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Abstract 31 

Experimental evolution studies that feature selection on life-history characters are a 32 

proven approach for studying the evolution of aging and variation in rates of senescence. 33 

Recently, the incorporation of genomic and transcriptomic approaches into this framework has 34 

led to the identification of hundreds of genes associated with different aging patterns. However, 35 

our understanding of the specific molecular mechanisms underlying these aging patterns 36 

remains limited. Here, we incorporated extensive metabolomic profiling into this framework to 37 

generate mechanistic insights into aging patterns in Drosophila melanogaster. Specifically, we 38 

characterized metabolomic change over adult lifespan in populations of D. melanogaster where 39 

selection for early reproduction has led to an accelerated aging phenotype relative to their 40 

controls. Using these data we: i) evaluated evolutionary repeatability across the metabolome; ii) 41 

assessed the value of the metabolome as a predictor of “biological age” in this system; and iii) 42 

identified specific metabolites associated with accelerated aging. Generally, our findings 43 

suggest that selection for early reproduction resulted in highly repeatable alterations to the 44 

metabolome and the metabolome itself is a reliable predictor of “biological age”. Specifically, we 45 

find clusters of metabolites that are associated with the different rates of senescence observed 46 

between our accelerated aging population and their controls, adding new insights into the 47 

metabolites that may be driving the accelerated aging phenotype.   48 
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Significance 49 

While experimental evolution studies featuring Drosophila melanogaster have generated 50 

significant insights into the forces that shape aging and life history patterns, more recent efforts 51 

incorporating genomic and transcriptomic data have had comparatively little success identifying 52 

the molecular mechanisms underlying these patterns. Here we work to incorporate molecular 53 

phenotyping into this general framework as a way forward. Specifically, we characterize how the 54 

metabolome changes with age in populations of D. melanogaster where hundreds of 55 

generations of selection for early reproduction have led to enrichment for an accelerated aging 56 

phenotype. By comparing to control populations, we show that the metabolome does appear to 57 

capture true signals of “biological age” and provides a new avenue for understanding the factors 58 

that underlie complex trait variation in real populations.  59 
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Introduction 60 

Experimental evolution studies using Drosophila melanogaster populations have been a 61 

continual source of insight into the factors that underlie differences in longevity and rates of 62 

senescence between individuals. As predicted by the evolutionary theory of aging, selection for 63 

early reproduction reliably produces populations enriched for individuals that develop quickly 64 

and die young, whereas selection for postponed reproduction has the opposite effect (Rose 65 

1984; Luckinbill et al. 1984; Chippindale 1997; Rose et al. 2010). Studying these populations 66 

has in turn generated many novel insights into the physiological trade-offs associated with 67 

different rates of senescence. For instance, while populations selected for early reproduction 68 

develop quickly and have high early life fecundity, they also exhibit reductions in egg viability 69 

(Chippindale et al. 1997), stress resistance (Kezos et al. 2023), lifetime fecundity, and lifespan 70 

(Burke et al. 2016). The goal of the current project is to build on this work to better understand 71 

the molecular underpinnings of this “accelerated aging” phenotype.  72 

Over the past decade, the combination of experimental evolution and next-generation 73 

sequencing technologies has emerged as a powerful tool for studying the genetics of complex 74 

traits. Major findings from studies that analyze quantitative traits, such as longevity, stress 75 

resistance, and body size, have consistently shown that the underlying genetic architecture is 76 

complex, often involving hundreds of genes (e.g. Burke et al. 2010; Turner et al. 2011; Fabian et 77 

al. 2018; Tobler et al. 2015; Barter et al. 2019; Kezos et al. 2019). Studies have also found that 78 

many of these traits may involve genes with significant pleiotropic interactions (Greenspan et al. 79 

2024), and suggest genetic redundancy is a common feature of complex trait genetic 80 

architecture (Hardy et al. 2018; Barghi et al. 2019). Because of this inherent complexity, direct 81 

insights into the molecular mechanisms underlying trait variation have been modest. With 82 

respect to aging and longevity, functional conclusions are largely limited to enrichment for gene 83 

ontology terms broadly related to neurological development, immune function, and metabolism 84 

(Carnes et al. 2015; Fabian et al. 2018, Barter et al. 2019). In an effort to move beyond the 85 

finding that complex traits are highly polygenic, some have turned to metabolomics as a path 86 

forward (e.g. Phillips et al. 2022; Cavigliasso et al. 2023).  87 

Metabolomics involves the profiling of metabolites, molecules <2000 Da, collectively 88 

referred to as the metabolome. Because metabolites constitute the functional and energetic 89 

building blocks of all life, metabolomics provides a potential link between genotype and 90 

phenotype (Harrison et al. 2020).  Among the -omic layers of systems biology (e.g. 91 

transcriptome, proteome, etc.) the metabolome is thought to closely reflect organismal 92 
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phenotypes (Dettmer et al. 2007; Hoffman et al. 2014). While genomic, transcriptomic, and 93 

proteomic signals can be complicated by epigenetic and posttranslational modifications, it is 94 

thought that the downstream positionality of the metabolome provides a marker more 95 

representative of the observed phenotype (Patti et al. 2012). The metabolome of flies is highly 96 

dynamic with age and is sensitive to effects on longevity from environmental conditions, genetic 97 

variation, and pharmacological interventions (Avanesov et al. 2014; Hoffman et al. 2014; Laye et 98 

al. 2015; Jin et al. 2020; Phillips et al. 2022; Wang et al. 2022). In light of this, recent efforts 99 

have been made to include metabolomic phenotyping into the evolutionary biology framework 100 

(Harrison et al. 2022; Phillips et al. 2022; Erkosar et al. 2024). 101 

With respect to characterizing age sensitive effects, Zhao et al. (2022) recently used 102 

metabolomic data to build a multivariate age-prediction model colloquially referred to as a 103 

“metabolomic clock”. As with other -omic clocks such as epigenetic clocks, the age prediction is 104 

not fully accurate (Rutledge et al. 2022; Parrott and Bertucci 2019). Indeed, the deviation of the 105 

age prediction from the fly metabolome clock from chronological age of the sampled flies, the 106 

flies so-called ‘age acceleration’, correlated with mortality rate and the remaining life expectancy 107 

of isogenic flies (Zhao et al., 2022). That is, fly strains whose predicted age was younger than 108 

their chronological age tended to live longer than flies whose predicted age was greater than 109 

their chronological age. Thus, the metabolome clock connects patterns of age in the 110 

metabolome to the rise in mortality risk that defines biological aging. Using clock models could 111 

provide insight into the molecules associated with the relative pace of chronological and 112 

biological age, where the former is simply a measure of the passing of time, and the latter is a 113 

relative measure of senescence (Jylhävä et al. 2017). In an experimental evolution context, 114 

such clock models could allow us to test hypotheses about the aging patterns that result from 115 

selection on life history (Parrott and Bertucci 2019). 116 

Here, we applied metabolomic analysis to a set of ten replicate fruit fly populations 117 

where hundreds of generations of selection for early reproduction (Figure 1) has led to 118 

enrichment for an accelerated aging phenotype where flies develop quickly and die young 119 

relative to controls. This accelerated aging phenotype presents as a disconnect between 120 

chronological and biological age when compared to the ancestral population. Previous work in 121 

this system has consistently demonstrated the evolutionary repeatability of this accelerated 122 

aging signal with high levels of genomic (Graves et al. 2017), transcriptomic, (Barter et al. 123 

