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ABSTRACT: Traits that are unused in a given environment are subject to processes that tend to

erode them, leading to reduced fitness in other environments. Although this general tendency is

clear, we know much less about why some traits are lost while others are retained, and about

the roles of mutation and selection in generating different responses. We addressed these issues

by examining populations of a facultative anaerobe, Escherichia coli, that have evolved for >30

years in the presence of oxygen, with relaxed selection for anaerobic growth and the associated

metabolic plasticity. We asked whether evolution led to the loss, improvement, or maintenance

of anaerobic growth, and we analyzed gene expression and mutational datasets to understand

the outcomes. We identified genomic signatures of both positive and purifying selection on

aerobic-specific genes, while anaerobic-specific genes showed clear evidence of relaxed

selection. We also found parallel evolution at two interacting loci that regulate anaerobic growth.

We competed the ancestor and evolved clones from each population in an anoxic environment,

and we found that anaerobic fitness had not decayed, despite relaxed selection. In summary,

relaxed section does not necessarily reduce an organism’s fitness in other environments. Instead,

the genetic architecture of the traits under relaxed selection and their correlations with traits

under positive and purifying selection may sometimes determine evolutionary outcomes.
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Introduction

“[11f man goes on selecting, and thus augmenting, any peculiarity, he will almost

certainly unconsciously modify other parts of the structure, owing to the mysterious

laws of the correlation of growth.” — Charles Darwin, On the Origin of Species, 1859

Organisms seldom experience static conditions. Instead, they typically experience fluctuations in

both their external environments and internal states. Organisms have adapted to these

fluctuations by evolving mechanisms to maintain homeostasis and survive, that is to be

phenotypically robust, in the face of perturbations (Lenski et al. 2006; Frankel et al. 2010; Fraser

and Schadt 2010; Siegal and Leu 2014). One mechanism to maintain homeostasis is metabolic

plasticity, by which we mean the innate capacity to change metabolic fluxes in response to

changes in the environment (Jia et al. 2019). Metabolic plasticity is controlled by genes, the

expression of which is coupled to one or more environmental cues (Paudel and Quaranta 2019).

Bacillus subtilis, for example, produces dormant endospores when cells are starved (Setlow

2006). More generally, metabolic plasticity determines the environmental conditions in which an

organism can survive and grow. However, much remains unknown about the mechanisms



underlying metabolic plasticity and the resulting phenotypic robustness, and how these

mechanisms and robustness have evolved and continue to evolve (Siegal and Leu 2014; Nijhout

et al. 2017).

Experimental evolution with microorganisms has proven to be a powerful way to study

the evolutionary process (Elena and Lenski 2003; Lenski 2017; Van den Bergh et al. 2018). These

experiments typically maintain relatively simple and constant conditions, which places many

traits under relaxed selection. Accordingly, many such studies have shown losses of functions

owing to antagonistic pleiotropy (including the cost of expressing unneeded traits), mutation

accumulation in unused genes, or both (Cooper and Lenski 2000; Cooper et al. 2001b; Maughan

et al. 2009; Leiby and Marx 2014; Lamrabet et al. 2019). However, unneeded traits may

sometimes be maintained and even improved if the underlying genes serve multiple purposes,

such that the unneeded trait is genetically correlated with a trait under positive selection

(Bennett et al. 1990). The latter scenario has been termed buttressing pleiotropy (Lahti et al.

2009; Ardell and Kryazhimskiy, 2020). Computational models and experiments with artificial

organisms suggest that buttressing pleiotropy readily occurs when new functions evolve by

building upon existing functions (Wagner and Mezey 2000; Lenski et al. 2003; Ostrowski et al.



2015). However, the extent of buttressing pleiotropy in biological systems remains unclear and

has been little studied.

To study how metabolic plasticity evolves under relaxed selection, we analyzed

phenotypic performance and genetic changes in Escherichia coli populations from the long-term

evolution experiment (LTEE). The 12 LTEE populations have been evolving independently in a

glucose-limited minimal medium with constant aeration for more than 70,000 generations

(Lenski et al. 1991; Good et al. 2017). Samples are frozen every 500 generations, generating a

“frozen fossil record” from which bacteria can be revived for genetic and phenotypic analyses,

including measuring their fitness in the LTEE environment and other environments that differ in

various respects. By 50,000 generations the populations were, on average, about 70% more fit

than their common ancestor in the LTEE environment (Wiser et al. 2013). Most of that

improvement occurred in the first 10,000 generations, but the populations have continued to

improve at slower rates throughout the experiment (Lenski et al. 2015; Lenski 2017). The bacteria

experienced relaxed selection for anaerobic growth during the long duration of their evolution

in the strictly oxic LTEE environment. To date, several hundred clones and more than 1400 whole-

population samples have been sequenced (Tenaillon et al. 2016; Good et al. 2017), providing

material for examining the coupling between aerobic and anaerobic fitness and the underlying



genetic changes. Six LTEE populations evolved hypermutability during the experiment (Tenaillon

et al. 2016; Good et al. 2017), which should increase the rate at which unused genes accumulate

mutations and unused functions decay over time (Cooper and Lenski 2000; Leiby and Marx 2014).

The hypermutable lineages exhibited ~100-fold increases in their point-mutation rate

(Sniegowski et al. 1997; Wielgoss et al. 2013), but the rate of fitness gain in these lineages

increased by only a few percent relative to other populations (Wiser et al. 2013; Lenski et al.

2015). This difference facilitates disentangling the effects of antagonistic pleiotropy from those

of mutation accumulation on the phenotypic and genomic consequences of relaxed selection.

In addition to the strength of the LTEE model system for asking evolutionary questions, E.

coli is an excellent model for studying metabolic plasticity. As a facultative anaerobe, E. coli is

able to survive, grow, and reproduce in both oxic and anoxic environments (Unden et al. 1994).

This plasticity allows E. coli to inhabit diverse environments that vary in oxygen availability, from

the gastrointestinal tracts of mammals (and some birds and reptiles) to freshwater and soil

environments (Gordon and Cowling 2003). The molecular control of this plasticity is well-

understood, and two global regulatory systems play critical roles (Gunsalus and Park 1994; Unden

and Bongaerts 1997). The Fumarate and Nitrate Reductase protein (FNR), encoded by the fnr

gene, is a transcription factor that directly senses oxygen (Gunsalus and Park 1994; Kang et al.



2005). The Anoxic Respiratory Control system, encoded by arcA and arcB, is a canonical two-

component regulatory system that responds to oxygen and the redox status of the cell, as shown

in Figure 1 (luchi and Lin 1988; Gunsalus and Park 1994; Unden and Bongaerts 1997). The

transcriptional control conferred by the fnr and arcAB regulons allows E. coli cells to commit

physiologically to either aerobic or anaerobic metabolism, depending on oxygen availability.

