type clocks predicted a significant difference in the rate of aging between 
the within- and between-regime model predictions (A-type clock P = 1.5 × 10−6 and C-type clock P = 9.3 × 10−3), with both predicting a faster rate of aging 
for A-type flies relative to C-type flies.
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Both clocks used an elastic net penalty L1 > 0, and so at 
least some metabolites were given no importance. This left 
62 metabolites selected as model features for the A-type 
clock, and 23 metabolites as model features for the 
C-type clock (supplementary table S4, Supplementary 
Material online). Of these features, four metabolites were 
common to both clocks. An intersection of four metabolites 
does not indicate enrichment of metabolites among the 
two clocks (Fisher’s test, odds ratio = 0.44, P = 0.16). 
However, the coefficients for the four metabolites common 
to both clocks were highly correlated (Pearson’s ρ=0.97, 
P = 0.035, Fig. 6a). In comparison to the importance (β) 
of the metabolites specific to the C-type or A-type clocks, 
the four common metabolites were not significantly 
more or less important within either clock (Wilcoxon’s 
test W ≤ 155, P ≥ 0.27, Fig. 6b).

Objective 3: Metabolomic Trajectories of Rapid Aging

To characterize the metabolomic trajectories associated 
with aging in the populations under the A- and C-type 
selection regimes, we used a multifaceted approach 
to reveal age- and regime-specific patterns of metabolite 
abundance.

First, a linear mixed-effects model (LMM) approach was 
used to characterize specific patterns of metabolite differ
entiation (supplementary table S5, Supplementary 
Material online). Again, we did not include the 9-d-old 
A-type samples for this analysis due to the unique develop
mental stage of these samples. Of the 202 metabolites in 
our data set, a total of 157 unique metabolites were iden
tified as significant for at least one term (FDR <0.01) 

(supplementary fig. S1, Supplementary Material online). 
The selection and age terms explained most of the differ
ence in the metabolome, accounting for 111 and 112 of 
the 157 significant metabolites, respectively. Both terms 
consisted of 36 metabolites unique to each term and 
shared 56 additional metabolites between them. The inter
action term accounted for 29 of the significant metabolites, 
with only 7 metabolites unique to the term.

Characterizing Metabolite Abundance Patterns

Next, we generated a heatmap that included the means of 
normalized values for each age and selection regime for the 
202 metabolites detected in all samples (supplementary 
table S2, Supplementary Material online). Hierarchical clus
tering based on columns (representing selection regime 
and age in days) resulted in clusters that are consistent 
with the earlier PCA (supplementary fig. S2, 
Supplementary Material online), where A-type age 9 sam
ples clustered independently, the matched ages (21, 28, 
and 35 d) clustered within regime but not across regimes, 
and the C-type age 70 samples clustered more closely 
with the matched age samples from the A-type regime 
than the rest of the C-type samples (supplementary fig. 
S3, Supplementary Material online). Hierarchical clustering 
of rows (mean metabolite abundance) revealed 25 clusters, 
five of which exhibited a pattern where A-type samples 
(aged 21, 28, and 35 d) and the oldest C-type samples 
(aged 70 d) have metabolite abundance patterns more 
similar to each other than to the younger C-type samples. 
This pattern is consistent with the general accelerated 
aging phenotype observed in the A-type populations, 

Fig. 6. Metabolomic clock features. a) The coefficients (β) fit to each of the four metabolites common to the A- and C-type clocks (Pearson’s ρ = 0.97, 
P = 0.035). b) Comparing the distribution of β fit to metabolites common to both clocks (intersecting) and the metabolites unique to each clock. There 
was not a significant difference in the |β| for intersecting and unique metabolites in either clock (Wilcoxon rank sum test, W ≤ 155, P ≥ 0.27).
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potentially indicating an “aged phenotype” represented in 
the metabolome. To highlight this pattern, we used the 
subset of metabolites included in these five clusters to gen
erate a set of reduced heatmaps, where column clustering 
was maintained from the full heatmap, and rows were al
lowed to cluster based on the subset data, both resulting 
in dendrograms consistent with the larger heatmap 
(Fig. 7). These clusters generally represent either metabo
lites with higher abundance in the samples with an aged 
phenotype (clusters 6 and 10), or lower abundance in sam
ples with an aged phenotype (clusters 2, 9, and 22) relative 
to the younger C-type samples. These clusters contained a 
total of 68 of the 202 metabolites assayed (A full list of me
tabolites by cluster can be found in supplementary fig. S3, 
Supplementary Material online). When compared with the 
LMM results, all clusters contained at least one metabolite 
that was significant (FDR < 0.01) for at least one term 
from the LMM (either selection, age, or the interaction be
tween the two), representing an average of 85.3% (range 
25% to 100%) of the metabolites in each cluster significant 
for at least one term (supplementary table S6, 
Supplementary Material online).