2019), and phenotypic convergence (Burke et al. 2016; Kezos et al. 2023) between newly 124 

derived and long-standing populations subjected to the same selection regime. This rapid 125 
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convergence has been attributed to the hypothesis that adaptation in these populations is 126 

primarily fueled by shifts in common genetic variants present in the ancestral population that this 127 

system was derived from.   128 

In Phillips et al. (2022), we compared metabolomic differentiation patterns between 129 

samples of 21-day-old flies (age from egg) from the accelerated aging (A-type) populations and 130 

their controls (C-type) and found evidence of altered tricarboxylic acid (TCA) cycle activity, 131 

carbohydrate metabolism, and neurological function in the A-type populations. Because age-132 

specific mortality rates are known to greatly diverge between the fly populations by day 21, we 133 

concluded that the observed differences in metabolic activity were a potential driver of the aging 134 

and longevity differences observed between the selection regimes. One possibility is that these 135 

differences were due to metabolic remodeling, similar to the differences between reproductive 136 

and non-reproductive flies (Koliada et al. 2020; Rodrigues et al. 2023). Such remodeling in the 137 

A-type populations could meet energetic and nutritional demands associated with fast 138 

development and early reproduction and come at the expense of somatic maintenance. 139 

However, our ability to make a definitive statement was limited as Phillips et al. (2022) included 140 

only a single age class and did not establish if this metabolomic difference reflected a difference 141 

in biological aging. In the present study, we seek to remedy this shortcoming and derive even 142 

deeper mechanistic insights by testing for accelerated biological age and characterizing how 143 

metabolomic profiles change over time in the A and C-type regimes by sampling at multiple age 144 

classes (Figure 2).  145 

We hypothesize that the metabolome is connected to the physiological tradeoffs that 146 

accompany adaptation to the A-type selection regime. If true, we predicted that i) metabolomic 147 

profiles should rapidly converge for populations subjected to the same selective pressures, ii) a 148 

metabolomic clock should not only capture signals of chronological age, but also reflect 149 

differences in biological age associated with the response to different selective pressures, and 150 

iii) characterization of metabolite abundance over time should reveal specific metabolites 151 

associated with the accelerated aging phenotype in flies under the A-type selection regime, 152 

potentially providing mechanistic insights.     153 

To test these predictions and further explore the data, we had three primary objectives:   154 

Objective 1) To test our first predictions, we compared the metabolomes of long-standing 155 

and recently derived populations subjected to the same selection regime to evaluate levels of 156 

metabolomic convergence between them. If the known life history trade-offs that characterize 157 
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the response to this selection in this system have a clear signal in the metabolome, newly 158 

derived and long-standing populations should show a high degree of metabolomic convergence 159 

within each respective regime. 160 

Objective 2) To test our second prediction, we created separate metabolomic clocks 161 

using data from A or C-type regimes. As with previous studies, we expect that these models will 162 

capture signals associated with age. In other studies, the deviation of the clock’s prediction from 163 

the chronological age of the sampled flies reflected mortality risk within the studied population. 164 

In this setting however, we use such age acceleration to test our hypothesis about the relative 165 

biological ages of flies from these two regimes. We expect that, relative to the metabolome of 166 

the C-type populations, the A-type population metabolome will appear ‘older’. Similarly, we 167 

predict that a clock model based on the metabolome of the A-type populations will predict 168 

younger biological age for the metabolome of the C-type populations.  169 

Objective 3) To test our third prediction, we assessed the similarity of the metabolome of 170 

all samples by hierarchical clustering. We expect that an accelerated aging phenotype will be 171 

represented in the metabolome via the presence of clusters of metabolites whose abundance 172 

shows greater similarity between the old C-type and the younger A-type populations. We then 173 

use these clustered metabolites to generate insights into the metabolic mechanisms underlying 174 

the accelerated aging phenotype observed in flies from the A-type regime. 175 

 176 

 177 

Results 178 

Metabolomic profiling 179 

Targeted metabolomic profiling included a panel of 361 target metabolites, 210 of which 180 

were detected during LC-MS profiling, with 202 including values for all samples (see Table S1 181 

for full details). Metabolite abundance values were normalized (Methods) for further analyses 182 

(Table S2). 183 

A preliminary principal components analysis was conducted to look for general clustering 184 

by selection regime, age, and selection history (Figure S1). The common ages sampled for both 185 

the A-type and C-type populations (21, 28, and 35 days from egg) showed separation along 186 

both the PC1 and PC2 axes. The 9-day-old samples from A-type populations clustered 187 

.CC-BY-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 11, 2025. ; https://doi.org/10.1101/2024.06.28.601037doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.28.601037
http://creativecommons.org/licenses/by-nd/4.0/


 8

separately from all other samples along both PC axes, showing a greater degree of 188 

differentiation for these samples than the rest. This striking difference in metabolomic profile of 189 

the 9-day-old samples is likely due to the residual effects of recent eclosion (<24 hours), which 190 

can have large, short-term impacts on energy reserves (Erkosar et al. 2024). The 70-day-old 191 

samples from C-type populations were the only samples that clustered more closely with the 192 

opposing selection type, showing overlap with samples from the A-type populations at ages 28- 193 

and 35-days-old. Samples from the common ages (21, 28, and 35 days) clustered within 194 

selection regime, with some separation by age within their respective selection regimes. These 195 

patterns were consistent when selection history (recently derived or long-standing) was factored 196 

(Figure S1). 197 

 198 

Objective 1: Metabolomic Convergence Within Selection Regime 199 

Because of the intimate connection between metabolome and physiology, we 200 

hypothesize that the among-regime convergence in mortality among the more-recently derived 201 

and the long-standing selection lines is paralleled by convergence in their metabolome. We 202 

tested convergence among the metabolome of more-recently derived and the long-standing 203 

populations in two ways, both of which test for divergence of the metabolome. In this way, we 204 

are asking if the metabolome of recent and long-standing populations subject to the same 205 

selection regime differ significantly. Such effects would be contrary to our hypothesis. First, by 206 

testing for effects of selection history (recent v. long-standing) within each regime on the 207 

multivariate metabolome, and second, by testing the accuracy of predictive models trained on 208 

the metabolome of long-standing populations to predict the regime of more recently derived 209 

populations based on their metabolome. 210 

We used principal components analysis to reduce the dimensionality of the metabolome 211 

data from on the 21-, 28- and 35-day from egg timepoints on which samples from both regimes 212 

A and C were sampled (Table S3). Among the first four PCs, which together explain 60.6% of 213 

the variance, PCs 1 and 3 showed strong regime-dependent effects of age, while PCs 2 and 4 214 

were patterned by age, and PC3 by main effects of regime (ANOVA P<5% after Bonferroni 215 

correction, Methods, Figure 3). We tested for divergence on the multivariate metabolome as 216 

interaction effects of history within regimes. We found no evidence of regime x history 217 

interaction on any of the PCs, either as main effects on the PC (PC ~ regime x history), or on 218 

the trajectory of PCs over age (PC ~ regime x history x age; P>5%, Figure 3, Methods). 219 
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We then tested the accuracy of a supervised multivariate predictive model trained on 220 

only the metabolome data of the long-standing populations collected on days 21, 28 and 35 221 

(Methods). This model had an accuracy in predicting the regime of >95% on the training data 222 

from long-standing populations (Figure 4A), whereas on the held-out data from more recently 223 

derived populations, the model predicted regime perfectly (Figure 4B). Failing to distinguish the 224 

metabolome of recent and long-standing populations along any of the PCs and the high 225 

accuracy of discrimination models on the recently derived metabolome suggest that the 226 

metabolome has converged by regime among the recently derived populations.   227 

 228 

Objective 2: Metabolomic Clocks and the Effect of Selection Regime 229 

Consistent with other phenotypes, we hypothesize that the metabolome will also serve 230 

as a predictive phenotype for both chronological and biological age. We expect that, if there is a 231 

detectable selection driven alteration to the metabolome, then the A-type populations will appear 232 

older relative to the C-type populations of the same chronological age. To test for the signal of 233 

aging in the metabolome, we constructed metabolomic “clocks” trained on metabolite 234 

abundance patterns specific to each selection regime, then used those clocks to predict the age 235 

of samples both within, and between regimes (Methods). To maintain relevant comparisons 236 

across all major analyses, data from the 9-day-old A-type samples were withheld when training 237 

and testing the clock models due to the unique developmental state of these samples, for which 238 

we do not have an equivalent in the C-type samples.  239 

Metabolomic Clock Results 240 

We first evaluated the relationship between the metabolome and age within the A-type 241 

and the C-type populations using within-regime elastic net regression models (clocks, Methods). 242 