Mutations in either regulon may disrupt this control (Melville and Gunsalus 1990). In particular,

some mutations in arcAB have been shown to alter metabolism by causing the constitutive

expression of genes that would normally be responsive to oxygen concentration and internal

redox balance (luchi and Lin 1988; Saxer et al. 2014).

In this study, we sought to determine whether relaxed selection during 50,000

generations of strictly aerobic growth led to the loss of anaerobic performance and the

associated metabolic plasticity. Alternatively, genetic correlations between aerobic and

anaerobic physiology might have favored the maintenance or even improvement of anaerobic

metabolism during evolution in the oxic environment of the LTEE. This alternative, if observed,

might reflect the fact that anaerobic metabolism evolved more than 2 billion years before the

origin of aerobic metabolism (Miller 1977; Soo et al. 2017), such that the genetic and

biochemical networks underpinning metabolism in these conditions might be tightly coupled. In



any case, we tested the phenotypic correlation in performance by measuring the fitness of the

evolved LTEE clones against a marked ancestor in both oxic and anoxic environments. In fact,

anaerobic growth capacity was not only maintained under relaxed selection, but in some cases

actually improved. Fitness gains were seen even in some populations that evolved high mutation

rates—a change that promoted mutation accumulation in anaerobic-specific genes—and despite

mutations affecting the ArcAB regulon.

Our results highlight the importance of understanding how a trait is encoded in a genetic

network, and how that encoding affects its evolutionary fate in the absence of direct selection.

A better understanding of the mechanisms that maintain anaerobic growth may also help

synthetic biologists design more robust systems by exploiting pleiotropy (Stirling et al. 2017;

Blazejewski et al. 2019; Geng et al. 2019). In addition, this work may provide a framework for

better predicting how the genetic encoding of traits affects an organism’s evolutionary potential,

including in response to ecological challenges such as those caused by climate change.

Materials and Methods

Long-Term Evolution Experiment



The LTEE consists of 12 E. coli populations derived from a common ancestral strain, REL606

(Lenski et al. 1991). Six populations descend directly from REL606. The other six descend from

REL607, which differs from REL606 by two mutations that are selectively neutral under LTEE

conditions (Tenaillon et al. 2016). One is a point mutation in the araA gene that allows REL607 to

utilize arabinose, and the second is an inadvertent secondary mutation of no consequence. The

mutation in araA provides a phenotypic marker that can be readily scored in the competition

assays used to measure relative fitness. When plated on tetrazolium arabinose (TA) indicator

agar plates, REL606 and its direct descendants form red colonies, whereas REL607 and its

descendants form white colonies. The ability to freeze and revive viable strains has allowed the

establishment of the frozen fossil record that includes samples from all 12 populations at 500-

generation intervals. This record allows both genotypic and phenotypic changes to be quantified

retrospectively. In this study, we examined ancestral and evolved clones that were frozen at

generations 2,000, 10,000 and 50,000 (supplemental PDF, Table S1).

Culture Conditions



Unless noted otherwise, we grew strains in oxic and anoxic environments in 10 mL of Davis

Mingioli minimal salts medium supplemented with 25 pug/mL glucose (DM25). We prepared

anaerobic media by boiling 500-mL batches for 25 min while sparging in nitrogen gas using a

hypodermic needle inserted through a butyl rubber stopper. Cultures were incubated at 37°C in

50-mL Erlenmeyer flasks, with orbital shaking at 120 rpm in the oxic but not the anoxic

environment. These conditions are the same as those used during the LTEE, except for the

absence of oxygen and shaking during anaerobic growth.

Competition Assays

We revived frozen clones isolated from each LTEE population at generations 2,000, 10,000 and

50,000. We used clones for which whole-genome sequences are available (Tenaillon et al. 2016).

The notation Ara-1 to Ara-6 denotes clones descended from the ancestral strain REL606, while

Ara+1 to Ara+6 are derived from REL607. We excluded from these assays the 50,000-generation

clones from three populations (Ara-2, Ara-3, Ara+6), as their evolved phenotypes make the

assays unreliable (Wiser et al. 2013). We also excluded the clones sampled from Ara+6 at both

earlier time-points because their growth was erratic in the anoxic environment. Clones were



revived by inoculating 15 pL of thawed frozen stock into 10 mL of Luria-Bertani (LB) broth, and

they were grown at 37°C in an orbital shaker under atmospheric conditions for 24 h. We then

diluted each competitor 1:10,000 into DM25 medium for a preconditioning step that depended

on whether the assay would be performed in the oxic or anoxic environment. For the former, the

competitors were preconditioned in DM25 under the standard LTEE conditions. For the latter,

the competitors were preconditioned in anaerobic DM25 in an anaerobic chamber under a 95%-

N2:5%-H, atmosphere. Each preconditioned competitor was then diluted 1:200 into a flask

containing the relevant medium under the appropriate atmosphere, and the competition ran for

one day, during which time the combined population grew 100-fold. The one-day competition

assays encompassed the same lag, exponential growth, and stationary phases as populations

experienced during the LTEE (Lenski et al. 1991; Vasi et al. 1994). We competed the Ara™ evolved

clones against REL607 and the Ara* evolved clones against REL606. Competitions were replicated

five-fold for all clones across all generations and in both environments. Owing to technical errors,

only four replicates yielded data for: Ara-1 at 2,000 generations, and Ara+1 and Ara+4 at 50,000

generations, in the oxic environment; and Ara-2 and Ara+2 at 2,000 generations, Ara+1 at 10,000

generations, and Ara-1 at 50,000 generations in the anoxic environment. We calculated the



fitness of an evolved clone relative to the ancestral competitor as the ratio of their growth rates

realized during the competition assay (Lenski et al. 1991; Wiser et al. 2013).

Genomic and Statistical Analyses

The genomes of the clones used in this study were previously sequenced (Tenaillon et al. 2016).

We used an online tool (http://barricklab.org/shiny/LTEE-Ecoli/) to identify all of the mutations

discovered specifically in the fnr and arcAB genes. To identify genes regulated in response to

oxygen levels, Salmon et al. (2005) performed a Bayesian analysis of gene-expression data

obtained for E. coli K12 in oxic and anoxic environments. We then used the set of genes from that

study that showed differential expression between oxic and anoxic conditions at a posterior

probability greater than 99%. Those genes were mapped onto the REL606 reference genome

using the OMA (Altenhoff et al. 2018) and EcoCyc (Keseler et al. 2017) databases. We call genes

that are upregulated under oxic conditions “aerobic-specific genes,” and those upregulated

under anoxic conditions “anaerobic-specific genes.” We performed binomial tests to compare

the numbers of mutations in the LTEE-derived genomes in aerobic- and anaerobic-specific genes



to a null expectation based on the summed length of genes in the two gene sets. That analysis

was conducted using an R script called aerobic-anaerobic-genomics.R.

In addition, the LTEE metagenomics dataset includes mutations found by sequencing

whole-population samples for all 12 populations through 60,000 generations (Good et al. 2017).