Finally, cluster-specific functional enrichment analysis 
(FELLA) revealed 86 enriched pathways (FDR < 0.05) across 
the 15 clusters that contained at least four metabolites with 
KEGG annotation (supplementary table S7, Supplementary 
Material online). Among the five clusters representing the 
accelerated aging phenotype, 21 enriched pathways were 
discovered (Table 1). These 21 enriched pathways were in
volved primarily in carbohydrate metabolism (clusters 2 and 
22), nitrogen metabolism (clusters 6 and 10), and growth 

and development (clusters 6 and 9), suggesting that these 
metabolites may play an underlying role in the different 
rates of development and aging we see in this system.

Discussion

Objective 1: Metabolomic Convergence Within 
Selection Regime

Adaptation in response to selection on reproductive timing 
in this system is associated with a number of physiological 
and developmental tradeoffs with complex genetic under
pinnings. Because the metabolome constitutes the func
tional building blocks, and energetic currency of cells, we 
hypothesize that the physiological tradeoffs associated 
with the accelerated aging phenotype of A-type flies would 
be reflected in the abundances of metabolites. 
Alternatively, the metabolome could be associated with a 
wide variety of traits, only some of which are involved in 
the accelerated development or reduced longevity that 
evolve under these regimes. If our hypothesis is true, then 
we expect that populations under the same selection re
gime will show evidence of convergence within the meta
bolome, even in more recently selected populations. To 
test this prediction, we compared the metabolomes of po
pulations from recently derived and long-standing histories 
under the same selection regime. We found that the meta
bolomes of recently derived and long-standing populations 
did not differ within either the A- and C-type selection 
regimes. This was evident by both a lack of metabolomic 
divergence between long-standing and more recent 

Fig. 7. Hierarchal clustering of mean normalized metabolite abundance clustered by regime and age. The dendrograms were generated using 202 metabo
lites that were detected in all samples (see supplementary fig. S3, Supplementary Material online for heatmap that includes all 202 metabolites). These five 
clusters represent examples where C-type age 70 d have metabolite abundance that more closely resembles the A-types than the C-types at younger ages. 
KEGG network analysis revealed enrichment for several pathways for each cluster. The top pathway for each cluster, representing the lowest P-score among 
significant pathways for that cluster (FDR < 0.05), included a) valine, leucine, and isoleucine biosynthesis (dme00290); b) phenylalanine metabolism 
(dme00360); c) pentose and glucuronate interconversions (dme00040); d) glycolysis/gluconeogenesis (dme00010); and e) nitrogen metabolism (dme00910).
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selection within each regime, and by the high accuracy of 
multivariate model predictions, regardless of the number 
of generations under selection. These results are consistent 
with metabolomic convergence within selection regimes 
and indicate that the metabolome is a reproducible bio
marker of the underlying physiological responses to 
selection.

Objective 2: Metabolomic Clocks and the Effect of 
Selection Regime

The dynamics of the metabolome over the lifespan of the fly 
have been used to connect advancing chronological age to 
the rise in mortality risk that defines biological aging (Zhao 
et al. 2022). Multivariate age prediction models (clocks), 
particularly epigenetic clocks, have been used to predict 
age across species (Lu et al. 2023; Meyer and 
Schumacher 2024). The use of clock models to understand 
the evolutionary process however is just beginning (Parrott 
and Bertucci 2019). Here, we apply clock models of the me
tabolome to test our hypothesis that the rapid response to 
selection for early life reproduction is associated with the 
same underlying aging processes that are reflected in 
the metabolome. If true, the response to selection seen in 
the metabolome likely reflects shifts in physiological pro
cesses that are a part of normal aging in the ancestral popu
lation. If the rapid and repeatable shifts in allele frequency 
(Graves et al. 2017), and both transcriptomic (Barter et al. 
2019) and phenotypic (Burke et al. 2016; Kezos et al. 
2023) convergence are an indication of selection acting 
on common physiological mechanisms, then the 

components of the metabolome most closely tied to aging 
physiology should respond similarly. A critical prediction of 
our hypothesis is that the relative biological age of flies un
der the A-type selection regime should appear “older” than 
flies under the C-type selection regime.

To test this hypothesis, we first trained age prediction 
models within each regime, resulting in an A-type clock 
and a C-type clock. Both clocks captured the monotonic in
crease in chronological age within each respective popula
tion, with accuracy R2 exceeding >0.77 (Fig. 5). In 
between-regime predictions, the C-type clock detected a 
chronological age increase for the A-type flies over time, 
however these age predictions were overestimated across 
all ages. Additionally, the C-type clock predicted an in
crease in the rate of aging of A-type flies relative to the pre
dicted aging rate of flies from the C-type regime (Fig. 5a). 
From a metabolomic perspective, the C-type flies “see” 
the A-type flies as both older and aging more quickly, pre
senting a metabolomic signal of accelerated biological 
aging in flies under the A-type selection regime.