The within-regime clocks of the C-type and A-type both accurately predicted the age of flies in 243 

their respective regimes, with an R2 of 0.87 and 0.77 respectively (Figure 5). To test hypotheses 244 

about the differences in biological age, or the pace of aging in response to selection, we turned 245 

to between-regime metabolomic clocks (Methods). We fit a linear model to the effect of age on 246 

the predicted ages of within and between-regime clocks. Specifically, we test for both age-247 

independent differences in the clock predictions (β2), which would be expected if selection has 248 

led to differences in the apparent age of the metabolome regardless of age, as well as age-249 
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dependent differences (β3), which might reflect differences in the apparent pace of aging in 250 

response to selection. 251 

We begin by comparing the effect of age on predicted ages made by the C-type clock, 252 

when applied to the A-type metabolome, to predictions of the C-type clock on the C-type 253 

metabolome (Methods, Figure 5A). The ages predicted from the A-type metabolome by the C-254 

type clock did not differ in intercept (β2 = 6.87, p = 0.25), but had a greater slope than the within-255 

regime predictions of the C-type (β3 = 0.53, p = 9.3x10-3). These results suggest that, as 256 

estimated by the C-type clock, the A-type metabolome shows a faster rate of aging than 257 

expected by its chronological age. 258 

We then used the A-type clock to predict age in C-type flies and the same linear model 259 

framework to test for effects of selection regime on aging in the metabolome (Figure 5B). The A-260 

type clock predicted ages from the C-type metabolome that changed more slowly over 261 

chronological age than those of the A type (β3 = -0.45, p = 1.5x10-6). The y-intercept of predicted 262 

age of the C-type was higher than that of the predictions on the A-type (β2 = 6.89, p = 8.38x10-263 
3). However, the predicted ages of C-type samples from the A-type clock were lower than both 264 

their chronological age and the predicted age of A-type samples of the same chronological age 265 

(Figure 5B). These results suggest that, as estimated by the A-type clock, the C-type 266 

metabolome appears to age at a slower rate than the A-type metabolome.  267 

The A-type and C-type clocks make different age predictions on metabolome data from 268 

the two regimes sampled at the same chronological age. And yet, regardless of regime, the two 269 

clocks predict increasing biological age as chronological age increases. We considered two 270 

possibilities, one, that the two clocks are primarily utilizing variation in the same subset of 271 

metabolites within either regime to make age predictions. Alternatively, the A- and C-type clocks 272 

could gain predictive power from two different sets of metabolites as they vary with age within-273 

regime.  To distinguish these two possibilities, we examined the coefficients fit to each 274 

metabolite within both clocks. 275 

Both clocks used an elastic net penalty L1>0, and so at least some metabolites were 276 

given no importance. This left 62 metabolites selected as model features for the A-type clock, 277 

and 23 metabolites as model features for the C-type clock (Table S4). Of these features, four 278 

metabolites were common to both clocks. An intersection of four metabolites does not indicate 279 

enrichment of metabolites among the two clocks (Fisher’s test, odds ratio=0.44, P=0.16).  280 

However, the coefficients for the four metabolites common to both clocks were highly correlated 281 
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(Pearson’s ρ=0.97, P=0.035, Figure 6A). In comparison to the importance (β) of the metabolites 282 

specific to the C-type or A-type clocks, the four common metabolites were not significantly more 283 

or less important within either clock (Wilcoxon’s test W≤155, P≥0.27, Figure 6B).   284 

 285 

Objective 3: Metabolomic Trajectories of Rapid Aging 286 

To characterize the metabolomic trajectories associated with aging in the populations 287 

under the A and C-type selection regimes, we used a multifaceted approach to reveal age and 288 

regime specific patterns of metabolite abundance.    289 

First, a linear mixed-effects model (LMM) approach was used to characterize specific 290 

patterns of metabolite differentiation (Table S5). Again, we did not include the 9-day-old A-type 291 

samples for this analysis due to the unique developmental stage of these samples. Of the 202 292 

metabolites in our data set, a total of 157 unique metabolites were identified as significant for at 293 

least one term (FDR <0.01) (Figure 7). The selection and age terms explained most of the 294 

difference in the metabolome, accounting for 111 and 112 of the 157 significant metabolites 295 

respectively. Both terms consisted of 36 metabolites unique to each term and shared 56 296 

additional metabolites between them. The interaction term accounted for 29 of the significant 297 

metabolites, with only 7 metabolites unique to the term.  298 

Characterizing Metabolite Abundance Patterns 299 

Next, we generated a heatmap that included the means of normalized values for each 300 

age and selection regime for the 202 metabolites detected in all samples (Table S2). 301 

Hierarchical clustering based on columns (representing selection regime and age in days) 302 

resulted in clusters that are consistent with the earlier PCA (Figure S1), where A-type age 9 303 

samples clustered independently, the matched ages (21, 28, and 35 days) clustered within 304 

regime but not across regimes, and the C-type age 70 samples clustered more closely with the 305 

matched age samples from the A-type regime than the rest of the C-type samples (Figure S2). 306 

Hierarchical clustering of rows (mean metabolite abundance) revealed 25 clusters, five of which 307 

exhibited a pattern where A-type samples (aged 21, 28, 35 days) and the oldest C-type samples 308 

(aged 70 days) have metabolite abundance patterns more similar to each other than to the 309 

younger C-type samples. This pattern is consistent with the general accelerated aging 310 

phenotype observed in the A-type populations, potentially indicating an “aged phenotype” 311 

represented in the metabolome. To highlight this pattern, we used the subset of metabolites 312 
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included in these five clusters to generate a set of reduced heatmaps, where column clustering 313 

was maintained from the full heatmap, and rows were allowed to cluster based on the subset 314 

data, both resulting in dendrograms consistent with the larger heatmap (Figure 8). These 315 

clusters generally represent either metabolites with higher abundance in the samples with an 316 

aged phenotype (clusters 6 and 10), or lower abundance in samples with an aged phenotype 317 

(clusters 2, 9, and 22) relative to the younger C-type samples. These clusters contained a total 318 

of 68 of the 202 metabolites assayed (Full list of metabolites by cluster can be found in Figure 319 

S2). When compared to the LMM results, all clusters contained at least one metabolite that was 320 

significant (FDR < 0.01) for at least one term from the LMM (either selection, age, or the 321 

interaction between the two), representing an average of 85.3 % (range 25 – 100 %) of the 322 

metabolites in each cluster significant for at least one term (Table 1).   323 

Finally, cluster-specific functional enrichment analysis (FELLA) revealed 86 enriched 324 

pathways (FDR < 0.05) across the 15 clusters that contained at least four metabolites with 325 

KEGG annotation (Table S6). Among the five clusters representing the accelerated aging 326 

phenotype, 21 enriched pathways were discovered (Table 2). These 21 enriched pathways were 327 

involved primarily in carbohydrate metabolism (clusters 2 and 22), nitrogen metabolism (clusters 328 