These mutations were downloaded from https://github.com/benjaminhgood/LTEE-

metagenomic/. The data were reformatted (*.csv) and analyzed using an R script called aerobic-

anaerobic-metagenomics.R. In brief, the cumulative number of mutations observed in each

population was plotted, after normalizing by gene length, for various categories of mutations. In

particular, we examined subsets of these data based on mutation type (nonsynonymous,

synonymous, and all others including indels, nonsense, and structural variants) and by function

(occurring in the aerobic- or anaerobic-specific genes). To generate a null expectation, we chose

10,000 random sets of genes (with the same cardinality as the aerobic- and anaerobic-specific

genes in the specific comparison), and the cumulative number of mutations in each set was

calculated. The proportion of replicates in which the cumulative number of mutations in the

random set was larger than the corresponding number in the aerobic- or anaerobic-specific gene

set was used as an empirical p-value for testing statistical significance. For visualization, the

relevant figures show only the middle 95% of the cumulative mutations for 1,000 (rather than



10,000) random sets. Statistical analyses were performed in R (version 3.5.0; 2018-04-23).

Datasets and R analysis scripts have been deposited in the Dryad Digital Repository (Grant et al.

2020) at https://doi.org/10.5061/dryad.76hdr7std.

Aerobic and Anaerobic Network Connectivity

We used the Cytoscape platform (Shannon et al. 2003) to visualize the biomolecular interaction

network between aerobic- and anaerobic-specific genes. In brief, we imported our gene sets into

Cytoscape and then used the software to query the STRING database (Szklarczyk et al. 2017),

which includes empirically known and computationally predicted protein-protein interactions.

Interactions are evaluated using seven lines of evidence, and a score is assigned to each

(Szklarczyk et al. 2017). The STRING software then computes a combined “confidence score” for

each interaction, which is effectively the likelihood that the interaction truly exists given the

evidence. We constructed our network of the aerobic- and anaerobic-specific genes showing only

those interactions with confidence scores greater than 70%, a threshold considered “high” by the

database curators.



Results

Signatures of Selection on Aerobic- and Anaerobic-specific Genes in the LTEE

We hypothesized that a subset of the aerobic-specific genes experienced positive selection to

acquire mutations that better adapt the bacteria to the LTEE environment. By contrast, we expect

that many anaerobic-specific genes were under relaxed selection in the LTEE. We tested these

predictions using the genomic and metagenomic datasets spanning 50,000 and 60,000

generations, respectively (Tenaillon et al. 2016; Good et al. 2017). At various times, 6 of the 12

LTEE populations evolved roughly 100-fold higher point-mutation rates than the ancestral strain

(Sniegowski et al. 1997; Tenaillon et al. 2016; Good et al. 2017). These mutator populations

gained fitness slightly faster than the non-mutator populations (Wiser et al. 2013; Lenski et al.

2015). However, genomic evolution in these populations was dominated by the accumulation of

random mutations (Tenaillon et al. 2016; Couce et al. 2017; Maddamsetti et al. 2017). For these

reasons, we made and tested separate predictions for the mutator and non-mutator populations.

For the non-mutator populations, where previous studies found compelling evidence for positive

selection (Woods et al. 2006; Tenaillon et al. 2016; Good et al. 2017), we predicted that aerobic-



specific genes would have more mutations than anaerobic-specific genes. By contrast, in the

mutator populations, previous studies indicated that random mutations (neutral or nearly

neutral) accumulated in those genes under relaxed selection, given the high mutation pressure.

Of course, some sites even within aerobic-specific genes could have accumulated neutral or

nearly neutral mutations in the oxic LTEE environment. However, purifying selection should lead

to fewer mutations in aerobic- than in anaerobic-specific genes in the mutator populations.

To test these predictions, we examined the sets of 345 and 227 anaerobic and aerobic-

specific genes, respectively, as described in the Materials and Methods (supplemental file 1).

Given 4,143 protein-coding genes in the genome of the LTEE ancestor (Jeong et al. 2009), the

anaerobic- and aerobic-specific genes constitute 8.3% and 5.5% of that total, respectively. We

asked whether these two sets accumulated different numbers of mutations in clones sampled

from the LTEE populations at 50,000 generations. We controlled for differences in mutational

target size by summing over the length of the genes in each set. In clones from the six non-

mutator lineages, the aerobic-specific genes had 38 mutations, whereas the anaerobic-specific

genes had 21 mutations (two-tailed binomial test: p < 107°). By contrast, the hypermutator clones

had 836 mutations in anaerobic-specific genes and 333 mutations in aerobic-specific genes (two-

tailed binomial test: p = 0.0040). Previous work has shown that most mutations that fixed in the



non-mutator populations are adaptive (Tenaillon et al. 2016). In contrast, most mutations that

fixed in populations after they evolved hypermutability are neutral in the environment of the

LTEE, but they went to fixation by hitchhiking with beneficial alleles. Of course, many deleterious

mutations also occurred in the hypermutable lineages, including mutations in genes that were

expressed and encode functions important in the oxic conditions of the LTEE. However, most

deleterious mutations were removed by selection. For these reasons, the first result is consistent

with stronger positive selection for beneficial mutations in aerobic- than in anaerobic-specific

genes. The second result is consistent with relaxed selection on the anaerobic-specific genes,

which could also be interpreted as stronger purifying selection on aerobic-specific genes.

Next, we examined these dynamics using whole-population metagenomic data that

includes mutations that fixed as well as those that reached a frequency above ~5% in a population

through ~60,000 generations (Good et al. 2017). Rather than reanalyzing these data from scratch,

we analyzed the dataset previously generated by Good et al. (2017). We first visualized the

evolutionary dynamics for all mutations in aerobic- and anaerobic-specific genes in each

population (supplemental PDF, fig. S1). For the non-mutator populations (panels A-F in fig. S1),

mutations in aerobic-specific genes were more common than those in anaerobic-specific genes,

especially during the first 10,000 generations, indicating that many mutations in aerobic-specific



genes experienced positive selection. In the populations that evolved hypermutator phenotypes

(panels G—Lin fig. S1), however, it is difficult to tell by eye whether the rate of molecular evolution

differs between these two sets of genes. Therefore, we counted the number of observed

mutations in aerobic- and anaerobic-specific genes in each population over time, normalized by

gene length.