Between-regime predictions using the A-type clock de
tected a chronological age increase for the C-type flies 
over time, however this prediction was underestimated 
across all ages. Additionally, the A-type clock predicted a 
decrease in the rate of aging of C-type flies relative to the 
predicted aging rate of flies from the A-type regime 
(Fig. 5b). From a metabolomic perspective, the A-type flies 
“see” the C-type flies as both younger and aging more 
slowly, presenting a metabolomic signal of slower biologic
al aging in flies under the C-type selection regime.

Table 1 Enriched pathways for clusters of metabolites with abundance patterns consistent with the accelerated aging phenotype

Cluster KEGG ID KEGG name p.score FDR

2 dme00040 Pentose and glucuronate interconversions 0.0221 0.0497
dme00760 Nicotinate and nicotinamide metabolism 0.0267 0.0497
dme00780 Biotin metabolism 0.0321 0.0497
dme00030 Pentose phosphate pathway 0.0366 0.0497

6 dme00910 Nitrogen metabolism 0.0018 0.0049
dme00100 Steroid biosynthesis 0.0023 0.0051
dme00981 Insect hormone biosynthesis 0.0038 0.0056

9 dme00970 Aminoacyl-tRNA biosynthesis 0.0006 0.0147
dme00290 Valine, leucine, and isoleucine biosynthesis 0.0017 0.0163
dme04980 Cobalamin transport and metabolism 0.014 0.0238
dme04330 Notch signaling pathway 0.0152 0.0253
dme03083 Polycomb repressive complex 0.0204 0.0274

10 dme00360 Phenylalanine metabolism 0.0007 0.0062
dme00982 Drug metabolism—cytochrome P450 0.0094 0.0144

22 dme00010 Glycolysis/gluconeogenesis 0.0001 0.0003
dme00030 Pentose phosphate pathway 0.0001 0.0003
dme00052 Galactose metabolism 0.0001 0.0003
dme03018 RNA degradation 0.0001 0.0003
dme00500 Starch and sucrose metabolism 0.0002 0.0004
dme00604 Glycosphingolipid biosynthesis—ganglio series 0.0013 0.0016
dme00051 Fructose and mannose metabolism 0.0016 0.0016
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Taken together, the differences in age predictions made 
by the within-regime clocks show that the metabolome is 
capturing a biological signal that is indicative of chrono
logical age, while the between-regime clocks show that 
the metabolome is also able to capture a signal indicative 
of the differences in biological age and aging observed at 
other phenotypic levels (e.g. Chippindale et al. 1997; 
Burke et al. 2016; Kezos et al. 2023). The A-type clock sug
gests an age-deceleration effect when applied to the meta
bolome of the longer-lived C-type populations and the 
C-type clock suggests an age acceleration effect when ap
plied to the shorter-lived A-type populations. Indeed, even 
the effects on the slopes are remarkably similar between 
the two between-regime models, both featuring a differ
ence in a 50% difference in slopes. This further suggests 
both consistency and reliability in the metabolome for the 
process of aging even across populations with different 
lifespans.

The A-type clock achieved an accuracy of R2 = 0.77 
when predicting age in the A-type, while utilizing only 
30.7% of 202 metabolites, and the C-type clock utilized 
only 11.4% to achieve even higher accuracy R2 = 0.87. 
Independently fit to two different data, the C-type and 
A-type clocks utilized predominantly nonintersecting meta
bolites, however they both included four intersecting meta
bolites (Fig. 6a, supplementary table S4, Supplementary 
Material online). While this number of intersecting metabo
lites is not more than expected by chance, the coefficients 
fit to these metabolites in both clocks were highly corre
lated, indicating a common axis of variation with age in 
the metabolome.

It is important to note that, while the metabolites identi
fied by the clock models shed light on the underlying metabo
lome variation related to age and to aging, elastic net and 
other regularized regression methods are designed in part 
to reduce the influence of co-linear predictors (Zou and 
Hastie 2005; Bujak et al. 2016). Because of this, the set of me
tabolites most influential in clock models may not include me
tabolites that share very similar age-related variation in 
abundance and so do not give a complete picture of 
age-associated metabolome variation in which collinearity is 
common (Avanesov et al. 2014; Lassen et al. 2023). In this 
light, we turn to a descriptive analysis of the metabolome 
variation and its convergence within regime to describe the 
patterns of variation under these selection regimes.

Objective 3: Characterizing Metabolite Abundance 
Patterns

Before we delve deeper into pathway analysis, we must first 
address the overall patterns of relative metabolite abun
dances across age and between populations under our two 
selection regimes. When evaluating the results of the linear 
mixed-effects models, it is important to take special note of 

the influence from the age × regime interaction term, as it 
helps to establish a perspective for subsequent analysis. 
Based on the results from the PCA (Fig. 3) and the clock mod
el predictions (Fig. 5), we see evidence of a large effect from 
the selection regime on the metabolome, as predicted age, 
and rate of aging differ by regime. As such, this led us to ex
pect to see this reflected in the LMM results as a high number 
of metabolites that are significant for the age × regime inter
action term, where many metabolites are contributing the ac
celerated aging phenotype of the A-type populations. 
However, we were surprised to find the opposite to be 
true, where relatively few metabolites were significant for 
the age × regime interaction term (14% of total metabolites) 
compared with the selection and age terms (55% each), sug
gesting that only a handful of metabolites may be driving the 
accelerated aging phenotype. With this in mind, we move 
forward with hierarchical clustering of metabolite abundance 
and pathway analysis to derive further insight into how small 
clusters of metabolites might drive these broader aging 
phenotypes.