6 and 10), and growth and development (clusters 6 and 9), suggesting that these metabolites 329 

may play an underlying role in the different rates of development and aging we see in this 330 

system.  331 

Discussion 332 

Objective 1: Metabolomic Convergence Within Selection Regime 333 

Adaptation in response to selection on reproductive timing in this system is associated 334 

with a number of physiological and developmental tradeoffs with complex genetic 335 

underpinnings. Because the metabolome constitutes the functional building blocks, and 336 

energetic currency of cells, we hypothesize that the physiological tradeoffs associated with the 337 

accelerated aging phenotype of A-type flies would be reflected in the abundances of 338 

metabolites. Alternatively, the metabolome could be associated with a wide variety of traits, only 339 

some of which are involved in the accelerated development or reduced longevity that evolve 340 

under these regimes. If our hypothesis is true, then we expect that populations under the same 341 

selection regime will show evidence of convergence within the metabolome, even in more 342 

recently selected populations. To test this prediction, we compared the metabolomes of 343 
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populations from recently derived and long-standing histories under the same selection regime. 344 

We found that the metabolomes of recently derived and longstanding populations did not differ 345 

within either the A- and C-type selection regimes. This was evident by both a lack of 346 

metabolomic divergence between long standing and more recent selection within each regime, 347 

and by the high accuracy of multivariate model predictions, regardless of the number of 348 

generations under selection. These results are consistent with metabolomic convergence within 349 

selection regimes and indicate that the metabolome is a reproducible biomarker of the 350 

underlying physiological responses to selection. 351 

Objective 2: Metabolomic Clocks and the Effect of Selection Regime 352 

The dynamics of the metabolome over the lifespan of the fly have been used to connect 353 

advancing chronological age to the rise in mortality risk that defines biological aging (Zhao et al. 354 

2022). Multivariate age prediction models (clocks), particularly epigenetic clocks, have been 355 

used to predict age across species (Meyer and Schumacher 2024; Lu et al. 2023). The use of 356 

clock models to understand the evolutionary process however is just beginning (Parrott and 357 

Bertucci 2019). Here we apply clock models of the metabolome to test our hypothesis that the 358 

rapid response to selection for early life reproduction is associated with the same underlying 359 

aging processes that are reflected in the metabolome. If true, the response to selection seen in 360 

the metabolome likely reflects shifts in physiological processes that are a part of normal aging in 361 

the ancestral population. If the rapid and repeatable shifts in allele frequency (Graves et al. 362 

2017), and both transcriptomic (Barter et al. 2019) and phenotypic (Burke et al. 2016; Kezos et 363 

al. 2023) convergence are an indication of selection acting on common physiological 364 

mechanisms, then the components of the metabolome most closely tied to aging physiology 365 

should respond similarly. A critical prediction of our hypothesis is that the relative biological age 366 

of flies under the A-type selection regime should appear ‘older’ than flies under the C-type 367 

selection regime. 368 

To test this hypothesis, we first trained age prediction models within each regime, 369 

resulting in an A-type clock and C-type clock. Both clocks captured the monotonic increase in 370 

chronological age within each respective population, with accuracy R2 exceeding >0.77 (Figure 371 

5). In between-regime predictions, the C-type clock detected a chronological age increase for 372 

the A-type flies over time, however these age predictions were overestimated across all ages. 373 

Additionally, the C-type clock predicted an increase in the rate of aging of A-type flies relative to 374 

the predicted aging rate of flies form the C-type regime (Figure 5A). From a metabolomic 375 

perspective, the C-type flies “see” the A-type flies as both older and aging more quickly, 376 
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presenting a metabolomic signal of accelerated biological aging in flies under the A-type 377 

selection regime.  378 

Between-regime predictions using the A-type clock detected a chronological age 379 

increase for the C-type flies over time, however this prediction was underestimated across all 380 

ages. Additionally, the A-type clock predicted a decrease in the rate of aging of C-type flies 381 

relative to the predicted aging rate of flies from the A-type regime (Figure 5B). From a 382 

metabolomic perspective, the A-type flies “see” the C-type flies as both younger and aging more 383 

slowly, presenting a metabolomic signal of a slower biological aging in flies under the C-type 384 

selection regime.  385 

Taken together, the differences in age predictions made by the within-regime clocks 386 

show that the metabolome is capturing a biological signal that is indicative of chronological age, 387 

while the between-regime clocks show that the metabolome is also able to capture a signal 388 

indicative of the differences in biological age and aging observed at other phenotypic levels (e.g. 389 

Chippindale et al. 1997; Kezos et al. 2023; Burke et al. 2016). The A-type clock suggests an 390 

age-deceleration effect when applied to the metabolome of the longer-lived C-type populations 391 

and the C-type clock suggests an age-acceleration effect when applied to the shorter-lived A-392 

type populations. Indeed, even the effects on the slopes are remarkably similar between the two 393 

between-regime models, both featuring a difference in a 50% difference in slopes. This further 394 

suggests both consistency and reliability in the metabolome for the process of aging even 395 

across population with different lifespans. 396 

The A-type clock achieved an accuracy of R2=0.77 when predicting age in the A-type, 397 

while utilizing only 30.7% of 202 metabolites, and the C-type clock utilized only 11.4% to 398 

achieve even higher accuracy R2=0.87. Independently fit to two different data, the C-type and A-399 

type clocks utilized predominantly non-intersecting metabolites, however they both included four 400 

intersecting metabolites (Figure 6A, Table S4).  While this number of intersecting metabolites is 401 

not more than expected by chance, the coefficients fit to these metabolites in both clocks were 402 

highly correlated, indicating a common axis of variation with age in the metabolome.  403 

It is important to note that, while the metabolites identified by the clock models shed light 404 

on the underlying metabolome variation related to age and to aging, elastic net and other 405 

regularized regression methods are designed in part to reduce the influence of co-linear 406 

predictors (Zou and Hastie 2005; Bujak et al. 2016). Because of this, the set of metabolites most 407 

influential in clock models may not include metabolites that share very similar age-related 408 

variation in abundance and so do not give a complete picture of age-associated metabolome 409 

variation in which collinearity is common (Lassen et al. 2023; Avanesov et al. 2014). In this light, 410 
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we turn to a descriptive analysis of the metabolome variation and its convergence within regime 411 

to describe the patterns of variation under these selection regimes.  412 

Objective 3: Characterizing Metabolite Abundance Patterns 413 

Before we delve deeper into pathway analysis, we must first address the overall patterns 414 

of relative metabolite abundances across age and between populations under our two selection 415 

regimes. When evaluating the results of the linear mixed-effects models, it is important to take 416 

special note of the influence from the age x regime interaction term, as it helps to establish 417 

perspective for subsequent analysis. Based on the results from the PCA (Figure 3) and the 418 

clock model predictions (Figure 5) we see evidence of a large effect from the selection regime 419 

on the metabolome, as predicted age, and rate of aging differ by regime. As such, this led us to 420 

expect to see this reflected in the LMM results as a high number of metabolites that are 421 

significant for the age x regime interaction term, where many metabolites are contributing the 422 

accelerated aging phenotype of the A-type populations. However, we were surprised to find the 423 

opposite to be true, where relatively few metabolites were significant for the age x regime 424 

interaction term (14% of total metabolites) compared to the selection and age terms (55% 425 

each), suggesting that only a handful of metabolites may be driving the accelerated aging 426 

phenotype. With this in mind, we move forward with hierarchical clustering of metabolite 427 

abundance and pathway analysis to derive further insight into how small clusters of metabolites 428 

might drive these broader aging phenotypes.  429 

To discuss the implications of the differences in metabolite abundance between selection 430 

regimes and across age, we must make assumptions about how metabolite abundances relate 431 

to the activity of specific metabolic pathways. For example, we could assume that increased 432 

abundance of a metabolite indicates increased activity of the pathway that produces it. 433 

However, as metabolites are often involved in multiple pathways – both as substrate and 434 

product – reality is likely more complex. Other factors like differences in age-specific feeding 435 

rates can also impact abundances in ways that confound interpretation of abundances. We 436 

attempt to overcome this, in part, through the use of higher-level analyses such as hierarchical 437 

clustering and enrichment analysis instead of making direct interpretations of individual 438 

metabolite abundances. As such, we primarily see the following work as hypothesis generating 439 

for future studies (e.g., flux assays to test hypotheses about metabolite utilization and pathway 440 

activity). 441 
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The metabolite abundance patterns driving the clusters depicted in Figure 8 are 442 

consistent with the prediction that the older C-type (70-day-old) and younger A-type (21, 28, and 443 