When we examine the occurrence of nonsynonymous mutations, all six populations that

were never mutators, along with two others (Ara-1, Ara-3) before they became hypermutable,

have substantially more mutations in aerobic-specific genes than expected under the null

distribution calculated by resampling random sets of 227 genes (the cardinality of the aerobic-

specific genes) (fig. 2). The probability of this directional outcome occurring by chance under a

one-tailed binomial expectation is (1/2)® = 1/256 ~ 0.004, which is thus very significant. The

number of nonsynonymous mutations in anaerobic-specific genes in those same populations, by

contrast, is much lower in every case. For the mutator populations, including the two (Ara-1,

Ara-3) that evolved hypermutability fairly late in the LTEE, the rates of mutations in anaerobic-

and aerobic-specific genes track one another more closely. In at least three of these populations

(Ara-2, Ara+3, Ara+6), the rates of mutation accumulation decreased later in the LTEE. These

decelerations correspond to reversions or compensatory alleles that arose in those populations



and caused their mutation rates to decline (Tenaillon et al. 2016; Good et al. 2017). Some of these

populations also suggest a slower rate of mutation accumulation in aerobic- than in anaerobic-

specific genes, in particular near the end of the time course. Indeed, two mutator populations,

Ara+3 and Ara+6, accumulated significantly fewer nonsynonymous mutations in aerobic genes

than expected under the null distribution (non-parametric bootstrap with 10,000 replicates, p <

0.0001 for each). The slower mutation accumulation in aerobic-specific genes suggests purifying

selection, as expected because the mutator phenotype increases the rate of deleterious

mutations. It might also reflect, in part, saturation of possible beneficial mutations in aerobic-

specific genes, in accord with a “coupon-collecting” model of molecular evolution (Good et al.

2017). Population Ara-4 is an outlier, however, in that its rate of mutation accumulation in

aerobic-specific genes slightly exceeded the rate observed in anaerobic-specific genes for most

of its history, despite its mutator phenotype (fig. 2).

To look more deeply into the role of purifying selection, we examined the accumulation

of insertions and deletions (indels), structural variants (including those generated by

transposable elements), and nonsense mutations in protein-coding genes in all 12 populations.

These types of mutations typically destroy protein function. Although such knockout mutations

are sometimes beneficial in evolution experiments (e.g., Cooper et al. 2001b), they would be



highly deleterious in conserved genes under purifying selection as well as in genes under positive

selection that fine-tune protein function (Maddamsetti et al. 2017). If aerobic-specific genes

faced strong purifying selection in the mutator populations, we reasoned that indels, structural

variants, and nonsense mutations would be underrepresented in them (fig. 3). Indeed, that was

the case in four of the six hypermutator populations (nonparametric bootstrap with 10,000

replicates: p = 0.0003 for Ara-3; p = 0.0014 for Ara-4; p < 0.0001 for Ara+3; p = 0.0003 for Ara+6).

On balance, these observations indicate stronger purifying selection on aerobic- than on

anaerobic-specific genes in the LTEE, especially in the populations that evolved hypermutable

phenotypes. This finding is consistent with the later evolution of anti-mutator alleles that

reduced or reverted mutation rates to the ancestral level in most of the populations that evolved

hypermutability (Wielgoss et al. 2013, Maddamsetti and Grant 2020). The fact that mutations

accumulated more slowly in anaerobic-specific genes than expected under the null distribution

in two mutator populations (nonparametric bootstrap with 10,000 replicates: p < 0.0001 for

Ara+3; p = 0.0035 for Ara+6) suggests that some anaerobic-specific genes might also have

experienced purifying selection, indicating functionality even during aerobic growth.

For synonymous mutations, which are effectively neutral in the vast majority of cases, we

expect to see many more of them in the mutator populations, and indeed that is the case. We



also do not expect to see any systematic association with aerobic- or anaerobic-specific genes.

That expectation is also fulfilled: three of the six mutator populations had more synonymous

mutations in aerobic- than in anaerobic-specific genes, and the other three show the opposite

trend (supplemental PDF, fig. S2). It is a bit puzzling that the difference between the two gene

sets is so noticeable in some cases in one direction or the other. These differences might reflect

hitchhiking, whereby several synonymous mutations affecting one or the other gene set, all on

the same background, were pushed to high frequency (or pulled to extinction) in a particular

population (Maddamsetti et al. 2015). In any case, there is no overall pattern across the six

mutator populations for synonymous mutations (supplemental PDF, fig. S2).

Mutations in Genes that Regulate Metabolic Plasticity in Response to Oxygen

After establishing the genome-wide signatures of selection on aerobic- and anaerobic-specific

genes, we now turn our attention to three particular genes known to regulate metabolic plasticity

in response to oxygen availability: fnr, arcA, and arcB (fig. 1). Only two LTEE populations, both

mutators (Ara+3, Ara+6), have nonsynonymous mutations in the fnr gene; in both populations,

the mutations arose well after the populations had evolved hypermutability. These are also the



only two mutator populations that show evidence of purifying selection on indels, nonsense, and

structural mutations in anaerobic-specific genes (fig. 3). By contrast, 11 of the 12 populations

have nonsynonymous mutations in arcA, arcB, or both (fig. 4A). The other population (Ara-6) has

a 9-bp deletion in arcA. In another population, Ara-2, two lineages designated S and L have

coexisted since about generation 6,000 (Rozen et al. 2005), and only the S lineage has a mutation

in arcA. Many of the mutations in arcA and arcB were already present in the clones sequenced

at 10,000 generations (fig. 4A), and arcA was previously identified as showing a signature of

strong positive selection in the LTEE (Tenaillon et al. 2016). We mapped the arcA and arcB

mutations in the 50,000-generation clones onto the encoded protein structures. Mutations in

arcA impact both the response regulator and DNA binding domains of the protein (fig. 4B), and

mutations in arcB map to several protein domains including the histidine kinase and histidine

kinase receptor (fig. 4C). There are several ways that these mutations might affect metabolic

plasticity in the evolved bacteria. Mutations in either gene could affect the stability of the

proteins or their activities, thereby (i) altering the capacity of ArcB to sense redox changes

through the quinone pool; (ii) altering the rate or efficiency of phosphoryl transfer between the

ArcB protein domains; (iii) decreasing the extent of ArcA phosphorylation; (iv) increasing the rate

of ArcA dephosphorylation; (v) decreasing the extent of ArcA phosphorylation-dependent



oligomerization; or (vi) altering the DNA binding efficiency of ArcA. In any case, these mutations

may impact ArcAB signaling and might thus affect the ability of the evolved strains to grow in an

anoxic environment.

Fitness of Evolved Bacteria Under Oxic and Anoxic Conditions

Half of the LTEE populations were founded by E. coli B strain REL606 and half by REL607, an araA

mutant of REL606. This mutation is selectively neutral in the LTEE environment (Lenski et al. 1991;

Wiser et al. 2013), and it provides a readily scored marker for distinguishing competitors in assays

of relative fitness. However, it was unknown whether the araA mutation is also neutral under

anoxic conditions. To that end, we competed REL606 and REL607 in oxic and anoxic

environments, with other conditions the same as those used in the LTEE. We saw no significant

differences in relative fitness in either the oxic (t = 0.6972, d.f. = 4, two-tailed p = 0.5241) or

anoxic (t = 1.1433, d.f. = 4, two-tailed p = 0.3167) environment. Thus, the araA mutation can

serve as a useful marker for assaying the relative fitness of evolved and ancestral clones in both

the anoxic and oxic environments.