To discuss the implications of the differences in metabol
ite abundance between selection regimes and across age, 
we must make assumptions about how metabolite abun
dances relate to the activity of specific metabolic pathways. 
For example, we could assume that an increased abun
dance of a metabolite indicates increased activity of the 
pathway that produces it. However, as metabolites are of
ten involved in multiple pathways—both as substrate and 
product—reality is likely more complex. Other factors like 
differences in age-specific feeding rates can also impact 
abundances in ways that confound the interpretation of 
abundances. We attempt to overcome this, in part, through 
the use of higher-level analyses such as hierarchical cluster
ing and enrichment analysis instead of making direct inter
pretations of individual metabolite abundances. As such, 
we primarily see the following work as hypothesis generat
ing for future studies (e.g. flux assays to test hypotheses 
about metabolite utilization and pathway activity).

The metabolite abundance patterns driving the clusters 
depicted in Fig. 7 are consistent with the prediction that 
the older C-type (70-d-old) and younger A-type (21, 28, 
and 35-d-old) flies would share similar patterns of abun
dance, revealing a metabolomic phenotype indicative of 
advanced or accelerated biological age (what we will refer 
to as the “aged phenotype”). This similarity in the metabo
lomes of old C-type and younger A-type flies is consistent 
with a broad array of age-related phenotypes shared by 
these two groups of flies, including high mortality rates 
(Fig. 2), as well as reduced egg viability (Chippindale et al. 
1997), stress resistance (Kezos et al. 2023), and lifetime fe
cundity (Burke et al. 2016). These clusters represent two 
distinct patterns that may help shed light on the mechan
isms underlying the accelerated aging phenotype of flies 
under the A-type selection regime.
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The first pattern, exhibited in clusters 9, 2, and 22 
(Fig. 7a, c, and d, respectively), includes metabolites with 
a lower abundance in flies with the aged phenotype, sug
gesting that pathways associated with these metabolites 
may be utilized less in these biologically older flies. 
Clusters 2 and 22 both show enrichment for several path
ways involved in carbohydrate metabolism, most notably 
the decrease in metabolites enriching the glycolysis and 
gluconeogenesis pathway in cluster 22 (Table 1). This de
creased abundance of metabolites involved in carbohydrate 
metabolism suggests a potential switch in metabolic sub
strates away from carbohydrates that are associated with 
the aged phenotype (Hoffman et al. 2014; Wang et al. 
2022). Along with the decrease in carbohydrate metabol
ism, we also see a decreased abundance of metabolites as
sociated with protein synthesis enriched in cluster 9, such as 
enrichment for aminoacyl-tRNA biosynthesis and the val
ine, leucine, and isoleucine biosynthesis pathway. The pat
tern of metabolite abundance in clusters 10 and 6 (Fig. 7b 
and e, respectively) includes metabolites with increased 
abundance in flies with the aged phenotype suggesting 
that pathways associated with these clusters may be uti
lized more in these biologically older flies. The top pathways 
enriched for these clusters include both phenylalanine and 
nitrogen metabolism (clusters 10 and 6, respectively; 
Table 1), both of which are employed in circumstances 
with low carbohydrate utilization (Heinrichsen et al. 2014; 
Kosakamoto et al. 2022).

In considering the decrease in metabolite abundances 
associated with glycolysis, gluconeogenesis, and protein 
synthesis pathways, alongside the increase in metabolite 
abundances associated with nitrogen metabolism path
ways, we propose that this is evidence of a shift away 
from carbohydrate metabolism toward amino acid metab
olism in flies with the aged phenotype. This pattern of 
age-related energy substrate use has been previously re
ported in Drosophila, where Wang et al. (2022) reported 
a decrease in carbohydrate use and an emphasis on serine 
and purine metabolism in aged flies. Additionally, Phillips 
et al. (2022) reported a reduction in both amino acid and 
carbohydrate abundances in 21-d-old A-type flies relative 
to C-type flies. Thus, the apparent shift we see reflected 
over the time course measured here could explain the initial 
observations of Phillips et al. (2022). While more work is 
needed to directly test for such a substrate switch, it seems 
likely that the earlier age of onset of this metabolomic 
change in A-types is driven by selection for early reproduc
tion. The accelerated development and heightened acute 
fecundity in flies from the A-type selection regime (Burke 
et al. 2016) may be driving an antagonistic pleiotropic ef
fect, where selection for carbohydrate utilization strategies 
that support rapid development and oviposition comes at 
the cost of an earlier shift away from this metabolic path
way, typically only seen in much older individuals, 

potentially contributing to the accelerated aging pheno
type (Hoffman et al. 2014; Wang et al. 2022).