35-day-old) flies would share similar patterns of abundance, revealing a metabolomic phenotype 444 

indicative of advanced or accelerated biological age (what we will refer to as the “aged 445 

phenotype”). This similarity in the metabolomes of old C-type and younger A-type flies is 446 

consistent with a broad array of age-related phenotypes shared by these two groups of flies, 447 

including high mortality rates (Figure 2), as well as reduced egg viability (Chippindale et al. 448 

1997), stress resistance (Kezos et al. 2023), and lifetime fecundity (Burke et al. 2016).  These 449 

clusters represent two distinct patterns that may help shed light on the mechanisms underlying 450 

the accelerated aging phenotype of flies under the A-type selection regime.  451 

The first pattern, exhibited in clusters 9, 2, and 22 (Figure 8A, C, and D, respectively), 452 

include metabolites with a lower abundance in flies with the aged phenotype, suggesting that 453 

pathways associated with these metabolites may be utilized less in these biologically older flies. 454 

Clusters 2 and 22 both show enrichment for several pathways involved in carbohydrate 455 

metabolism, most notably the decrease in metabolites enriching the glycolysis and 456 

gluconeogenesis pathway in cluster 22 (Table 2). This decreased abundance of metabolites 457 

involved in carbohydrate metabolism suggests a potential switch in metabolic substrates away 458 

from carbohydrates that is associated with the aged phenotype (Hoffman et al. 2014; Wang et 459 

al. 2022). Along with the decrease in carbohydrate metabolism, we also see a decreased 460 

abundance of metabolites associated with protein synthesis enriched in cluster 9, such as 461 

enrichment for aminoacyl-tRNA biosynthesis and the valine, leucine and isoleucine biosynthesis 462 

pathway. The pattern of metabolite abundance in clusters 10 and 6 (Figure 8B and E 463 

respectively) include metabolites with increased abundance in flies with the aged phenotype 464 

suggesting that pathways associated with these clusters may be utilized more in these 465 

biologically older flies. The top pathways enriched for these clusters include both phenylalanine 466 

and nitrogen metabolism (cluster 10 and 6, respectively; Table 2), both of which are employed in 467 

circumstances with low carbohydrate utilization (Heinrichsen et al. 2014; Kosakamoto et al. 468 

2022).  469 

In considering the decrease in metabolite abundances associated with glycolysis, 470 

gluconeogenesis, and protein synthesis pathways, alongside the increase in metabolite 471 

abundances associated with nitrogen metabolism pathways, we propose this is evidence of a 472 

shift away from carbohydrate metabolism towards amino acid metabolism in flies with the aged 473 

phenotype. This pattern of age-related energy substrate use has been previously reported in 474 
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Drosophila, where Wang et al. (2022) reported a decrease in carbohydrate use and an 475 

emphasis on serine and purine metabolism in aged flies. Additionally, Phillips et al. (2022) 476 

reported a reduction in both amino acid and carbohydrate abundances in 21-day-old A-type flies 477 

relative to C-type flies. Thus, the apparent shift we see reflected over the time-course measured 478 

here could explain the initial observations of Phillips et al., 2022.  While more work is needed to 479 

directly test for such a substrate switch, it seems likely that the earlier age of onset of this 480 

metabolomic change in A-types is driven by selection for early reproduction. The accelerated 481 

development and heightened acute fecundity in flies from the A-type selection regime (Burke et 482 

al. 2016) may be driving an antagonistic pleiotropic effect, where selection for carbohydrate 483 

utilization strategies that support rapid development and oviposition comes at the cost of an 484 

earlier shift away from this metabolic pathway, typically only seen in much older individuals, 485 

potentially contributing to the accelerated aging phenotype (Hoffman et al. 2014; Wang et al. 486 

2022). 487 

Materials and Methods 488 

Experimental Populations   489 

All 20 D. melanogaster populations used in this study share a common origin, traced 490 

back to the large and outbred Ives (1970) population. Numerous populations have been derived 491 

from this wild-bred lineage, first by Michael Rose and Brian Charlesworth (Charlesworth 1980; 492 

Rose & Charlesworth 1980; Rose & Charlesworth 1981; Rose 1984) and then by generations of 493 

the Rose Lab (e.g. Chippindale 1997, Burke et al. 2016), to study the evolutionary theory of 494 

aging. All populations in this system are maintained at census sizes of ~2000 individuals in an 495 

attempt to keep them outbred. Based on past genomic studies, we know there is abundant 496 

genetic variation in all populations even after many hundreds of generations of evolution (e.g.  497 

Phillips et al. 2016; Graves et al. 2017). Here we focused on the A-type populations and their 498 

controls, the C-type populations (Figure 1B). A-type populations were maintained on a 10-day 499 

generation cycle, whereas the C-type populations were maintained on a 28-day cycle. As a 500 

result of this difference, the A-type populations exhibit accelerated development, reduced 501 

longevity, higher early-life fecundity, and lower stress tolerances than to the C-type populations 502 

(Burke et al. 2016; Kezos et al. 2023). There are two selection histories within the A and C-type 503 

populations, ACO/AO and CO/nCO, respectively (See Figure 1A). Each history is distinguished 504 

by the number of generations they have been under selection, with AO and nCO having been 505 

derived more recently than ACO and CO to test questions about evolutionary repeatability (see 506 
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Burke et al. 2016 and Graves et al. 2017). We know that populations from these selection 507 

histories that share the same selection regime have converged at several phenotypic levels and 508 

recent studies have treated them as replicates within each regime (A or C), based on 509 

phenotypic (Burke et al. 2016), genomic (Graves et al. 2017), and transcriptomic (Barter et al. 510 

2019) studies. At the time of sampling for this project, the ACO and AO populations had ~1,000 511 

and ~490 generations under selection, respectively, whereas the CO and nCO populations had 512 

~415 and ~160 generations, respectively. In all of the experiments described here, we include 513 

five historical replicate populations of each of the four experimental populations (ACO, AO, CO 514 

and nCO), that have been maintained as independent lineages for the entirety of the 515 

generations under each selection regime.  516 

Mortality Assays 517 

Adult mortality assays were based on published protocols (Burke et al., 2016) which 518 

measured mortality in the same five replicate populations of each of the four experimental 519 

populations ACO, AO, CO, and nCO. Prior to measurement, all of the experimental populations 520 

were maintained on a 14-day culture cycle for two generations, staggered a day apart, to align 521 

the different treatments to a shared calendar and reduce the impact of gene by environment 522 

interaction. Each replicate was expanded into two cohorts (e.g. ACO1α & ACO1β) of ~1,500 523 

flies, each in a Plexiglas cage, supplied with fresh banana-molasses based media (as described 524 

in Phillips et al. 2018) each day with yeast solution to induce oviposition once transferred on day 525 

14 from egg. Ambient temperature was maintained at ~25 ˚C throughout. At the same time each 526 

day, all dead flies were removed from each cage to be sexed and logged until no living flies 527 

remained. Mortality data was pooled between the two cohorts for each population to give the 528 

total number of deaths per day of each population.  Age specific mortality (M) was calculated as 529 

follows: 530 

� �
�� � ����

����

 

Where n equals the number of flies alive on a given day (d), and d -1 represents the day 531 

prior. The Burke et al. (2016) protocol was modified for this experiment to remove the use of 532 

carbon dioxide in condensing cohorts when census densities were sufficiently low. Instead, flies 533 

within cohorts remained in the same cage for the duration of the experiment, regardless of 534 

census density, and the inside of the cages were cleaned as needed to remove waste build-up.  535 