We expected that the evolved bacteria would be better adapted to the oxic environment,

where they evolved, than to the anoxic environment. To test this hypothesis, we competed

clones sampled at 2,000, 10,000, and 50,000 generations against the reciprocally marked

ancestral strains. As explained in the Materials and Methods section, we excluded one population

(Ara+6) at all three time points, and two others (Ara-2, Ara-3) at the last time point, because of

technical difficulties associated with enumerating these competitors. We calculated fitness as

the ratio of the realized growth rate of the evolved clone relative to that of the ancestor during

a competition. This metric integrates the effects of differences in lag, growth, and stationary

phases (Lenski et al. 1991; Vasi et al. 1994). Figure 5 shows the results obtained for each evolved

clone, with standard errors based on replicate competition assays for that clone. Note that all

points lie below the isocline corresponding to equal fitness in the anoxic and oxic environments,

consistent with our hypothesis. As an overall assessment, we performed paired comparisons of

fitness in the two environments at each time point, and in all cases the difference was highly

significant (paired t-tests; generation 2,000: t = 8.7849, df = 10, one-tailed p < 0.0001; generation

10,000: t = 8.7986, df = 10, one-tailed p < 0.0001; generation 50,000: t = 5.9556, df = 8, one-tailed

p = 0.0002). Indeed, all 31 clones tested had higher estimated fitness values in the oxic

environment than in the anoxic one (sign test, p << 0.0001). Figure 6 shows the grand mean



fitness values in the two environments over time, with confidence limits based on the replicate

populations.

The fitness of the LTEE populations has increased monotonically in the oxic environment

throughout the experiment (Lenski et al. 2015), and our data recapitulate this behavior (fig. 6,

supplemental PDF, fig. S3). Although we expected, and confirmed (figs. 5, 6), that fitness relative

to the ancestor would be higher in the oxic environment than in the anoxic environment, we did

not have a clear expectation for the trajectory of fitness relative to the ancestor in the novel

anoxic environment. On the one hand, the anoxic environment shares most aspects of the oxic

environment including the limiting resource (glucose), temperature (37°C), and absence of any

predators. On the other hand, some aspects of performance might tradeoff between the two

conditions. Also, as we saw at the genomic level (figs. 2, 3), anaerobic-specific genes could decay

by mutation accumulation, especially in the mutator populations. Given these opposing

expectations, one might expect anaerobic fitness to follow a quasi-random walk (Freckleton and

Harvey 2006). The fitness trajectories measured in the anoxic environment show some apparent

changes in direction, but the differences between consecutive time points are generally within

the margin of error (supplemental PDF, fig. S3). In fact, none of the 31 comparisons between

sequential points are significant at p < 0.05 after performing a Bonferroni correction. In any case,



fitness tended to increase even in the anoxic environment in most populations (supplemental

PDF, fig. S3). Across all of the clones tested, 23 of 31 had point estimates of their fitness relative

to the ancestor in the anoxic environment greater than unity (two-tailed sign test, p = 0.0107).

However, the grand mean fitness of the evolved bacteria in that environment was significantly

greater than unity only at the 10,000-generation time point (fig. 6).

Heterogeneity of Responses Among Replicate Populations

Each population acquired a unique set of mutations over the course of the LTEE. However,

adaptation to the common environment contributed to strong parallelism at the level of genes,

especially in the non-mutator populations (Woods et al. 2006; Tenaillon et al. 2016; Good et al.

2017). For example, just 57 genes that make up only ~2% of the coding genome had ~50% of the

nonsynonymous mutations that accumulated in the non-mutator populations through 50,000

generations (Tenaillon et al. 2016). The trajectories for fitness also showed strong parallelism

(Lenski and Travisano 1994; Wiser et al. 2013; Lenski et al. 2015). For example, the square root

of the among-population variance for fitness was only ~5% after 50,000 generations (Lenski et al.

2015), when the grand mean fitness itself had increased by ~70% (Wiser et al. 2013). By contrast,



with relaxed selection on anaerobic-specific genes, the accumulation of different sets of

mutations should contribute to the populations having greater heterogeneity in fitness when

assayed in the anoxic environment than in the oxic environment. We first examined these

predictions by performing six one-way ANOVAs (two environments and three time points) to test

whether the among-lineage variation was significant (table 1). At 2,000 generations, we saw

significant fitness heterogeneity in the anoxic environment, consistent with our expectation. At

10,000 generations, by contrast, there was no significant heterogeneity in either environment.

Finally, we saw significant fitness variation in both test environments after 50,000 generations.

Of course, statistical significance, or the lack thereof, is a crude criterion by which to

compare the among-lineage heterogeneity in fitness between the two environments. One can

visualize the magnitude of the heterogeneity by estimating the variance attributable to lineages

that is greater than expected from the measurement error across replicate assays. However, the

statistical uncertainty in estimating variance components is often quite large, and indeed that

was the case in our analyses, which showed no significant difference in fitness heterogeneity

between the oxic and anoxic environments at any of the generations tested (supplemental PDF,

fig. S4). We also considered the possibility that these analyses were unduly influenced by the

subset of populations that evolved hypermutability, which might obscure differences in the



among-lineage variation between the two environments. To that end, we repeated the ANOVAs

(supplemental PDF, table S2) and the estimation of variance components using only those

lineages that did not evolve hypermutability. However, the results of these analyses were not

appreciably different (supplemental PDF, fig. S5). In short, contrary to our expectation, we found

no compelling evidence of greater among-lineage heterogeneity when fitness was measured in

the anoxic than in the oxic environment.

Discussion

If a trait or function is no longer useful to an organism because of a change in its environment,

then it may be lost over time. It is unclear, however, what factors determine whether and how

quickly traits under relaxed selection will be lost. In this study, we investigated the consequences

of relaxed selection for metabolic plasticity by examining the maintenance of anaerobic

metabolism—an ancient and core function—using E. coli strains that have been evolving in the

laboratory under strictly oxic conditions for more than 70,000 generations. On the one hand, one

can readily imagine that anaerobic metabolism would decay because it has been unused during

that time. On the other hand, one can imagine that anaerobic metabolism would be maintained



even under relaxed selection owing to the ancient, tightly intertwined physiological and genetic

networks that govern aerobic and anaerobic metabolism.