Materials and Methods

Experimental Populations

All 20 D. melanogaster populations used in this study share 
a common origin, traced back to the large and outbred Ives 
(1970) population. Numerous populations have been de
rived from this wild-bred lineage, first by Michael Rose 
and Brian Charlesworth (Charlesworth 1980; Rose and 
Charlesworth 1980, 1981; Rose 1984) and then by genera
tions of the Rose Lab (e.g. Chippindale et al. 1997; Burke 
et al. 2016), to study the evolutionary theory of aging. All 
populations in this system are maintained at census sizes 
of ∼2,000 individuals in an attempt to keep them outbred. 
Based on past genomic studies, we know that there is 
abundant genetic variation in all populations even after 
many hundreds of generations of evolution (e.g. Phillips 
et al. 2016; Graves et al. 2017). Here, we focused on the 
A-type populations and their controls, the C-type popula
tions (Fig. 1b). A-type populations were maintained on a 
10-d generation cycle, whereas the C-type populations 
were maintained on a 28-d cycle. As a result of this differ
ence, the A-type populations exhibit accelerated develop
ment, reduced longevity, higher early life fecundity, and 
lower stress tolerances than the C-type populations 
(Burke et al. 2016; Kezos et al. 2023). There are two selec
tion histories within the A- and C-type populations, ACO/ 
AO and CO/nCO, respectively (see Fig. 1a). Each history is 
distinguished by the number of generations they have 
been under selection, with AO and nCO having been de
rived more recently than ACO and CO to test questions 
about evolutionary repeatability (see Burke et al. 2016; 
Graves et al. 2017). We know that populations from these 
selection histories that share the same selection regime 
have converged at several phenotypic levels and recent 
studies have treated them as replicates within each regime 
(A or C), based on phenotypic (Burke et al. 2016), genomic 
(Graves et al. 2017), and transcriptomic (Barter et al. 2019) 
studies. At the time of sampling for this project, the ACO 
and AO populations had ∼1,000 and ∼490 generations un
der selection, respectively, whereas the CO and nCO popu
lations had ∼415 and ∼160 generations, respectively. In all 
of the experiments described here, we include five historical 
replicate populations of each of the four experimental po
pulations (ACO, AO, CO, and nCO), that have been main
tained as independent lineages for the entirety of the 
generations under each selection regime.

Mortality Assays

Adult mortality assays were based on published protocols 
(Burke et al. 2016) which measured mortality in the same 
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five replicate populations of each of the four experimental 
populations such as ACO, AO, CO, and nCO. Prior to meas
urement, all of the experimental populations were main
tained on a 14-day culture cycle for two generations, 
staggered a day apart, to align the different treatments to 
a shared calendar and reduce the impact of 
gene-by-environment interaction. Each replicate was ex
panded into two cohorts (e.g. ACO1α and ACO1β) of 
∼1,500 flies, each in a Plexiglas cage, supplied with fresh 
banana-molasses based media (as described in Phillips et 
al. (2018)) each day with yeast solution to induce ovipos
ition once transferred on day 14 from the egg. Ambient 
temperature was maintained at ∼25 °C throughout. At 
the same time each day, all dead flies were removed from 
each cage to be sexed and logged until no living flies re
mained. Mortality data was pooled between the two co
horts for each population to give the total number of 
deaths per day of each population. Age-specific mortality 
(M ) was calculated as follows:

M =
nd − nd−1

nd−1 

where n equals the number of flies alive on a given day (d ), 
and d−1 represents the day prior. The Burke et al. (2016)
protocol was modified for this experiment to remove the 
use of carbon dioxide in condensing cohorts when census 
densities were sufficiently low. Instead, flies within cohorts 
remained in the same cage for the duration of the experi
ment, regardless of census density, and the inside of the 
cages was cleaned as needed to remove waste build-up.

Sample Collection

Samples were collected for metabolomics using protocols 
described by Phillips et al. (2022). A cage-cohort of 
∼1,500 flies was generated from each of the five replicate 
populations for ACO, AO, CO, and nCO and maintained on 
a 14-day culture cycle for two generations, staggered a day 
apart to mitigate the impact of gene-by-environment inter
actions. Cohorts were maintained in a Plexiglas cage and 
were fed fresh banana-molasses based media each day 
with yeast solution to induce oviposition. Concurrent to 
the mortality experiment, the five replicate cage-cohorts 
for each selection history were sampled for metabolomic 
extraction at multiple timepoints (9 d for A-type popula
tions, 21, 28, and 35 d for all populations, and 70 d for 
C-type populations). Metabolomic profiles are highly sexu
ally dimorphic within the Drosophila system (Hoffman et al. 
2014). In order to facilitate the large sample sizes and sam
pling timepoints needed, as well as to reduce the potential 
noise caused by using both sexes within pooled samples, 
we focused on females in our sampling effort. Each sample 
consisted of a pool of ∼50 female flies that were randomly 