 536 
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Sample Collection 537 

Samples were collected for metabolomics using protocols described by Phillips et al. 538 

(2022). A cage-cohort of ~1,500 flies was generated from each of the five replicate populations 539 

for ACO, AO, CO, and nCO and maintained on a 14-day culture cycle for two generations, 540 

staggered a day apart to mitigate the impact of gene-by-environment interactions. Cohorts were 541 

maintained in a Plexiglas cage and were fed fresh banana-molasses based media each day 542 

with yeast solution to induce oviposition. Concurrent to the mortality experiment, the five 543 

replicate cage-cohorts for each selection history were sampled for metabolomic extraction at 544 

multiple timepoints (9 days for A-type populations, 21, 28, and 35 days for all populations, and 545 

70 days for C-type populations). Metabolomic profiles are highly sexually dimorphic within the 546 

Drosophila system (Hoffman et al. 2014). In order to facilitate the large sample sizes and 547 

sampling time points needed, as well as to reduce the potential noise caused by using both 548 

sexes within pooled samples, we focused on females in our sampling effort. Each sample 549 

consisted of a pool of ~50 female flies that were randomly drawn from each population per 550 

timepoint. An equivalent number of males were removed from populations for each sample to 551 

maintain population sex ratios. While metabolomic characterization can be done with far fewer 552 

than 50 flies, the populations featured in this study are outbred and still harbor a great deal of 553 

genetic variation (see Graves et al. 2017). Using pool sizes of ~50 flies was an attempt to 554 

capture and represent this variation. The pooled samples were immediately dry frozen in liquid 555 

nitrogen and stored at −80°C prior to metabolite extraction. Due to decreased population sizes 556 

at late ages, two samples contained less than 50 flies: ACO1 day 35 (n= 25), and nCO4 day 70 557 

(n= 36). These populations were selected based on their generation cycle rather than the 558 

number of days since eclosion, so age is consistently referred to as the time since egg 559 

deposition throughout the manuscript.  560 

The time points used in this study were informed by demographic data and prior studies 561 

of flies under these regimes. Burke et al. (2016), and Barter et. al (2019) characterized mortality 562 

rates within the A-type and C-type regimes and they defined the “aging” or “non-aging” phases 563 

of their lifespan. For the A-type regime, day 9 from oviposition represents a uniquely non-aging 564 

phase of the accelerated lines whereas day 21 shows the onset of a rapid aging phase (Figure 565 

2). Conversely, the C-type regimes were sampled in parallel on days 21, 28, and 35, but were 566 

only expected to exhibit the aging phase starting at day 35 (Figure 2).  567 

 568 

Sample Preparation 569 
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Aqueous metabolites for targeted liquid chromatography–mass spectrometry (LC-MS) 570 

profiling of 80 fly samples were extracted using previously described protein precipitation 571 

method (Kurup et al. 2021; Meador et al. 2020). Briefly, samples were homogenized in 200 µL 572 

purified deionized water at 4 ˚C, and then 800 µL of cold methanol containing 124 µM 6C13-573 

glucose and 25.9 µM 2C13-glutamate was added. Internal reference standards were added to 574 

the samples to monitor sample preparation. Next, samples were vortexed, incubated for 30 575 

minutes at -20˚C, sonicated in an ice bath for 10 minutes, centrifuged for 15 minutes at 14,000 576 

rpm at 4˚C, and then 600 µL of supernatant was collected from each sample. Lastly, recovered 577 

supernatants were dried on a SpeedVac and reconstituted in 0.5 mL of LC-matching solvent 578 

containing 17.8 µM 2C13-tyrosine and 39.2 3C13-lactate, and internal reference standards were 579 

added to the reconstituting solvent to monitor LC-MS performance. Samples were transferred 580 

into LC vials and placed into a temperature-controlled autosampler for LC-MS analysis.  581 

 582 

LC-MS Assay 583 

Targeted LC-MS metabolite analysis was performed on a duplex-LC-MS system composed 584 

of two Shimadzu UPLC pumps, CTC Analytics PAL HTC-xt temperature-controlled auto-sampler 585 

and AB Sciex 6500+ Triple Quadrupole MS equipped with ESI ionization source (Meador et al. 586 

2020). UPLC pumps were connected to the autosampler in parallel and were able to perform 587 

two chromatography separations independently from each other. Each sample was injected 588 

twice on two identical analytical columns (Waters XBridge BEH Amide XP) performing 589 

separations in hydrophilic interaction liquid chromatography mode. While one column was 590 

performing separation and MS data acquisition in ESI+ ionization mode, the other column was 591 

equilibrated for sample injection, chromatography separation and MS data acquisition in ESI- 592 

mode. Each chromatography separation was 18 minutes (total analysis time per sample was 36 593 

minutes), and MS data acquisition was performed in multiple-reaction-monitoring mode. The 594 

LC-MS system was controlled using AB Sciex Analyst 1.6.3 software. The LC-MS assay 595 

targeted 361 metabolites and 4 spiked internal reference standards. Measured MS peaks were 596 

integrated using AB Sciex MultiQuant 3.0.3 software. Up to 210 metabolites and 4 spiked 597 

standards were measured across the study set, and over 90% of measured metabolites were 598 

measured across all the samples. In addition to the study samples, two sets of quality control 599 

(QC) samples were used to monitor the assay performance and data reproducibility. One QC 600 

[QC(I)] was a pooled human serum sample used to monitor system performance, and the other 601 

QC [QC(S)] was pooled study samples, were used to monitor data reproducibility. Each QC 602 

sample was injected for every 10 study samples. We assessed the reproducibility of the LC-MS 603 
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using the coefficient of variation (CV) of each of the 202 metabolites among 10 technical 604 

replicates. The mean CV was 0.0044 with a range of 6x10-4 to 0.029 (Figure S3). Raw results 605 

from LC-MS can be found in Table S1. 606 

 607 

Data Processing and Normalization 608 

The LC-MS data was filtered and normalized prior to analysis. Any metabolites with 609 

missing values were removed from the data set, and relative peak areas for the remaining 202 610 

metabolites were log-transformed to approximate a Gaussian distribution. Next, within sample 611 

metabolite data were mean-centered to account for sample-to-sample variation. Given that the 612 

LC-MS profiling was performed in three separate batches over three days, we estimated the 613 

main effects of batch (B) on each metabolite and corrected for these batch effects by taking the 614 

residuals (ε) of the following linear model:   615 

�����	
��� �  
 �  � 

These residuals then constitute the normalized abundance measures for 202 616 

metabolites across 80 fly samples (Table S2). 617 

 618 

Objective 1: Metabolomic Convergence Within Selection Regime  619 

To test for divergence between recent and long-standing populations in the multivariate 620 

metabolome, we first conducted a Principal Components (PC) Analysis (PCA) on the covariance 621 

matrix of normalized metabolite abundance using the prcomp R package. We then fit the fixed 622 

effects of age (as an ordered categorical factor), regime (A-type or C-type), history (either recent 623 

or long-standing), their interactions, and a random effect of replicate on the eigenvalues of each 624 

of the first 12 PCs (���) by ordinary least squares in the lme4 R package (Bates et al. 2015). 625 

���  ~ � �  ��� �  ������ �  ����	�� � 1|���
����� �  �   

 626 

This analysis was limited to the most directly comparable data between regimes, those 627 

from day 21, 28, and 35. As a liberal test for divergence, a result that is contrary to our 628 

hypothesis, we simply ask if there was either a regime x history interaction effect, or a regime x 629 

history x age effect on any of the first 12 PCs at a P value of <0.05, without adjusting for the 12 630 

tests (each of PC 1 to 12). 631 
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To test the potential of the metabolome of long-standing populations to predict selection 632 

regime in the recently derived populations, we trained a partial least-squares model to predict 633 

regime with the data from the long-standing populations, by 5-fold cross-validation (CV) in the 634 

caret R package. This model was then used to predict regime among the samples of the more 635 

recent populations. In both training and prediction, only the data from day 21, 28, and 35 were 636 

used. The accuracies of the model on the training data (long-standing), and on the held-out data 637 

from the recent populations was assessed by receiver operating characteristic (ROC) curve. 638 