Two mechanisms have been proposed to explain trait loss under relaxed selection (Fong

et al. 1995; Cooper and Lenski 2000): antagonistic pleiotropy (AP), and mutation accumulation

(MA). AP is a selection-driven process whereby improvements to traits that are beneficial in one

environment trade off with traits that are useful in other conditions (Williams 1957). An example

of AP seen in the LTEE is the loss of the ability to grow on maltose, which has occurred in most

populations by mutations in a gene that encodes a transcriptional activator of other genes that

encode proteins used to transport and metabolize that sugar (Pelosi et al. 2006; Leiby and Marx

2014). In the absence of maltose, the loss of expression of those genes confers a demonstrable

competitive advantage, indicative of AP. A familiar example in the realm of multicellular

eukaryotes is senescence, whereby traits that increase reproductive potential early in life reduce

survival late in life (Rodriguez et al. 2017). By contrast, MA occurs by a neutral process. In this

scenario, traits under relaxed selection accumulate degradative mutations that are neutral in an

organism’s current environment, but which reduce the organism’s fitness in environments where

those traits are useful. AP and MA are not mutually exclusive, so both can act together to degrade

unused functions. In those LTEE populations that evolved greatly elevated mutation rates, one



would expect MA to cause much greater decay of unused genes (Cooper and Lenski 2000; Couce

et al. 2017). The hypermutable lineages have also increased their fitness in the LTEE environment

more than the populations that retained the low ancestral mutation rate, although the difference

is small (Wiser et al. 2013; Lenski et al. 2015). Whether the LTEE populations would, on balance,

lose fitness under anoxic conditions, and whether those lineages that evolved hypermutability

would lose fitness to a greater extent, depends on the form and strength of the regulatory and

physiological couplings between aerobic and anaerobic metabolism.

We examined genomic and metagenomic sequence data to detect possible signatures of

different modes of selection acting on aerobic- and anaerobic-specific genes. Six of the 12 LTEE

populations retained the low ancestral point-mutation rate throughout their history (Tenaillon

et al. 2016; Good et al. 2017). All six accumulated many more nonsynonymous mutations in

aerobic-specific genes than in anaerobic-specific genes (fig. 2). Moreover, these mutations were

concentrated in a subset of genes, with that genetic parallelism indicative of adaptive evolution

(Tenaillon et al. 2016; Good et al. 2017). In a number of cases, the inferred benefit of parallel

changes was confirmed by measuring the relative fitness of otherwise isogenic strains (Barrick et

al. 2009). By contrast, the six populations that evolved hypermutability (Sniegowski et al. 1997;

Wielgoss et al. 2013; Tenaillon et al. 2016) accumulated more nonsynonymous mutations in



anaerobic- than in aerobic-specific genes (fig. 2). Consistent with purifying selection against

mutations in aerobic-specific genes, presumptive knockout mutations (insertions, deletions,

nonsense mutations, and structural variants) were underrepresented in those genes in most of

the hypermutable populations (fig. 3). More generally, our results agree with several studies that

have found a higher frequency of mutations in genes underlying traits under relaxed selection

(Shabalina et al. 1997; Cooper and Lenski 2000; Funchain et al. 2000; Maughan et al. 2007;

Shewaramani et al. 2017; Cui et al. 2019; Harrison et al. 2019). For example, Maughan et al.

(2007) propagated Bacillus subtilis vegetatively (i.e., without sporulation) for 6,000 generations.

They found that the evolved strains’ inability to generate spores was driven largely by the

accumulation of mutations in genes required for sporulation, but not for vegetative growth.

We also identified mutations in arcA and arcB in almost all of the evolved lines (fig. 4).

These genes encode the two-component system responsible for regulating the switch between

aerobic and anaerobic metabolism (fig. 1). Previous work found that arcA is among the top 15

genes in the LTEE in terms of nonsynonymous substitutions among non-hypermutable lineages,

and this parallelism implies positive selection (Tenaillon et al. 2016). Moreover, arcB mutations

have been implicated in improving growth on acetate—a waste product of glucose metabolism—

in some LTEE populations (Plucain et al. 2014; Quandt et al. 2015; Leon et al. 2018).



Given the high rate of mutation accumulation in anaerobic-specific genes in the mutator

populations (fig. 2), along with numerous mutations in arcAB in both mutator and non-mutator

populations (fig. 4), one might reasonably expect that anaerobic metabolism would be degraded,

or perhaps even completely lost, in the LTEE populations. However, that was not the case. Our

results indicate a more nuanced outcome. On average, the grand mean fitness measured under

anoxic conditions tended to increase over the first 10,000 generations of the LTEE, although to a

much lesser extent than fitness measured under oxic conditions (fig. 6). Between 10,000 and

50,000 generations, the grand mean fitness measured in the anoxic environment showed no

clear trend, even as fitness under the oxic conditions of the LTEE continued to increase, albeit at

a slower rate (fig. 6). One might also expect to see greater variation in fitness among the replicate

lines when measured in the novel anoxic environment than in the oxic environment where

selection was in force during the LTEE. Substantially increased among-population variation in

fitness has been reported, for example, when growth substrates (Travisano and Lenski 1996) and

temperature were changed (Cooper et al. 2001a). However, we found no meaningful differences

in the among-population variance in fitness at any of the time points tested (supplemental PDF,

figs. S4, S5). We also saw no consistent difference in fitness in the anoxic environment between

the hypermutable and non-mutator populations (supplemental PDF, fig. S6), despite the



compelling evidence for relaxed selection on anaerobic-specific genes in the hypermutable

populations (fig. 2). These results broadly suggest that anaerobic metabolism, taken as a whole,

did not decay appreciably under relaxed selection, perhaps owing to conserved underlying

correlations with traits that contribute to aerobic performance and that experienced a mixture

of positive and purifying selection during the LTEE.

Similar correlated responses have been measured for other phenotypic traits in the LTEE

populations. For example, the fitness gains made on glucose during the first 2,000 generations

led to correlated improvements on lactose (Travisano and Lenski 1996). Leiby and Marx (2014)

measured the growth of clones isolated at generations 20,000 and 50,000 on a large array of

substrates. They found correlated improvements on some substrates that the populations had

not seen for decades, including a few that the ancestors could not even use. Cooper (2002)

competed evolved and ancestral strains in four different media, including two with altered

glucose concentrations (DM2.5 and DM250), the base medium (DM25) with added bile salts, and

a dilute version of the nutritionally complex LB medium. The relative fitness of the evolved lines

had, on average, increased in all of these foreign environments. In another study, Meyer et al.

(2010) showed that most late-generation LTEE lines had evolved resistance to phage lambda,

despite never being exposed to lambda or any other phage during the experiment. They further



showed that this positive correlated response was itself associated with a negative correlated

response, namely the loss of the capacity to grow on maltose. Lambda uses a maltose transporter

to infect cells, and reduced expression of that protein promotes fitness on glucose, compromises

growth on maltose, and confers resistance to lambda (Meyer et al. 2010).

What might contribute to the maintenance and even slight improvement of anaerobic

performance, despite relaxed selection? The evolved populations showed modest improvement,

on average, in the anoxic environment at 10,000 generations (fig. 6). One possibility is that some

traits and pathways, such as faster glucose transport and glycolysis, are beneficial in both oxic

and anoxic environments. As a consequence, some of the mutated genes that evolved in parallel

early in the LTEE might be beneficial in the anoxic environment as well. Only 4 of the 15 genes

(pykF, hslU, infB, and rplF) with the strongest signatures of parallel evolution (Tenaillon et al.