drawn from each population per timepoint. An equivalent 
number of males were removed from populations for 
each sample to maintain population sex ratios. While meta
bolomic characterization can be done with far fewer than 
50 flies, the populations featured in this study are outbred 
and still harbor a great deal of genetic variation (see Graves 
et al. 2017). Using pool sizes of ∼50 flies was an attempt to 
capture and represent this variation. The pooled samples 
were immediately dry frozen in liquid nitrogen and stored 
at −80 °C prior to metabolite extraction. Due to decreased 
population sizes at late ages, two samples contained 
less than 50 flies: ACO1 day 35 (n = 25) and nCO4 day 70 
(n = 36). These populations were selected based on their 
generation cycle rather than the number of days since eclo
sion, so age is consistently referred to as the time since egg 
deposition throughout the manuscript.

The timepoints used in this study were informed by demo
graphic data and prior studies of flies under these regimes. 
Burke et al. (2016) and Barter et al. (2019) characterized 
mortality rates within the A-type and C-type regimes and 
they defined the “aging” or “nonaging” phases of their life
span. For the A-type regime, day 9 from oviposition repre
sents a uniquely nonaging phase of the accelerated lines, 
whereas day 21 shows the onset of a rapid aging phase 
(Fig. 2). Conversely, the C-type regimes were sampled in par
allel on days 21, 28, and 35, but were only expected to ex
hibit the aging phase starting at day 35 (Fig. 2).

Sample Preparation

Aqueous metabolites for targeted liquid chromatography– 
mass spectrometry (LC-MS) profiling of 80 fly samples were 
extracted using the previously described protein precipita
tion method (Meador et al. 2020; Kurup et al. 2021). 
Briefly, samples were homogenized in 200 µL purified 
deionized water at 4 °C, and then 800 µL of cold 
methanol containing 124 µM 6C13-glucose and 25.9 µM 

2C13-glutamate was added. Internal reference standards 
were added to the samples to monitor sample preparation. 
Next, samples were vortexed, incubated for 30 min at 
−20 °C, sonicated in an ice bath for 10 min, centrifuged 
for 15 min at 14,000 rpm at 4 °C, and then 600 µL of 
supernatant was collected from each sample. Lastly, recov
ered supernatants were dried on a SpeedVac and reconsti
tuted in 0.5 mL of LC-matching solvent containing 17.8 µM 

2C13-tyrosine and 39.2 3C13-lactate, and internal refer
ence standards were added to the reconstituting solvent 
to monitor LC-MS performance. Samples were transferred 
into LC vials and placed into a temperature-controlled auto
sampler for LC-MS analysis.

LC-MS Assay

Targeted LC-MS metabolite analysis was performed on a 
duplex-LC-MS system composed of two Shimadzu UPLC 
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pumps, CTC Analytics PAL HTC-xt temperature-controlled 
autosampler and AB Sciex 6500+ Triple Quadrupole MS 
equipped with ESI ionization source (Meador et al. 2020). 
UPLC pumps were connected to the autosampler in parallel 
and were able to perform two chromatography separations 
independently from each other. Each sample was injected 
twice on two identical analytical columns (Waters XBridge 
BEH Amide XP) performing separations in hydrophilic inter
action liquid chromatography mode. While one column 
was performing separation and MS data acquisition in 
ESI+ ionization mode, the other column was equilibrated 
for sample injection, chromatography separation and MS 
data acquisition in ESI− mode. Each chromatography sep
aration was 18 min (total analysis time per sample was 
36 min), and MS data acquisition was performed in 
multiple-reaction-monitoring mode. The LC-MS system 
was controlled using AB Sciex Analyst 1.6.3 software. The 
LC-MS assay targeted 361 metabolites and 4 spiked intern
al reference standards. Measured MS peaks were inte
grated using AB Sciex MultiQuant 3.0.3 software. Up to 
210 metabolites and 4 spiked standards were measured 
across the study set, and over 90% of measured metabo
lites were measured across all the samples. In addition to 
the study samples, two sets of quality control (QC) samples 
were used to monitor the assay performance and data re
producibility. One QC (QC[I]) was a pooled human serum 
sample used to monitor system performance, and the other 
QC (QC[S]) was pooled study samples, and were used to 
monitor data reproducibility. Each QC sample was injected 
for every 10 study samples. We assessed the reproducibility 
of the LC-MS using the coefficient of variation (CV) of each 
of the 202 metabolites among 10 technical replicates. The 
mean CV was 0.0044 with a range of 6 × 10−4 to 0.029 
(supplementary fig. S4, Supplementary Material online). 
Raw results from LC-MS can be found in supplementary 
table S1, Supplementary Material online.