Objective 2: Metabolomic Clocks and the Effect of Selection Regime 639 

Elastic Net Regression Models and Analysis 640 

We used two approaches to generate predicted ages for the flies based on the 641 

metabolome data, both of which needed a different approach to, in all cases, avoid age 642 

predictions for biological replicates that were part of the model training data.  The first approach, 643 

whose goal was to generate within-regime predictions, required clocks trained and then tested 644 

on data from the same regime.  The second approach, whose goal was to generate regime-645 

specific models only to then predict ages for the opposite regime. These later clocks we refer to 646 

as between-regime. The day 9 A-type samples were withheld from these analyses, as results 647 

from the PCA (Figure S1) indicate a difference in the metabolomic profile that we believe is 648 

consistent with previous findings suggesting that the large metabolomic difference is primarily 649 

driven by the post eclosion status of these samples, which is likely to override the aging signal 650 

of interest, as this status is unique to these samples and has no representative in the C-type 651 

samples (Erkosar et al. 2024). 652 

Within-regime prediction: For the within-regime predictions, we used an iterative leave-one-653 

replicate-out (LORO) strategy on each regime separately. At each iteration of the LORO 654 

procedure, all samples from one replicate were withheld. This left 36 C-type samples for training 655 

the within-regime C-type clocks and n=28 A-type samples for the within-regime A-type clocks.  656 

This was done to avoid analysis of age predictions on biological replicates that were also 657 

present in the training data. See Figure S4 for an example of this phenomenon where the 658 

training data has an R2 predictive accuracy of 0.997 while the test data has an R2 predictive 659 

accuracy of 0.832. At each iteration, 5-fold CV elastic net models were trained in the glmnet 660 

package in R (Friedman et al 2023), to predict age using the metabolome data of the remaining 661 

nine replicates. The predictions from training were not used in the final analysis, only to tune the 662 

model during 5-fold CV. During model training, the elastic net penalty parameters L1 and L2 663 
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were selected from the default tuning grid in glmnet as those that gave the lowest root mean 664 

squared error (RMSE). The model from each LORO iteration was then used to predict the ages 665 

of the held-out replicate, and these predictions were used in the clock analysis presented in the 666 

main text.  This procedure was repeated until all replicates had age predictions from a model 667 

that was trained on the data from the remaining replicates within the same regime. 668 

Between-regime prediction: For the between-regime predictions, 5-fold CV elastic net models 669 

were trained on all data (n=40 C-type samples and n=36 A-type samples) and ages within each 670 

regime. The between-regime predictions that were analyzed in the main text were then made by 671 

the between-regime clock predicting the ages of the opposite regime. So, together, the within-672 

regime and between-regime strategies resulted in predictions made on data that were not a part 673 

of model training.  674 

To compare the feature importance in the between-regime A-type and C-type clocks, we 675 

used the coefficients (β) fit to each metabolite in the respective clock models. For both clocks, 676 

the elastic net penalty L1 at the lowest RMSE was >0, and so some metabolites have β=0 and 677 

are not features in the respective clocks.  678 

We tested the accuracy of the within-regime predictions with the coefficient of 679 

determination, R2 (Kvalseth 1985; Alexander et al. 2015). Where yi (i= 1, …, n) are the ages of 680 

the test set, and ���  are the predicted ages. ��  is the mean of yi, then R2 is calculated as: 681 

!�"�, �$% � 1 �
∑ "�� � ���%��

�	�

∑ "�� � �� %��
�	�

 

Where an R2 closer to 1 represents a better fitting model.  682 

To test our hypothesis that between-regime predictions will reflect differences in the 683 

apparent rate of aging within the metabolome, we used a linear model to compare the 684 

relationship between ages predicted from the within-regime model over actual age, to the 685 

predictions from the between-regime model over age: 686 

���'����' ��� ~ � � (� ��� �  (� ������ �  (� ��� �  ������ �  �   

Where α is the intercept of the within-regime model, β1 is the slope of within-regime predictions 687 

over age, β2 is the effect of between-regime prediction on the intercept, and β3 is the difference 688 

in slopes of the between-regime and the within-regime models. 689 

 690 
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Objective 3: Metabolomic Trajectories of Rapid Aging 691 

Metabolomic Differentiation Between Selection Regimes 692 

A LMM was used to compare the metabolite levels between populations under different 693 

selection regimes, either A-type or C-type, over time to test for the effects of selection, age, and 694 

the interaction between selection and age on the normalized abundance data: 695 

 696 

�����	
��� �  ) � *�
 � +�� � "*�
 � +��% � !�� �  � 

 697 

Where selection regime (Sel) and age from egg (Age) were treated as fixed effects and 698 

replicate population (Rep) a random effect. The day 9 A-type samples were also withheld from 699 

this analysis, as we believe that the large metabolomic difference present for this group of 700 

samples is primarily driven by the post eclosion status of these samples, which is likely to 701 

override the aging signal of interest and has no equivalent in the C-type samples. We corrected 702 

for false discovery using Benjamini Hochberg (1995) approach with a corrected significance 703 

threshold of FDR < 0.01. This model was compared to a larger model that accounted for 704 

differences between the long-standing populations, and the more recently derived populations 705 

(e.g. ACO, AO, etc.), using the Akaike information criterion (AIC). However, adding this term did 706 

not improve the fit of the model (see Table S7 for results). The results of the LMM were 707 

visualized as an UpSet plot made using the UpSetR package (1.4.0) in R (Conway et al. 2017). 708 

The UpSet plot depicts the number of metabolites that were significant for each of the 709 

regression terms (FDR < 0.01), as well as the number of significant metabolites shared between 710 

any combination of the terms.  711 

 712 

Characterizing Metabolite Abundance Patterns 713 

To characterize metabolite abundance patterns associated with the accelerated aging 714 

phenotype observed from the A-type selection regime, we compared normalized metabolite 715 

abundance patterns for different age classes between selection regimes. We calculated mean 716 

normalized abundance of each of the 202 metabolites detected at each age within each 717 

selection regime (Table S8). We then used the pheatmap package in R (Kolde 2022) to 718 

generate a heatmap with hierarchical clustering based on the Euclidean distance and complete 719 

linkage to organize both rows (metabolites) and columns (selection regime and age) by 720 

similarity in the patterns of metabolite abundance. To determine the optimal number of clusters, 721 
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we performed K-means clustering for a range of K values (1 to 200), calculating the total within-722 

cluster sum of squares (WSS) for each K using 25 initializations. The difference between 723 

consecutive WSS values was calculated to assess the rate of change, and the second 724 

derivative of the WSS was computed by calculating the difference between consecutive 725 

differences. The optimal K (K = 25) was identified as the value corresponding to the largest 726 

second derivative, which signifies the "elbow" of the curve, indicating the point where increasing 727 

K no longer substantially reduces the WSS (Figure S5). 728 

The functional enrichment of KEGG network nodes by the metabolites in each cluster 729 

that contained at least four metabolites with KEGG IDs was assessed using the network 730 

diffusion method in the FELLA package in R (Picart-Armada et al. 2018). We ran 105 731 

permutations to derive an empirical P value (p.score) and pathways that were significant (FDR 732 

<0.05) were ranked by p.score within each cluster to identify candidate pathways whose activity 733 

could explain the metabolite variation in each cluster (Table S6).  734 
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Data Availability 735 