2016) are in the aerobic-specific gene set, and even some of them might sometimes contribute

to anaerobic metabolism. This overlap may explain the correlated improvement in anaerobic

fitness early in the LTEE. However, it is unclear whether it is sufficient to explain the maintenance

of anaerobic growth capacity after 50,000 generations of relaxed selection, especially in those

lines that were hypermutable for much of that time, because knocking out even a single function

that is truly required for anaerobic growth should disrupt that metabolic plasticity. In any case,



future work might examine the fitness effects of specific mutations that arose in the LTEE,

including those that fixed early in the LTEE, on anaerobic fitness to determine if they do, in fact,

provide correlated advantages.

Another possible explanation for the maintenance of anaerobic performance hinges on a

connection between biochemistry and metabolism. The formulation of the DM25 medium does

not provide an alternative terminal electron acceptor that would permit anaerobic respiration.

Thus, the bacteria are presumably fermenting glucose in the anoxic environment. Even in the

oxic environment of the LTEE, however, the cells might be fermenting rather than respiring

glucose, using a process called overflow metabolism (Basan et al. 2015; Swain and Fagan 2019).

The use of overflow metabolism would favor the maintenance and even improvement of genes

involved in fermentative metabolism. Acetate is a major byproduct of fermentative metabolism,

and the fact that several LTEE populations evolved frequency-dependent interactions mediated

by cross-feeding on acetate (Elena and Lenski 1997; Rozen et al. 2005; GroRkopf et al. 2016; Leon

et al. 2018) provides support for this hypothesis. A prediction of this hypothesis is that the

bacteria in the LTEE are not respiring, and therefore not using dissolved oxygen, at least during

some phase of their population growth. Future studies can test this prediction, and they could

also use alternative terminal electron acceptors to measure the respiratory capacity of the



evolved lines under anoxic conditions to determine whether their anaerobic growth has become

restricted to fermentative metabolism.

Athird explanation for the maintenance and even slight improvement in anaerobic fitness

of the LTEE populations involves the ArcAB system (fig. 1). These two proteins work in concert to

regulate the expression of genes relevant to both aerobic and anaerobic growth (luchi and Lin

1988; Gunsalus and Park 1994; Unden and Bongaerts 1997). In particular, ArcA and ArcB together

repress the genes that encode TCA-cycle enzymes under anoxic conditions. In their seminal paper

describing this system, luchi and Lin (1988) isolated arcA mutants that produce abnormally high

levels of enzymes that are normally repressed under anoxic conditions. These mutants were

pleiotropic, so that several aerobic-specific enzymes had increased expression under anoxic

conditions including those involved in the TCA cycle and in fatty acid degradation as well as some

flavoprotein dehydrogenases and a ubiquinone oxidase. Saxer et al. (2014) also reported

extensive metabolic changes caused by arcA mutations in short-term evolution experiments with

both E. coli and Citrobacter freundii. They performed proteomic analyses that recapitulated the

changes in gene expression reported by luchi and Lin (1988), and they also saw increased

expression of genes involved in amino-acid metabolism. Saxer et al. (2014) concluded that

mutations in global regulators like the ArcAB system could, in one step, expand the niche of an



organism by substantially remodeling its cellular metabolism. A similar effect might explain the

sustained and even improved performance of the LTEE populations in the anoxic environment.

For example, several mutations are present in the DNA-binding domain of the ArcA protein and

the histidine-kinase domain of ArcB. Although not proven, these mutations may disrupt signal

transduction and thereby narrow or otherwise affect the suite of genes under the control of the

arcAB regulon.

All of these potential physiological and genetic explanations for the unexpectedly strong

performance of the evolved LTEE bacteria when tested under anoxic conditions might fit under

a common theme, which has been called “buttressing pleiotropy” (Lahti et al. 2009; Ardell and

Kryazhimskiy 2020). In contrast to the tradeoffs (negative correlations) generated by antagonistic

pleiotropy, the idea of buttressing pleiotropy is that “the function of the correlated trait is

buttressing or maintaining values of the focal trait” (Lahti et al. 2009). The relevance of

buttressing pleiotropy to our results would be strengthened if the genetic architecture underlying

aerobic and anaerobic metabolism had many connections. To that end, we used empirical and

computationally derived information on protein-protein interactions to infer and visualize the

topology of the aerobic- and anaerobic-specific gene sets in our study (Shannon et al. 2003;

Szklarczyk et al. 2017). One immediately sees many connections that imply these two gene sets



are far from independent (fig. 7). We lack a formal way to quantify that connectivity or assess it

relative to an appropriate null model. Nevertheless, the numerous connections between aerobic-

and anaerobic-specific genes support the possibility that selection for improved aerobic growth

could buttress anaerobic performance.

Our study also has implications for understanding the continuum between generalist and

specialist lifestyles (Futuyma and Moreno 1988). Oxygen was always present in the LTEE

environment. Thus, one might reasonably have predicted that aerobic specialists would evolve,

especially in light of the many mutations that accumulated in anaerobic-specific genes. However,

our results show a clear tendency for the bacteria to retain a generalist lifestyle along this axis of

their ecological niche. One plausible explanation for this generalism is leaky expression of

anaerobic-specific genes in the presence of oxygen, and vice versa, which might buttress fitness

across the two environments. Future work might examine the transcription profile of the LTEE

ancestor in both the oxic and anoxic environments to determine whether gene expression is, in

fact, leaky, with further experiments to assess how transcription evolved in these two contexts

and the role of particular mutations, such as those in the arcAB regulon.

In any case, we know that some global regulatory networks have changed during the LTEE

(Cooper et al. 2003, 2008; Philippe et al. 2007; Crozat et al. 2011).These regulatory changes are



likely to affect the bacteria’s performance in new environments, as well as their ability to respond

to environmental changes. Another area for future work would examine the speed with which

the ancestral and evolved lines can respond to changes from oxic to anoxic conditions, and vice

versa. Yet another interesting direction might use a combination of genetic engineering and

experimental evolution in order to generate obligate aerobic and obligate anaerobic strains,

which could then be studied to better understand the constraints on each type of metabolism.

A related idea, also relevant to our system, is robustness. E. coli is often described as a

facultative anaerobe because it can grow not only in the well-oxygenated conditions widely used

in most laboratories, but also when deprived of oxygen in special growth chambers. However, E.

coli might be better described as a facultative aerobe, because its natural home is the anoxic

mammalian colon. To be sure, many E. coli cells periodically exit their hosts, and the ability to

survive in the presence of oxygen is essential for colonizing new hosts. However, we would

suggest that most of the 100-million year or so history of this species has been spent living under

anerobic conditions—even if there are as many E. coli cells outside as inside mammalian hosts at

any given time, those that are outside are much more likely to be evolutionary dead-ends. If so,

then evolution might have favored a more robust anaerobic metabolism, one that could not

easily be disrupted by short-sighted selection for improved fitness in the oxic environment. A test



of this anaerobic-robustness hypothesis would be to perform an experiment identical to the LTEE,

except in a strictly anoxic environment. If populations that evolved for 50,000 generations in the

absence of oxygen lost the ability to grow in its presence, then that would indicate that aerobic

metabolism is less robust than anaerobic metabolism.