Data Processing and Normalization

The LC-MS data was filtered and normalized prior to analysis. 
Any metabolites with missing values were removed from the 
data set, and relative peak areas for the remaining 202 meta
bolites were log-transformed to approximate a Gaussian dis
tribution. Next, within sample, metabolite data were 
mean-centered to account for sample-to-sample variation. 
Given that the LC-MS profiling was performed in three separ
ate batches over 3 d, we estimated the main effects of batch 
(B) on each metabolite and corrected for these batch effects 
by taking the residuals (ϵ) of the following linear model:

Metabolite = B + ε 

These residuals then constitute the normalized abun
dance measures for 202 metabolites across 80 fly 

samples (supplementary table S2, Supplementary Material
online).

Objective 1: Metabolomic Convergence Within 
Selection Regime

To test for divergence between recent and long-standing 
populations in the multivariate metabolome, we first con
ducted a PCA on the covariance matrix of normalized me
tabolite abundance using the prcomp R package. We 
then fit the fixed effects of age (as an ordered categorical 
factor), regime (A-type or C-type), history (either recent or 
long-standing), their interactions, and a random effect of 
replicate on the eigenvalues of each of the first 12 PCs 
(PCx) by ordinary least squares in the lme4 R package 
(Bates et al. 2015).

PCx ∼ α + age × regime × history + 1|replicate + ε 

This analysis was limited to the most directly comparable 
data between regimes, those from days 21, 28, and 35. 
As a liberal test for divergence, a result that is contrary to 
our hypothesis, we simply ask if there was either a regime ×  
history interaction effect, or a regime × history × age effect 
on any of the first 12 PCs at a P-value of <0.05, without ad
justing for the 12 tests (each of PCs 1 to 12).

To test the potential of the metabolome of long- 
standing populations to predict selection regime in the re
cently derived populations, we trained a partial 
least-squares model to predict regime with the data from 
the long-standing populations, by 5-fold cross-validation 
(CV) in the caret R package. This model was then used to 
predict regime among the samples of the more recent po
pulations. In both training and prediction, only the data 
from days 21, 28, and 35 were used. The accuracies of 
the model on the training data (long-standing), and on 
the held-out data from the recent populations, were as
sessed by a receiver operating characteristic (ROC) curve.

Objective 2: Metabolomic Clocks and the Effect of 
Selection Regime

Elastic Net Regression Models and Analysis

We used two approaches to generate predicted ages for 
the flies based on the metabolome data, both of which 
needed a different approach to, in all cases, avoid age pre
dictions for biological replicates that were part of the model 
training data. The first approach, whose goal was to gener
ate within-regime predictions, required clocks trained and 
then tested on data from the same regime. The second ap
proach, whose goal was to generate regime-specific 
models only to then predict ages for the opposite regime. 
These later clocks we refer to as between-regime. 
The day 9 A-type samples were withheld from these ana
lyses, as results from the PCA (supplementary fig. S2, 
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Supplementary Material online) indicate a difference in the 
metabolomic profile that we believe is consistent with pre
vious findings suggesting that the large metabolomic dif
ference is primarily driven by the post-eclosion status of 
these samples, which is likely to override the aging signal 
of interest, as this status is unique to these samples and 
has no representative in the C-type samples (Erkosar et al. 
2024).

Within-regime Prediction. For the within-regime predic
tions, we used an iterative leave-one-replicate-out (LORO) 
strategy on each regime separately. At each iteration of 
the LORO procedure, all samples from one replicate were 
withheld. This left 36 C-type samples for training the 
within-regime C-type clocks and n = 28 A-type samples 
for the within-regime A-type clocks. This was done to avoid 
analysis of age predictions on biological replicates that 
were also present in the training data. See supplementary 
fig. S5, Supplementary Material online for an example of 
this phenomenon where the training data has an R2 pre
dictive accuracy of 0.997 while the test data has an R2 pre
dictive accuracy of 0.832. At each iteration, 5-fold CV 
elastic net models were trained in the glmnet package 
(Friedman et al. 2023) in R (R Core Team 2023), to predict 
age using the metabolome data of the remaining nine repli
cates. The predictions from training were not used in the fi
nal analysis, only to tune the model during the 5-fold CV. 
During model training, the elastic net penalty parameters 
L1 and L2 were selected from the default tuning grid in 
glmnet as those that gave the lowest root mean squared er
ror (RMSE). The model from each LORO iteration was then 
used to predict the ages of the held-out replicate, and these 
predictions were used in the clock analysis presented in the 
main text. This procedure was repeated until all replicates 
had age predictions from a model that was trained on the 
data from the remaining replicates within the same regime.

Between-regime Prediction. For the between-regime 
predictions, 5-fold CV elastic net models were trained on 
all data (n = 40 C-type samples and n = 36 A-type samples) 
and ages within each regime. The between-regime predic
tions that were analyzed in the main text were then made 
by the between-regime clock predicting the ages of the op
posite regime. So, together, the within-regime and 
between-regime strategies resulted in predictions made 
on data that were not a part of model training.