Raw metabolomic and mortality data are available through Dryad 736 

(https://doi.org/10.5061/dryad.1ns1rn92x) and scripts used to process and analyze data are 737 

available through Github (https://github.com/mphillips67/A-and-C-Metabolomic-Trajectory-738 

Project).  739 

  740 
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Figures 741 

 742 

Figure 1. Recent phylogeny and selection regimes for D. melanogaster populations of 743 

interest. A: Abbreviated diagram of the evolutionary relationship between the populations of 744 

interest. The ancestral population for all populations was maintained on a 70-day generation 745 

cycle (O-types), both the long-standing (CO) and recently derived (nCO) C-type populations 746 

have been maintained on 28-day generation cycles, and both the long-standing (ACO) and 747 

recently derived (AO) A-type populations have been maintained on 10-day generation cycles. B: 748 

Experimentally controlled reproductive windows used to maintain the two life-history regimes: 749 

Accelerated (A), with a 10-day reproductive cycle; and Delayed (C), with a 28-day reproductive 750 

cycle. Short reproductive windows, either 24 hours for Accelerated or 48 hours for Delayed, 751 

were used to enforce reproductive cycle length.   752 

 753 

 754 
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 755 

 756 

Figure 2. Age-specific mortality and metabolomic sampling design. Female mortality rates 757 

for 20 cohorts of A-type (blue and purple) and C-type (pink and green) populations (See 758 

methods for calculation). Selection history is further indicated by color, with ACO and CO 759 

representing long-standing populations and AO and nCO representing recently derived 760 

populations. Each vertical bar represents the collection timepoint in either A-type (blue), C-type 761 

(orange) populations, or both (yellow).  762 

 763 

 764 

 765 
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 766 

Figure 3. The metabolome and its age-trajectory converge under each selection 767 

regime. Each of the first 4 principal components of the metabolome (out of 12 assayed) are 768 

plotted over age, from egg (days), for the five biological replicates of each selection regime (A-769 

type or C-type) and selection history (long-standing or recently derived). Ages in which both 770 

regimes are sampled are shown for direct comparison. PCs 1 and 4 were highly associated with 771 

age by regime, PCs 2 and 4 were associated with age, and PC 3 was associated with regime 772 

(ANVOA, P<0.05, after Bonferroni correction).  No PCs had a significant effect of history or 773 

history x regime interaction which would be inconsistent with convergence of the metabolome 774 

by regime in the long-standing and more recently derived populations.    775 

 776 

 777 

 778 

 779 

 780 
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 781 

Figure 4. Regime is accurately predicted from the metabolome of the recently derived 782 

selection lines. A 2-component partial least-squares discrimination model was trained, by 5-783 

fold cross-validation to distinguish regime (A-type or C-type) among the 30 samples of the long-784 

standing populations using the data from 202 metabolites. A) the ‘ROC’ curve for the training 785 

data. Accuracy in the training data was 96.7% in the final model, with an area under the ROC 786 

curve of 0.975. B) The probability of A-type for each of the 30 samples from the model training 787 

set (training, long-standing, and the 30 withheld samples from the recently derived populations). 788 

Discrimination is made at the 0.5 probability (dashed line). The model distinguished all samples 789 

in the test set with 100% accuracy.  790 

 791 

 792 

 793 

 794 

 795 
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 796 

Figure 5. Selection led to different aging trajectories in the metabolome. Predicted age 797 

from egg (days) vs chronological age from egg (days) for A-type (red) and C-type (blue) 798 

populations based on elastic net models trained on metabolite data from C-type populations (A) 799 

or A-type populations (B). Points are predictions from samples held out during training 800 

(Methods). The within-regime accuracies of each model were (C-type R2 = 0.87; A-type R2 = 801 

0.77). Lines are the least-squares fits of a linear model (Methods). Both the A and C-type clocks 802 

predicted a significant difference in the rate of aging between the within and between-regime 803 

model predictions (A-type clock p = 1.5x10-6 and C-type clock p = 9.3x10-3), with both predicting 804 

a faster rate of aging for A-type flies relative to C-type flies. 805 

 806 

 807 

 808 

 809 
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 810 

Figure 6. Metabolomic clock features. A: The coefficients (() fit to each of the 4 metabolites 811 

common to the A- and C-type clocks (Pearson’s ρ=0.97, P=0.035). B: Comparing the 812 

distribution of ( fit to metabolites common to both clocks (intersecting) and the metabolites 813 

unique to each clock.  There was not a significant difference in the |(| for intersecting and 814 

unique metabolites in either clock (Wilcoxon rank sum test, W≤155, P≥0.27). 815 

 816 

 817 

 818 

 819 

 820 

 821 

 822 
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 823 

Figure 7. UpSet plot depicting the number of metabolites that were significant from LMM 824 

(FDR <0.01) by each term: Selection, age, and the interaction along the lower left, and the 825 

number of metabolites that are significant for each term individually and each combination of 826 

terms (Intersections) along the top. 827 

 828 

 829 

 830 

 831 

 832 

 833 

 834 

 835 

 836 
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 838 

Figure 8. Hierarchal clustering of mean normalized metabolite abundance clustered by 839 

regime and age. The dendrograms were generated using 202 metabolites that were detected 840 

in all samples (see Figure S2 for heatmap that includes all 202 metabolites). These five clusters 841 

represent examples where C-type age 70 days have metabolite abundance that more closely 842 

resembles the A-types than the C-types at younger ages. KEGG network analysis revealed 843 

enrichment for several pathways for each cluster. The top pathway for each cluster, 844 

representing the lowest p-score among significant pathways for that cluster (FDR<0.05), 845 

included A: Valine, leucine and isoleucine biosynthesis (dme00290); B: Phenylalanine 846 

metabolism (dme00360); C: Pentose and glucuronate interconversions (dme00040); and D: 847 

Glycolysis / Gluconeogenesis (dme00010); E: Nitrogen metabolism (dme00910).   848 

 849 

 850 

 851 

 852 

 853 

 854 

 855 
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 856 

 857 

Tables  858 

Table 1. Breakdown of metabolites by hierarchical clustering of mean normalized metabolite 859 

abundance and significant results from LMM (Table S5). Shaded rows indicate clusters that 860 

show abundance patterns consistent with the accelerated aging phenotype (Figure 8). 861 

  
Significant metabolites by LMM term (FDR < 

0.01)   

Cluster Total 
metabolites Selection Age Interaction unique 

metabolites 
% 

significant 

1 31 9 9 4 14 45.2 
2 32 26 19 3 28 87.5 
3 4 4 1 1 4 100 
4 11 3 5 2 9 81.8 
5 14 9 13 2 14 100 
6 14 13 11 1 13 92.9 
7 20 3 11 1 15 75 
8 1 1 1 1 1 100 
9 7 7 6 3 7 100 

10 7 7 4 0 7 100 
11 1 1 1 0 1 100 
12 4 0 1 0 1 25 
13 2 2 0 0 2 100 
14 5 1 3 0 3 60 
15 1 1 1 0 1 100 
16 12 0 1 2 3 25 
17 1 1 1 0 1 100 
18 10 3 6 1 9 90 
19 6 3 1 3 6 100 
20 3 3 3 1 3 100 
21 3 3 3 2 3 100 
22 8 8 8 2 8 100 
23 2 0 1 0 1 50 
24 2 2 1 0 2 100 
25 1 1 1 0 1 100 

 862 

 863 
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 864 

Table 2. Enriched pathways for clusters of metabolites with abundance patterns consistent with 865 

the accelerated aging phenotype (Figure 8). Shaded cells represent clusters (6 & 10) with 866 

higher metabolite abundance in the aged phenotype, and unshaded cells (2, 9, & 22) represent 867 

clusters with lower metabolite abundance in the aged phenotype. See Table S6 for full list of 868 

significant KEGG pathways and modules.  869 

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  0.0140 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 
 870 
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