Our study sought to understand the roles of mutation accumulation, antagonistic

pleiotropy, and buttressing pleiotropy in the evolution of anaerobic metabolism during the LTEE.

Our genomic analyses clearly show an important role for mutation accumulation, especially in

lineages that evolved hypermutability. By contrast, our fitness assays show little evidence of an

overall decline in performance, contrary to what one would expect from either mutation

accumulation or antagonistic pleiotropy. That apparent contradiction suggests to us that

buttressing pleiotropy played an important role in sustaining anaerobic metabolism over the

course of the LTEE. It would be more satisfying, perhaps, if we could precisely quantify the

contributions of mutation accumulation, antagonistic pleiotropy, and buttressing pleiotropy, but

we are unable to do so. Nonetheless, the genomic and fitness analyses, taken together, illuminate

the interplay of these processes and show that different traits can yield different insights.

All in all, our results show that anaerobic metabolism was surprisingly robust during

50,000 generations of adaptation to a strictly oxic environment. The capacity for anaerobic



growth persisted even in those lineages that evolved hypermutability, despite genetic signatures

that showed increased mutation accumulation in anaerobic-specific genes in those lines. Thus,

relaxed selection on a functional trait does not always result in its loss. We suggest that one must

know how the genes and proteins responsible for traits that experience relaxed selection interact

with the rest of an organism’s genome and physiology, in order to understand the potential for

loss, maintenance, or even correlated improvement of such traits. More generally, investigating

the role of genetic architecture in the evolutionary process might help us better predict how

organisms will respond to novel selection pressures and environmental perturbations, including

climate change. Such understanding may also suggest new ways of promoting or constraining the

evolutionary trajectories of organisms and their traits, which could be used for synthetic biology,

on the one hand, and to limit the evolution of pathogens, on the other hand.
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Table 1: ANOVAs of relative fitness for clones sampled from the LTEE populations at three

timepoints and measured in either the oxic or anoxic environment

Oxic Anoxic
Generation Source df F p df F P
Lineage 10 1.0441 0.4246 10 3.6004 0.0016
2,000
Error 43 42
Lineage 10 1.1091 0.3770 7 0.9220 0.5225
10,000
Error 44 31
Lineage 8 3.9393 0.0022 5 2.7139 0.0194
50,000
Error 34 24

Note: Eleven lineages were examined at 2,000 and 10,000 generations, but only 9 lineages at
50,000 generations. The fitness assays were replicated 5-fold for each clone, but technical errors

resulted in a few missing values.

Figure 1: Schematic representation of ArcAB-dependent gene regulation. In an anoxic
environment, the transmembrane sensor kinase ArcB undergoes autophosphorylation. This
reaction is enhanced by fermentation metabolites such as p-lactate, pyruvate and acetate that
act as effectors. Three conserved residues (His2g2, Aspszs, His717) in ArcB sequentially transfer the
phosphoryl group onto ArcA, the response regulator, at a conserved Aspss residue.
Phosphorylated ArcA (ArcA-P), in turn, represses the transcription of many operons involved in
respiratory metabolism, while activating those encoding proteins involved in fermentative
metabolism. In an oxic environment, ArcB autophosphorylation ceases and ArcA is
dephosphorylated by reversing the phosphorelay, leading to the release of inorganic phosphate

into the cytoplasm. Figure adapted from Kwon et al. (2003).



Figure 2: Cumulative numbers of mutations in aerobic- and anaerobic-specific genes in the LTEE
whole-population samples. Each panel shows the number of nonsynonymous mutations in
aerobic- (black) and anaerobic-specific (red) genes in the indicated population through 60,000
generations. For comparison, random sets of genes of equal cardinality to the aerobic- (227) or
anaerobic-specific (345) gene sets were sampled 1,000 times, and the cumulative number of
nonsynonymous mutations was calculated to generate a null distribution of the expected number
of mutations for each population. The gray and pink points show 95% of these null distributions

(excluding 2.5% in each tail) for aerobic and anaerobic comparisons, respectively.

Figure 3: Cumulative numbers of indel, nonsense, and structural mutations in protein-coding
genes in the LTEE whole-population samples. The black and red points are mutations in aerobic-
and anaerobic-specific genes, respectively. The gray and pink points show the corresponding null

distributions based on randomized gene sets. See Figure 2 for additional details.

Figure 4: Mutations in arcA and arcB in clones from the LTEE. (A) Shading indicates that the clone
has a mutation in arcA or arcB, which encode proteins ArcA and ArcB, respectively. Clones from
two coexisting lineages, labeled S and L, are shown for population Ara—2. Sequence data are from
Tenaillon et al. (2016), with one exception: Plucain et al. (2014) show that the arcA mutation had
already fixed in the Ara—2 S lineage by 10,000 generations. Mutations present in the 50,000-
generation clones are mapped onto the functional domains of the (B) ArcA and (C) ArcB proteins.
The red arrow marks a deletion of 3 amino acids; all other mutations are point mutations

resulting in amino-acid substitutions.

Figure 5: Evolved clones are better adapted to the aerobic environment in which they evolved
than to the novel, but otherwise identical, anoxic environment. Each point is the mean fitness for
an evolved clone sampled from the indicated population at three different generations,
measured relative to the LTEE ancestor with the opposite marker state. Orange and teal points

indicate that the corresponding population had or had not evolved hypermutability, respectively.



Error bars show the standard errors based on replicated fitness assays in each environment for

each clone.

Figure 6: Relative fitness trajectories during 50,000 generations of evolution in an oxic
environment. Each point is the grand mean fitness of evolved clones sampled at 2,000, 10,000,
and 50,000 generations relative to the LTEE ancestors. Black and red symbols correspond to
fitnesses measured in the oxic and anoxic environments, respectively. Error bars show the 95%
confidence intervals based on 11, 11, and 9 assayed populations at 2,000, 10,000, and 50,000

generations, respectively.

Figure 7: Network topology of aerobic- and anaerobic-specific genes. We used Cytoscape
(Shannon et al. 2003) to visualize protein-protein interactions between aerobic- (black) and
anerobic-specific (red) genes predicted by STRING (Szklarczyk et al. 2017). Each edge reflects a
confidence score of at least 0.7 (i.e., high) that an interaction exists, obtained using a maximum
likelihood approach and seven lines of evidence. In the supplemental PDF, fig. S7 shows

additional genes that are not integrated within the main network shown here.
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