To compare the feature importance in the between- 
regime A-type and C-type clocks, we used the coefficients 
(β) fit to each metabolite in the respective clock models. For 
both clocks, the elastic net penalty L1 at the lowest RMSE 
was >0, and so some metabolites have β = 0 and are not 
features in the respective clocks.

We tested the accuracy of the within-regime predictions 
with the coefficient of determination, R2 (Kvalseth 1985; 

Alexander et al. 2015). Where yi (i = 1, …, n) are the ages 
of the test set, and 􏽢yi are the predicted ages. yi is the 
mean of yi, then R2 is calculated as:

R2(y, ŷ) = 1 −
􏽐n

i=1 (yi −􏽢yi)
2

􏽐n
i=1 (yi − yi)

2 

where an R2 closer to 1 represents a better-fitting model.
To test our hypothesis that between-regime predictions 

will reflect differences in the apparent rate of aging within 
the metabolome, we used a linear model to compare the 
relationship between ages predicted from the within- 
regime model over actual age, to the predictions from the 
between-regime model over age:

predicted age ∼α + β1 age + β2 regime + β3 age

× regime + ε 

where α is the intercept of the within-regime model, β1 is 
the slope of within-regime predictions over age, β2 is the ef
fect of between-regime prediction on the intercept, and β3 

is the difference in slopes of the between-regime and the 
within-regime models.

Objective 3: Metabolomic Trajectories of Rapid Aging

Metabolomic Differentiation Between Selection 
Regimes

An LMM was used to compare the metabolite levels be
tween populations under different selection regimes, either 
A-type or C-type, over time to test for the effects of selec
tion, age, and the interaction between selection and age on 
the normalized abundance data:

Metabolite = μ + Sel + Age + (Sel × Age) + Rep + ε 

where selection regime (Sel) and age from egg (Age) were 
treated as fixed effects and replicate population (Rep) a ran
dom effect. The day 9 A-type samples were also withheld 
from this analysis, as we believe that the large metabolomic 
difference present for this group of samples is primarily dri
ven by the post-eclosion status of these samples, which is 
likely to override the aging signal of interest and has no 
equivalent in the C-type samples. We corrected for false 
discovery using Benjamini and Hochberg (1995) approach 
with a corrected significance threshold of FDR < 0.01. 
This model was compared to a larger model that accounted 
for differences between the long-standing populations, 
and the more recently derived populations (e.g. ACO, 
AO, etc.), using the Akaike information criterion (AIC). 
However, adding this term did not improve the fit of the 
model (see supplementary table S8, Supplementary 
Material online for results). The results of the LMM were 

Selection for Early Reproduction Leads to Metabolic Remodeling                                                                                      GBE

Genome Biol. Evol. 17(5) https://doi.org/10.1093/gbe/evaf082 Advance Access publication 6 May 2025                                        15 

http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf082#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf082#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf082#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf082#supplementary-data
http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evaf082#supplementary-data


visualized as an UpSet plot made using the UpSetR package 
(1.4.0) in R (Conway et al. 2017). The UpSet plot depicts the 
number of metabolites that were significant for each of the 
regression terms (FDR < 0.01), as well as the number of sig
nificant metabolites shared between any combination of 
the terms.

Characterizing Metabolite Abundance Patterns

To characterize metabolite abundance patterns associated 
with the accelerated aging phenotype observed from the 
A-type selection regime, we compared normalized metab
olite abundance patterns for different age classes between 
selection regimes. We calculated the mean normalized 
abundance of each of the 202 metabolites detected at 
each age within each selection regime (supplementary 
table S9, Supplementary Material online). We then used 
the pheatmap package in R (Kolde 2022) to generate a 
heatmap with hierarchical clustering based on the 
Euclidean distance and complete linkage to organize both 
rows (metabolites) and columns (selection regime and 
age) by similarity in the patterns of metabolite abundance. 
To determine the optimal number of clusters, we per
formed K-means clustering for a range of K values (1 to 
200), calculating the total within-cluster sum of squares 
(WSS) for each K using 25 initializations. The difference be
tween consecutive WSS values was calculated to assess the 
rate of change, and the second derivative of the WSS was 
computed by calculating the difference between consecu
tive differences. The optimal K (K = 25) was identified as 
the value corresponding to the largest second derivative, 
which signifies the “elbow” of the curve, indicating that 
the point where increasing K no longer substantially re
duces the WSS (supplementary fig. S6, Supplementary 
Material online).

The functional enrichment of KEGG network nodes by 
the metabolites in each cluster that contained at least 
four metabolites with KEGG IDs was assessed using the net
work diffusion method in the FELLA package in R 
(Picart-Armada et al. 2018). We ran 105 permutations to 
derive an empirical P-value (p.score) and pathways that 
were significant (FDR <0.05) were ranked by p.score within 
each cluster to identify candidate pathways whose activity 
could explain the metabolite variation in each cluster 
(supplementary table S7, Supplementary Material online).

Supplementary Material
Supplementary material is available at Genome Biology and 
Evolution online.
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